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4 Abstract 

5 Solar-powered edge nodes monitor mini-grids, farms and water systems across Africa, oŌen where 6 grid 
power is absent. Their deadlines are only as reliable as their energy supply, and sunshine varies 7 with the night, the 
weather, the season and the year. We consider uniprocessor EDF nodes whose tasks 
8 are split into HI-criƟcality tasks, which must always meet their deadlines, and LO-criƟcality tasks, 
9 whose jobs may be rejected at release. We propose a reserve-based admission policy that admits a 

LO 10 job only if the stored energy not yet commiƩed to other LO jobs stays above a reserve. We prove that 
11 HI jobs, and all admiƩed LO jobs, then meet their deadlines whenever the reserve covers the worst 12

 harvest deĮcit. The result extends to seasonal reserves and to any energy manager Įltered through 
the 13 same test. The reserve of a harvest record is the maximum drawdown of a net-energy process and is 
14 computed exactly in linear Ɵme. Using 25 years (2001–2025) of NASA POWER data for six African 15

 sites, we Įnd that the reserve for the same node diīers by a factor of 3.6 across climates, and that 16

 reserves calibrated on one year of data are exceeded in 48% of later years. With a 1Wh store and 17

 reserves calibrated out of sample, the seasonal policy missed no HI deadline in 25 years at Įve sites. 18

 The baselines either missed HI jobs, on up to 2894 of 9131 days, or served 10–12 percentage points 19

 fewer LO jobs. Seasonal reserves doubled the LO work served at the most seasonal site. 

20 Keywords: energy harvesƟng; real-Ɵme scheduling; mixed criƟcality; energy reserve; solar 
variability; 21 extreme-value staƟsƟcs; Africa 

22 1 IntroducƟon 

23 In 2023 about 666 million people sƟll lived without electricity, and roughly 85% of them were in sub- 
24 Saharan Africa [16]. Much of the new supply on the conƟnent is decentralized: solar home systems, 
25 solar-powered water pumping, and village mini-grids. The equipment that monitors and protects these 

26 systems, meters their feeders, and reports faults is increasingly a small embedded edge node that is 
itself 27 solar powered, because it sits exactly where grid power is absent or unreliable. Such nodes run 
a mix 

28 of acƟviƟes with very diīerent Ɵming and importance. A fault check that must run every few seconds, 
29 a local alarm link, and interval telemetry to the operator are criƟcal: missing them can leave a fault 30 

undetected or a mini-grid unbilled. Waveform analyƟcs, on-device learning and bulk uploads are useful 
31 but can be postponed or skipped. 

32 For these nodes, energy, not processor Ɵme, is the binding constraint. A few percent of processor 

33 uƟlizaƟon is typical, but the harvested energy varies on at least four Ɵme scales: the day–night cycle 
34 (fully predictable), weather over hours to days, the seasons, and the year-to-year variability of the 
seasons 35 themselves. Across Africa the seasonal and interannual structure diīers sharply between 
climate zones. 

36 The West African monsoon brings weeks of thick cloud to the Guinea coast; the Sahel alternates between 
a 37 dusty dry season and a short rainy season; equatorial highlands have two rainy seasons; the 
Mediterranean 38 south-west of the conƟnent has short, cloudy winter days. A node sized with a 
comfortable margin for 39 the average day can sƟll run out of energy in a bad week, and when it does, a 
naive scheduler loses the 40 criƟcal and the opƟonal work alike. 
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41 The real-Ɵme community has developed a substanƟal theory of scheduling under energy-harvesƟng 

42 constraints. Lazy scheduling and its analysis with energy variability characterizaƟon curves [24], 
energy- 

43 aware DVFS [22], the opƟmal ED-H scheduler [7], Įxed-priority analyses [1, 2], and weakly-hard and 

44 (m,k)-Įrm designs for energy-variable systems [28, 29] all take a model of the future harvest as 
given, 

45 typically as a lower curve on the energy harvested in any window. Energy-management work on 
sensor 46 networks, in turn, adapts duty cycles to forecasts to reach energy neutrality [4, 18, 27]. 
Two pracƟcal 47 quesƟons sit between these bodies of work, and they are the subject of this paper: 

48 1. Which work should be sacriĮced, and how can the rest be guaranteed? When energy is 49 insuĸcient, 
dropping jobs is unavoidable. We want the node to shed only degradable work, and to 50 be able to prove 
that criƟcal deadlines hold. 

51 2. Where does the harvest model come from, and how much data does it need? A guarantee is 52

 only as good as its lower harvest curve. In pracƟce curves are esƟmated from a pilot deployment or 53 a 
“typical year”. The deĮcits that maƩer are rare mulƟ-day events whose depth varies from year to 54

 year, so a curve esƟmated from a short record can be dangerously opƟmisƟc. 

55 Approach. We consider a uniprocessor node scheduled by EDF whose tasks are split into HI-criƟcality 

56 tasks, whose jobs must always meet their deadlines, and LO-criƟcality tasks, whose jobs may be 
rejected 57 at release when energy is scarce. We propose RES, a reserve-based admission policy: a LO job 
is admiƩed 58 only if, aŌer admiƫng it, the stored energy that is not yet commiƩed to other LO jobs 
stays above a 59 reserve level R. HI jobs are never rejected. The policy is a constant-Ɵme check per job 
release and needs 60 no harvest forecast at run Ɵme; all knowledge about the climate is folded into R, 
which may vary with the 61 season. 

62 ContribuƟons. 

63 • Guarantee. We prove (Theorem 1) that under RES every HI job and every admiƩed LO job meets 

64 its deadline, and the node never browns out, whenever the reserve covers the worst deĮcit of the 
65 harvest relaƟve to the HI energy demand. The proof handles storage overŇow (harvest 
lost when 66 the store is full) through an admission cap, and extends to season-dependent 
reserves (RES-S). The 67 condiƟon is Ɵght up to a few job energies (ProposiƟon 1). 

68 • Exact, linear-Ɵme reserve from long records. We show that the reserve required by a harvest record 69 is 
the maximum drawdown of a simple net-energy process, which the sequent-peak method of 70 reservoir 
design [37] and Lindley’s recursion [20] compute in one pass. This makes it pracƟcal 71 to evaluate decades 
of minute-resoluƟon data, per season and per year, and to treat the reserve 

72 staƟsƟcally: we Įt extreme-value distribuƟons [8] to annual requirements and choose R for a target 73 

return period. 

74 • A mulƟ-decade African study. Using 25 years (2001–2025) of satellite-derived daily irradiance, 
75 temperature and rainfall from NASA POWER for six sites that span the conƟnent’s main climate 76 

zones (Table 2), we quanƟfy (i) how much the required reserve diīers between climates for the 

77 same node design, (ii) how oŌen reserves calibrated on short records fail out of sample, (iii) 
78 what seasonal reserves recover in LO quality of service, and (iv) how RES compares with greedy, 
79 threshold and energy-neutral policies. For the same node, the required reserve diīers by a factor 
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80 of 3.6 between sites, and a reserve calibrated on one year of data is exceeded in about half of 
the 81 following years. With a 1Wh store and out-of-sample calibraƟon, the seasonal policy 
misses no HI 82 deadline in 25 years at Įve of the six sites while serving 93.9–98.9% of LO jobs. At 
the sixth, Cape 83 Town, it misses on 4 days, three of them in a winter storm deeper than 
anything else in the record. 

84 • Validated tooling. A minute-step simulator, cross-checked against an exact job-level EDF 
simulator 85 with conƟnuous energy dynamics, and the full data pipeline will be released as open 
source. 
86 OrganizaƟon. SecƟon 2 reviews related work. SecƟon 3 states the system model and SecƟon 4 
the 87 analysis. SecƟon 5 explains how reserves are computed and calibrated from climate records. 
SecƟons 6 88 and 7 present the experimental setup and results, SecƟon 8 discusses implicaƟons for 
deployments in 89 Africa and the limitaƟons of the study, and SecƟon 9 concludes. 

90 2 Related work 

91 Real-Ɵme scheduling with energy harvesƟng. Moser et al. introduced lazy scheduling for 
energy- 

92 harvesƟng sensor nodes and an admission test based on energy variability characterizaƟon curves, 
which 93 bound the energy harvested in any window [24]. Liu, Qiu and Wu combined harvesƟng 
awareness with 

94 DVFS to stretch execuƟon when stored energy is short [22]. Following early frameworks for harvesƟng- 
95 aware real-Ɵme scheduling [12], CheƩo proposed ED-H, an EDF-based scheduler that decides when to 

96 idle and when to execute depending on slack Ɵme and slack energy, and proved it opƟmal for a model 
97 with a Įnite energy store [7]. For Įxed prioriƟes, Abdeddaïm et al. studied the opƟmality of PFPasap 
[1] 98 and derived response-Ɵme analyses, showing that the synchronous release is not necessarily the 
worst 

99 case and that deadline-monotonic prioriƟes are opƟmal for their model [2]. In their basic form, these 100 

works decide when to execute so that a given job set is feasible for a given harvest model; they do not 101 

choose which jobs to give up when the job set is not energy-feasible, and the harvest model is an input 102 

rather than an object of study. 
103 Several works trade quality for sustainability. Moser, Chen and Thiele manage discrete service 104 levels 
under harvesƟng [25]. Shirazi, Kargahi and Thiele schedule weakly-hard and (m,k)-Įrm tasks on 105 energy-
variable plaƞorms by switching between performance levels [28, 29]. Our LO tasks are degradable 106 in a 
similar spirit, but we give HI tasks a hard guarantee and make the harvest model, and the risk of 107 geƫng 
it wrong, a Įrst-class object of study. 

108 Energy-neutral power management. In the sensor-network literature, Kansal et al. formalized 
energy109 neutral operaƟon and adapted duty cycles to an exponenƟally weighted moving-average 
(EWMA) harvest 
110 forecast [18]. BeƩer short-term predictors followed, for example weather-condiƟoned moving aver- 
111 ages [27]. Buchli et al. targeted long-term energy neutrality for solar systems over seasonal horizons 

[4], 
112 and Geissdoerfer et al. managed energy under Ɵme-varying uƟlity [13]. See [32] for a survey. These 113 

controllers aim for good average uƟlity. They do not provide per-job deadline guarantees, and their 114 

behaviour in rare deep deĮcits depends on how quickly the forecast and the baƩery feedback react. 
We 115 use an EWMA energy-neutral controller as a baseline. 
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116 Mixed criƟcality and energy. Mixed-criƟcality scheduling originated with Vestal’s model of execuƟon117 

Ɵme assurance levels [33]; Burns and Davis survey the Įeld [5]. Energy has been brought into mixed- 
118 criƟcality analysis for baƩery-less systems with energy uncertainty [3], for response-Ɵme analysis 

119 of energy-harvesƟng systems in the adapƟve mixed-criƟcality framework [35], for mixed-criƟcality 120 

scheduling of energy-harvesƟng systems more generally [34], and for heterogeneous mulƟcores 
powered 

121 by harvesƟng [36]. In our model the uncertain resource is energy rather than execuƟon Ɵme: 
criƟcality 122 determines which jobs are protected when the harvest falls short. The policy is 
deliberately simple. Our 123 focus is on making its single parameter, the reserve, trustworthy for real 
climates. 

124 IntermiƩent compuƟng. BaƩeryless devices that compute through frequent power failures are an 125 

acƟve area [15, 23], including deadline-aware scheduling of computaƟon and harvesƟng [17]. We target 126 

nodes with a rechargeable store (a small baƩery or supercapacitor bank) that must avoid brownouts 127 

altogether, which is the norm for infrastructure monitoring. 

128 Storage sizing, queues and network calculus. Our reserve is the energy analogue of a backlog 

129 bound. The maximum of cumulaƟve demand minus cumulaƟve supply over all windows is the quanƟty 

 

Figure 1: Solar-powered node. The storage level B(t) integrates harvested power minus consumpƟon. 
HI jobs are always released; a LO job is admiƩed only if the uncommiƩed energy aŌer its admission 
stays at or above the (possibly seasonal) reserve R(t). 

Table 1: Main notaƟon. 
Symbol Meaning 

τi = (Ci,Ti,Pi,χi) WCET, period (= relaƟve deadline), board power while running, criƟcality ∈{HI,LO} 

Pb, Pl baseline board power while on; storage self-discharge and charger quiescent draw 

ei = (Pi −Pb)Ci worst-case incremental energy of a job of τi 

ph(t), H(s,t) power delivered into storage; energy delivered in [s,t) 

B(t), Bmax stored energy; storage capacity 

π(t) energy commiƩed to admiƩed, unĮnished LO jobs 

B′(t) = B(t)−π(t) uncommiƩed stored energy 

αHI(∆) upper bound on HI + baseline energy demand in any window of length ∆ 

ρ, σ slope and burst of the aĸne bound αHI(∆) ≤ρ∆+σ 
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βc(∆) lower bound on H(s,s+∆) for window starts s in class c 

R(t), Rc, Rˆ reserve at Ɵme t; reserve of class c; Rˆ = supt R(t) 

130 computed by the sequent-peak algorithm for reservoir sizing in hydrology [37], by Lindley’s recursion 
for 131 queues [20], and by the verƟcal deviaƟon between arrival and service curves in network calculus 
[9, 19]. 

132 Stand-alone photovoltaic systems are tradiƟonally sized for a target loss-of-load probability [11]. We 133 

connect this machinery to criƟcality-aware admission, prove the resulƟng deadline guarantee, and use 134 

extreme-value staƟsƟcs [8] to reason about the year-to-year variability of the requirement. 

135 African context and data. Energy access is concentrated in sub-Saharan Africa [16], and dust 
is a 136 known cause of photovoltaic losses in West Africa, with the harmaƩan season a parƟcular concern 
in 137 Nigeria [6]. We use NASA POWER data [26, 30], whose surface irradiance from 2001 onwards 
comes 138 from the CERES SYN1deg product [10]. EvaluaƟons in the scheduling literature typically 
rely on short 139 traces from a few locaƟons. We are not aware of a study of how the energy reserve 
needed for real-Ɵme 140 guarantees varies across African climate zones, or of its year-to-year staƟsƟcs. 

141 3 System model 
142 Figure 1 summarizes the model and Table 1 the notaƟon. 
143 Plaƞorm and workload. A single processor executes a set Γ = ΓHI ∪ΓLO of sporadic tasks under 144 

preempƟve EDF. Task τi has worst-case execuƟon Ɵme Ci, minimum inter-arrival Ɵme Ti equal to its 145 

relaƟve deadline, and criƟcality χi. While the node is on, the board draws a baseline power Pb (sleeping 
146 processor, always-on sensing front end, regulators). While a job of τi executes, the board draws at 
most 

147 Pi ≥ Pb, so a job consumes at most ei = (Pi −Pb)Ci above baseline. Radio transmissions performed by 148 a 
task are part of its execuƟon and power. The store addiƟonally loses Pl to self-discharge and charger 149 

quiescent current. 

150 AssumpƟon 1. U = ∑τi∈ΓCi/Ti ≤ 1. 

151 Under AssumpƟon 1, EDF meets every deadline of any subset of the jobs of Γ as long as the processor 
152 is powered [21]. Low uƟlizaƟon is typical for monitoring nodes; the reference workload in SecƟon 6 
has 153 U = 0.108. Timing therefore fails only through energy starvaƟon, and that is what the rest of the 
model 154 addresses. 

155 Energy source and store. Let ph(t) ≥ 0 be the power delivered into the store aŌer the panel, 
maximum- 

156 power-point tracking and charging losses, and H(s,t) = Rs
t ph. The store holds B(t) ∈ [0,Bmax]. With 

157 pc(t) the node’s consumpƟon, B˙ = ph − pc while 0 < B < Bmax. When B = Bmax, surplus harvest is lost. 
158 When B = 0 and pc > ph, the node browns out: its supply collapses, the running and pending jobs are 159

 lost, and it stays oī unƟl the store is recharged to a restart threshold. 

160 CriƟcality semanƟcs. Every HI job must complete by its deadline. A LO job may be rejected at its 161 release, 
in which case it is dropped; once admiƩed, it must complete by its deadline. The quality of 162 service of LO 
tasks is the fracƟon of LO jobs that complete (LO QoS). This is a Įrm-admission model: 
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163 shedding happens at the boundary of a job, never in the middle of one, which suits tasks such as 
uploads 164 that are useless if interrupted. 

165 Harvest curves. The analysis needs lower bounds on harvested energy. 

166 DeĮniƟon 1 (Lower harvest curves). ParƟƟon Ɵme into classes c(t) (one class for a staƟc analysis; for 
167 example, calendar months for a seasonal one). A funcƟon βc : R≥0 →R≥0 is a lower harvest curve for 
168 class c if H(s,s+∆) ≥βc(∆) for every ∆≥ 0 and every window start s in the closure of class c. 

169 Using closures means that a window starƟng exactly on a class boundary is covered by the curves 
of 

170 both neighbouring classes; this maƩers for Ɵme-varying reserves. For a staƟc analysis, β is the 
energy 171 variability characterizaƟon lower curve of Moser et al. [24]. SecƟon 5 computes the 
curves, or rather 172 the quanƟƟes the analysis needs, from mulƟ-decade records, and SecƟon 7 
measures how well curves 173 esƟmated from the past hold in the future. 

174 4 Reserve-based admission and its guarantee 

175 4.1 HI energy demand 

176 Lemma 1 (HI demand bound). Consider any schedule of Γ in which every executed job meets its 
deadline. 

177 For any interval of length ∆≥ 0, the energy consumed by the baseline, the store’s self-discharge and 
the 178 HI jobs in the interval is at most 

 , (1) 
τi∈ΓHI 

179 where ρ = Pb +Pl +∑τi∈ΓHI ei/Ti and σ = 2∑τi∈ΓHI ei. 

Algorithm 1 RES run-Ɵme admission (per LO job release). 
 

Require: fuel-gauge esƟmate B; commiƩed energy π; reserve table Rc; Rˆ; Bmax 

1: procedure ONLORELEASE(job J of τj, Ɵme t) 
 2: r ← Rc(t) ▷ e.g. month-of-year lookup 

 3: if B−π−ej ≥ r and π +ej ≤ Bmax −Rˆ then 

 4: π ←π +ej; EDFINSERT(J) 

 5: else 

 6: drop J 
 7: end if 

8: end procedure 

9: procedure ONLOPROGRESS(energy ε consumed by a LO job above baseline) 
 10: π ← max(0,π−ε) ▷ on compleƟon, release the job’s remaining commitment 

11: end procedure 
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180 Proof. The baseline and self-discharge consume at most (Pb +Pl)∆. Consider the interval [t1,t1 +∆). 
181 A job of τi that executes in it must have been released aŌer t1 −Ti (otherwise its deadline, and hence 182 

its compleƟon, precedes t1) and before t1 +∆. The open interval (t1 −Ti, t1 +∆) has length ∆+Ti, so it 183 

contains at most ⌈(∆+Ti)/Ti⌉ = ⌈∆/Ti⌉+1 releases of a sporadic task with minimum inter-arrival Ɵme 184 

Ti. Each job consumes at most ei above the baseline. The aĸne bound follows from ⌈x⌉+1 ≤ x+2.  

185 The consumpƟon of LO jobs above the baseline is deliberately leŌ out of αHI: the admission policy 
186 accounts for it separately. 

187 4.2 The RES policy 

188 Let the reserve be a piecewise-constant, right-conƟnuous funcƟon R(t) = Rc(t), with Rˆ = maxc Rc. 
The 189 commiƩed energy π(t) is the sum, over admiƩed LO jobs that have not completed, of ej minus the 
190 incremental energy each has already consumed; when a LO job completes, its unused 
commitment is 191 released. 

192 DeĮniƟon 2 (RES admission). HI jobs are always released. A LO job of τj released at Ɵme t is admiƩed 
193 if and only if 

B(t)−π(t)−ej ≥ R(t), (2) 
π(t)+ej ≤ Bmax −Rˆ. (3) 

194 AdmiƩed jobs are scheduled together with the HI jobs by EDF. Rejected jobs are dropped. 

195 CondiƟon (2) keeps the uncommiƩed energy B′ = B−π at or above the reserve at every admission. 
196 CondiƟon (3) bounds the energy Ɵed up in pending LO work so that, when B′ is below the reserve, 

the 197 store cannot be full and no harvest is lost (Step 3 of the proof below). With a single class, (3) 
follows 198 from (2) and B ≤ Bmax. Algorithm 1 gives the run-Ɵme procedure; it performs a constant 
number of 199 arithmeƟc operaƟons per LO release and needs only a fuel-gauge reading of B(t). 

200 4.3 Guarantee 

201 Theorem 1 (HI and admiƩed-LO guarantee). Let AssumpƟon 1 hold and let βc be lower harvest 
curves 202 (DeĮniƟon 1). Suppose that for every class c 

 Rc , (4) 

203 that Bmax ≥ R, and thatˆ B(0) ≥ R(0). Then, under EDF with RES admission, the node never browns 
out, 204 every HI job meets its deadline, and every admiƩed LO job meets its deadline. 

205 Proof. Virtual system. Let V be idenƟcal to the real system (same releases, same harvest, admission 206 

evaluated on V ’s own state, same overŇow rule) except that its store may become negaƟve instead of 207 

browning out. The two systems coincide unƟl V ’s store Įrst becomes negaƟve, if ever. In V the processor 
208 is always powered, so by AssumpƟon 1 EDF meets the deadline of every HI job and every admiƩed LO 

209 job, and Lemma 1 applies to V on every interval. It therefore suĸces to prove B(t) ≥ 0 in V for all t. 210 

Since π ≥ 0, we prove the stronger statement B′(t) = B(t)−π(t) ≥ 0. All quanƟƟes below refer to V . 211 Step 
1: commiƩed energy is bounded. π increases only at admissions, and by (3) it is at most Bmax −Rˆ 212 right 
aŌer each; between admissions it does not increase. Hence π(t) ≤ Bmax −Rˆ for all t. 

213 Step 2: the last Ɵme above the reserve. Assume, for contradicƟon, that B′(t2) < 0 for some t2. Let 
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214 S S because B′(0)= B(0)≥ R(0). Let t1 = supS. The funcƟons B′ and R 

215 are right-conƟnuous; B jumps down only at admissions and up only when a LO job completes with 
unused 

216 commitment, and R jumps only at class boundaries. We claim that 
. 

217 If t1 ∈ S this is immediate. Otherwise there are tn ↑ t1 in S, so . A downward jump 

218 of B′ at t1 can only be an admission, which by (2) would leave B′(t1) ≥ R(t1) and put t1 in S. Hence 

. Since R˜ ≥ 0 > B′(t2), we also have t1 < t2. 

220 Step 3: what can happen in (t1,t2]. For every t ∈ (t1,t2], B′(t) < R(t) ≤ Rˆ. (i) No LO job is 

221 admiƩed in (t1,t2]: an admission at t would leave B′(t) ≥ R(t) and put t in S. (ii) No harvest is lost: 

222 B(t) = B′(t)+π(t) < Rˆ +(Bmax −Rˆ) = Bmax by Step 1. (iii) While an admiƩed LO job executes, B and 

223 π decrease by the same amount, so B′ is unchanged; a compleƟon can only increase B′. 
Consequently 

B′(t2) ≥ B′(t1)+H(t1,t2)−EHI(t1,t2), 

224 where EHI(t1,t2) is the energy consumed by the baseline, self-discharge and HI jobs in (t1,t2]. 

225 Step 4: contradicƟon. Let c′ be the class whose reserve equals R˜, i.e. c′ = c(t1) or, if t1 is a 

226 class boundary, possibly . In both cases t1 lies in the closure of c′, so DeĮniƟon 1 gives 227 

H(t1,t2) ≥βc′(∆) with ∆ = t2 −t1, and Lemma 1 gives EHI(t1,t2) ≤αHI(∆). Therefore 

B , 

228 contradicƟng B′(t2) < 0. Hence B′ ≥ 0 and B ≥ 0 in V at all Ɵmes; V and the real system coincide, the 
229 real system never browns out, and all HI and admiƩed LO jobs meet their deadlines.  

230 Corollary 1 (StaƟc reserve and minimum storage). With a single class, RES guarantees all HI 
deadlines if 
231 R ≥ R∗ = sup∆[αHI(∆)−β(∆)], R ≤ Bmax and B(0) ≥ R; moreover R∗ ≤σ +sup∆[ρ∆−β(∆)]. Because 232 the 
staƟc curve is the pointwise minimum of the class curves, R∗ : a seasonal reserve never 233 

reduces the storage needed for the HI guarantee, but it lets LO jobs use more of the store in benign 234 

seasons. 

235 Remark 1 (RES as a safety Ňoor). The proof uses only two properƟes of the admission rule: every 

236 admiƩed LO job saƟsĮes (2) and (3), and HI jobs are never rejected. Any LO admission policy that 237 

admits a LO job only when both tests hold in the current state, such as an energy-neutral controller, a 
238 learned policy or a uƟlity-maximizing planner whose decisions are Įltered through the two tests, 
inherits 239 Theorem 1. RES can therefore serve as a cerƟĮed Ňoor under an arbitrary energy manager. 
SecƟon 7.4 240 evaluates one such combinaƟon. 

241 Theorem 1 does not require any forecast at run Ɵme, and it holds for any LO workload, including 
LO 242 jobs that consume less than ej or that arrive in bursts. AdmiƩed LO jobs are protected too, which is 
what 243 makes Įrm admission meaningful: a bulk upload is either not started or completed. 

244 ProposiƟon 1 (Near-Ɵghtness). Let the HI jobs of periodic tasks execute for their WCET at power Pi 
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245 and let the harvest be a trace h with D∗ = sups≤t[ρ(t −s)−H(s,t)]. If the store holds B(s∗) = x with 

246 no pending LO work at the start s∗ of a window aƩaining D∗, and x < D∗ −σ, then a HI job is lost to 247

 brownout in that window. Hence no reserve below D∗ −σ can guarantee HI deadlines in general, 
while 248 D∗ +σ suĸces (Corollary 1). 

249 Proof sketch. In a window of length ∆ each periodic HI task completes at least ⌊∆/Ti⌋−1 ≥∆/Ti −2 250 full 
jobs, so HI and baseline consumpƟon is at least ρ∆−σ. As long as the store stays below the reserve 251 (no 

LO admissions), B(s∗ +∆) ≤ x+H −(ρ∆−σ) < D∗ −ρ∆+H, which is negaƟve for the window 

252 aƩaining D∗. A negaƟve store is impossible, so the node browns out and at least one HI job is lost. RES 253 

produces the precondiƟon B(s∗) ≈ R whenever LO demand exceeds the harvest before s∗, because it 254 

admits LO work unƟl B′ reaches the reserve.  

255 4.4 Exact linear-Ɵme computaƟon of the reserve 

256 The supremum in (4) ranges over all window lengths and posiƟons. For a recorded trace it can be 257 

evaluated exactly and cheaply. 

258 ProposiƟon 2. Let ph be piecewise constant on a grid of step δ over [0,Nδ], let Xk = H(0,kδ)−ρkδ 

259 for k = 0,...,N, and let the classes be unions of grid cells. Then 

 X  X ,
 (5) 

Raīc :, (6) s∈c,t≥s j: jδ∈c 

260 and both are computed in O(N) Ɵme. Raī
c ≥ R∗c and Raī

c HI ei when the harvest record is used 
261 as βc. 

262 Proof. X(t) = H(0,t)−ρt is conƟnuous and piecewise linear with breakpoints on the grid, and ρ(t − 263 

s)−H(s,t) = X(s)−X(t). For Įxed t, X(s) is linear on each cell, so its maximum over s ≤ t is aƩained 264 at a 
breakpoint or at s = t; symmetrically for t. This gives (5), the maximum drawdown of X, computed 265 with 
one running maximum. For (6), a start s inside a cell [jδ,(j+1)δ] saƟsĮes X(s)−mint≥s X(t) ≤ 266 max{dj,dj+1} 
with dj = Xj −mink≥j Xk, and both cell ends lie in c because classes are unions of cells; the 267 suĸx minima take 
one backward pass. The last claim follows from ρ∆+∑ei ≤αHI(∆) ≤ρ∆+σ.  

268 EquaƟon (5) is the sequent-peak algorithm of reservoir design and Lindley’s recursion Wk = 

269 max(0,Wk−1 +ρδ−hk) in disguise [20, 37]: Wk = maxj≤k(Xj −Xk) is the energy the store must have 

270 supplied since the last Ɵme the harvest caught up with the HI demand. In network-calculus terms 
[9, 19], 

271 
R∗ is the verƟcal deviaƟon between the HI arrival curve αHI and the harvest service curve β. The 272 

contribuƟon here is not the formula but its use: ProposiƟon 2 makes it cheap to evaluate reserves 
over 273 decades of minute-resoluƟon data, for every season, every year and every cross-validaƟon 
fold, which is 274 what the staƟsƟcal treatment in SecƟon 5 requires. 
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275 5 From climate records to reserves 

276 Theorem 1 turns the quesƟon “will HI deadlines hold?” into “does the reserve cover the worst harvest 277 

deĮcit the node will meet?”. This secƟon explains how we obtain harvest traces from public climate 278 

records, how we compute staƟc and seasonal reserves, and how we treat the reserve staƟsƟcally, since the 
279 worst deĮcit of the future is unknown. 

280 5.1 Harvest traces 

281 Data. We use daily all-sky global horizontal irradiaƟon (GHI), clear-sky GHI, 2-m air temperature 282 and 
bias-corrected precipitaƟon from the NASA POWER daily point API [30]. From 2001 onwards 283 the 
irradiance comes from CERES SYN1deg on a 1◦ grid [10, 26]; temperature and bias-corrected 284 precipitaƟon 
are MERRA-2 products, as stated in the headers of the downloaded Įles. Days are in local 285 solar Ɵme. We 
use complete calendar years 2001–2025 (25 years). Missing irradiance values, if any, are 286 replaced by the 
minimum recorded for the same day of the year, so that gap Įlling can never make a site 287 look sunnier 
than its record; none of the six series had gaps. 
288 Intra-day shape. Each day’s irradiaƟon is spread over the day at one-minute resoluƟon following 

289 a clear-sky diurnal shape, G(t) ∝ cosθz e−0.057/cosθz [14], with the solar zenith angle θz from the site 290 

laƟtude and the declinaƟon series of Spencer [31]. This preserves every daily total and the exact length 
of 291 each night, but not intra-day cloud variability. The reserves in this study range from 921J to 3347J, 
while 292 the most a minute of sunshine delivers to the store is 17J at any site, so the reserves are 
governed by night 293 length and by mulƟ-day totals, both of which the disaggregaƟon preserves. We 
return to it in SecƟon 8.3. 

294 Panel and charger. The DC power of a panel of raƟng Wp is 

G(t) 

 ppv(t) = Wp ηdc 1+γ(Tcell  ,
 Tcell = Tair  , 

1000 

295 with DC-side losses ηdc = 0.85, temperature coeĸcient γ = −0.4%/K, NOCT = 45◦C and the day’s 296 mean 
air temperature Tair. The power reaching the store is ph = η ppv with charging and round-trip 297 eĸciency 
η = 0.85. s(d) is an opƟonal soiling loss that grows by a Įxed rate on dry days, is halved by a 298 day with 
at least 1mm of rain and is reset by 5mm or more, capped at 30%. The soiling rate is uncertain 299 and 
site-speciĮc [6], so we treat it as a sensiƟvity parameter (SecƟon 8.1) and set s = 0 elsewhere. 

300 5.2 StaƟc and seasonal reserves 

301 Given a trace hk (joules delivered in minute k), the staƟc reserve is Raī = σ +maxj≤k(Xj −Xk) (Proposi- 
302 Ɵon 2). For the seasonal policy RES-S we use calendar months as classes and compute, for every minute 

303 j, the per-start deĮcit dj = Xj −mink≥j Xk; the monthly reserve is Rm = σ +maxdj over the starts whose 304 

day of the year lies in month m extended by seven days on either side. The extension implements the 
305 closures of DeĮniƟon 1 (and slightly more), so that a deĮcit that starts on the last day of a month is 
also 306 covered by the next month’s reserve. DeĮcits are allowed to run past the end of the month or 
year in 

307 which they start. 
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308 A calendar-based class is a simple, forecast-free way to exploit seasonality. Any parƟƟon that the 309 

node can evaluate at run Ɵme (for example a class switched by a rain gauge or by a coarse weather 310 

forecast) Įts Theorem 1 equally well, provided the curves are computed for the same parƟƟon. 

311 5.3 StaƟsƟcal calibraƟon 

312 A reserve computed from a record is guaranteed for that record only. For deployment, what maƩers is 

313 how likely a future year is to contain a deĮcit deeper than the reserve. Let Ry be the reserve needed by 
314 the windows that start in calendar year y. It is the analogue of an annual maximum in hydrology. We 
315 consider three ways of seƫng the reserve for a year y that was not used for calibraƟon: 

316 • Empirical, leave-one-year-out (LOYO). R is the staƟc (or monthly) reserve of the other 24 years. 
317 Windows are not allowed to cross the held-out year. This reproduces a designer who has a long 318

 record, and asks how oŌen the maximum of 24 years is exceeded in a new year. 

319 • Short records. R is computed from the k ∈{1,2,3,5,10} years immediately preceding y (rolling 

320 origin, strictly past data). This reproduces a designer who calibrates on a pilot deployment or on 
321 the most recent years of data. 

322 • Return levels. A generalized extreme-value (GEV) distribuƟon is ĮƩed by maximum likelihood to 323 the 
annual requirements {Ry′}y′̸=y [8], and R is set to the T-year return level, the (1−1/T)-quanƟle 324 of the ĮƩed 
distribuƟon, for T ∈{5,10,25,50,100}. If the ĮƩed shape parameter is implausible 325 (magnitude above 1), 
the Gumbel special case is used. Under staƟonarity, a year then exceeds its 326 reserve with probability 1/T. 

327 Exceedance of the reserve is a necessary but not a suĸcient condiƟon for a HI miss, because the 
store is 328 oŌen above the reserve when a deĮcit begins. We therefore report both the calibraƟon of 
the reserve (how 329 oŌen Ry > R) and the actual HI misses in simulaƟon. 

Table 2: Sites and their 2001–2025 climate from NASA POWER. GHI: mean daily global horizontal 
irradiaƟon (kWhm−2 d−1); CV: coeĸcient of variaƟon of daily GHI; worst month: lowest monthly mean 
GHI (month in brackets); worst 5-d: lowest 5-day mean GHI as % of the site mean; run: longest spell of 
days below 50% of the day-of-year mean; rain: mean annual precipitaƟon (mm); Wp: panel raƟng at S = 1.3. 
Site Climate Lat Lon GHI CV Worst month Worst 5-d Run Rain Wp (W) 

Kano Sudano-Sahelian savanna 12.00 8.52 5.99 0.15 5.51 (D) 53% 2 d 676 0.35 

Lagos Humid tropical coast 6.52 3.38 4.60 0.25 3.81 (J) 42% 2 d 1559 0.45 

Douala Equatorial monsoon 4.05 9.70 4.25 0.23 3.24 (A) 45% 2 d 2405 0.49 

Nairobi Equatorial highland -1.29 36.82 5.80 0.21 4.75 (J) 45% 2 d 581 0.36 

Cape Town Mediterranean -33.92 18.42 5.56 0.42 2.61 (J) 20% 3 d 522 0.37 

Aswan Hot desert 24.09 32.90 6.52 0.21 4.45 (D) 52% 2 d 2 0.33 

Table 3: Reference workload (assumed, representaƟve values). Pb = 4.0mW, Pl = 0.5mW. Average power 
is ei/Ti. 

Task χ Ci (s) Ti (s) Pi (mW) ei (J) avg. (mW) 

Fault check HI 0.015 2 35 0.0005 0.23 

LoRa status HI 1.5 300 160 0.234 0.78 

Interval telemetry (cellular) HI 12 900 900 10.75 11.95 

Power-quality analyƟcs LO 0.6 10 40 0.022 2.16 

Bulk waveform upload (cellular) LO 30 1800 1500 44.88 24.93 

Load-forecast update LO 20 3600 45 0.820 0.23 
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330 6 Experimental setup 

331 6.1 Sites 

332 Table 2 lists the six sites. They were chosen before looking at the data to cover the main climate zones 

333 of the conƟnent with one large city each: a Sudano-Sahelian savanna site with a long dusty dry season 

334 (Kano), the humid Guinea coast (Lagos), an equatorial monsoon site, the weƩest of the six (Douala), 
335 an equatorial highland with two rainy seasons (Nairobi), a Mediterranean site with winter rains and 

the 336 shortest winter days of the set (Cape Town), and a hot desert as a best case (Aswan). 

337 6.2 Node and workload 

338 Table 3 lists the reference workload, a solar-powered monitoring node on a rural mini-grid feeder. HI 339 

tasks are a fault check every 2s, a LoRa status message to a local operator every 5min, and interval 
340 telemetry over a cellular link every 15min (the usual metering interval). LO tasks are power-quality 341 

analyƟcs with an on-device classiĮer every 10s, a bulk waveform upload every 30min, and an hourly 

342 load-forecast update. Power Įgures are representaƟve of a low-power microcontroller with LoRa 
and an 343 LTE-M/Cat-1 modem. They are assumed order-of-magnitude values, not measurements, 
and every result 344 scales with them. The HI tasks, including the baseline, average 17.5mW and the 
LO tasks 27.3mW, so 345 HI is 39% of the full demand of 1.07Wh per day. U = 0.108. 

346 Sizing. Each site gets its own panel, sized so that the mean daily energy delivered to the store over 347 

2001–2025 equals S = 1.3 Ɵmes the full daily demand. This is how installers commonly size small 348 systems 
(from the annual mean with a margin), and it removes the trivial eīect of mean irradiance so 349 that 
diīerences between sites reŇect variability. The resulƟng panels range from 0.33W to 0.49W. 
350 SecƟon 8.1 varies S from 1.0 to 2.0. Storage capaciƟes range from 0.25 to 8Wh (900J to 28.8kJ), 
from a 351 small supercapacitor bank to a single small lithium cell. The node starts with a full store 
and restarts aŌer 352 a brownout once the store holds 2% of its capacity plus a 1J boot energy. 

353 6.3 Policies 

354 All policies release every HI job and diīer only in LO admission. 

355 • GREEDY: admit every LO job (energy-agnosƟc EDF). 

356 • THRESH-x: admit a LO job if B−π−ej ≥ xBmax, for x ∈{25%,50%}. This is the “low-baƩery 357 mode” 
common in pracƟce. 

358 • ENO-EWMA: an energy-neutral controller in the style of [18]. An EWMA (α = 0.5) predicts 359 the harvest 
of each half-hour slot of the day. At midnight the fracƟon of LO jobs to admit is set to 

360 min{1,max{0,(Eˆday −EHI −Eb +(B−0.5Bmax)/3)/ELO}}, balancing predicted harvest against 361 HI, baseline and 
LO demand with a three-day baƩery feedback, and LO jobs are admiƩed at that 
362 rate. 

363 • RES and RES-S: DeĮniƟon 2 with a staƟc or a monthly reserve. Unless stated otherwise the 
reserve 364 for year y is calibrated out of sample by LOYO (SecƟon 5.3). In-sample versions, 
calibrated on all 365 25 years, are reported to check Theorem 1. 

366 • ENO+RES-S: ENO-EWMA admission, but a LO job is admiƩed only if the RES-S test also passes 367

 (Remark 1). 
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368 6.4 Metrics 

369 The HI miss raƟo is the fracƟon of HI jobs that miss their deadline, and HI-miss days counts the 
days 370 with at least one such miss. LO QoS is the fracƟon of released LO jobs that complete. We also 
report 371 brownouts, hours spent browned out, and the fracƟon of harvest lost to a full store. 

372 6.5 Simulators 

373 Twenty-Įve years at one-minute resoluƟon are 13.1 million steps per site and conĮguraƟon, so the 

374 experiments use a minute-step simulator compiled with Numba. At the start of each minute it releases 
the 375 minute’s jobs (all periods divide or are mulƟples of 60s), applies the admission policy with the 
current B 376 and π, and balances harvest against baseline, HI and admiƩed LO energy. If the store cannot 
cover the 377 minute’s demand, the node browns out: the fracƟon of the minute’s jobs that the available 
energy can 378 pay for completes, the rest miss, and the node stays oī (drawing only self-discharge) unƟl 
it reaches the 

379 restart threshold. Because U ≈ 0.108 and every WCET is well below a minute, EDF completes every 380 

admiƩed job within the minute of its release whenever energy is available, so energy starvaƟon is the 381 

only source of misses. 
382 We validated this simulator against an exact job-level simulator that we wrote independently: it 383 runs 
preempƟve EDF with synchronous periodic releases, integrates the storage level in conƟnuous Ɵme 384 

between events (releases, compleƟons, minute boundaries, the store becoming empty or full), and applies 
385 the same admission rules with the exact B(t) and π(t) at each release. Table 5 (SecƟon 7.3) compares the 
386 two on 21-day windows around the deepest deĮcits of Cape Town and Kano for four policies and three 
387 storage sizes; the minute-step simulator reproduces HI miss raƟos within 0.94 percentage points and LO 
388 QoS within 0.96 points. 

389 7 Results 

390 7.1 How variable is the harvest? 

391 Table 2 and Figure 2 summarize the six records. Mean daily GHI ranges from 4.25kWhm−2 in Douala to 
392 6.52kWhm−2 in Aswan, so the panels sized for S = 1.3 range from 0.33W to 0.49W. Variability diīers 

393 more than the means do. The coeĸcient of variaƟon of daily GHI is 0.15 in Kano and 0.42 in Cape Town. 
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Figure 2: Monthly climatology of daily GHI, 2001–2025: mean, 10th–90th percenƟle band of individual 
days, and the minimum day of each month. 

Table 4: Reserves required by the HI workload (Wh). R∗: in-sample staƟc reserve over 2001–2025 
(ProposiƟon 2); criƟcal window: length and start of the deĮcit that aƩains it; Rm: range of monthly 
reserves; Ry: range of annual requirements; RT: GEV return levels ĮƩed to all 25 annual requirements. 

days 
Kano 0.481 1.5 2020-08-05 0.223–0.481 0.239–0.481 0.298 0.335 0.351 
Lagos 0.479 1.5 2025-06-13 0.241–0.479 0.238–0.479 0.445 0.543 0.585 
Douala 0.346 1.5 2010-02-12 0.234–0.346 0.232–0.346 0.320 0.367 0.387 
Nairobi 0.256 1.6 2025-08-17 0.231–0.256 0.232–0.256 0.241 0.249 0.254 
Cape Town 0.930 3.7 2008-06-17 0.200–0.930 0.342–0.930 0.648 0.893 1.024 
Aswan 0.256 0.6 2021-12-27 0.210–0.256 0.253–0.256 0.255 0.257 0.258 

 

394 The darkest Įve consecuƟve days in 25 years average 20% of the site mean in Cape Town, 42–45% in 

395 Lagos, Douala and Nairobi, and 52–53% in Aswan and Kano. On the Guinea coast the lowest monthly 

396 means occur in the monsoon (July in Lagos, August in Douala). In Kano the lowest monthly mean is 

397 in December, when the sun is lowest and the dusty harmaƩan season is under way [6], but the darkest 
398 individual days fall in the July–August rains (dashed minima in Figure 2). The month with the lowest 
399 average is not necessarily the month that sets the reserve. At every site, runs of days below half of 
the 400 day-of-year mean are short: two or three days at most (Table 2). 

401 7.2 How large must the reserve be? 

402 Table 4 gives the in-sample reserves for the reference node. For the same node, sized to the same 
mulƟple 403 of each site’s mean harvest, the reserve ranges from 0.26Wh (Aswan) to 0.93Wh (Cape 
Town), a factor 

404 of 3.6. The deĮcit that sets it (Figure 3) is short. It is one long night plus a dim day in Aswan (0.6days, 
405 December), about a day and a half of rain or cloud in Kano, Lagos, Douala and Nairobi, and a 3.7-day 

406 run of winter storms in Cape Town (June 2008). With HI demand at 30% of the mean harvest, the 
reserve 407 bridges nights and short dim spells, not seasons. 

408 The year-to-year picture (Figure 4) separates the sites into two groups. In Aswan all 25 annual 409 

requirements Ry lie within 5% of the smallest; in Nairobi 23 and in Kano 18 do. At these sites the 
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Figure 3: HI demand minus the lower harvest curve, αHI(∆)−β(∆), over 2001–2025. The maximum (dot) 
is the reserve R∗ of Corollary 1; the saw-tooth is the day–night cycle. 

410 requirement has a Ňoor set by the longest night and rises above it only in occasional years. In Kano the 
411 Ňoor years have their worst window in the long nights of December and January, while the seven years 

412 above it (2011, 2014, 2019–2022 and 2024) all have deĮcits starƟng between late July and mid-
September, 

413 in the rains; August 2020 doubled the requirement. In Lagos (2 of 25 years near the Ňoor), Douala (9) 
414 and Cape Town (3), most years contain a deĮcit deeper than a night. Not all of them fall in the 
monsoon: 

415 in Lagos the worst deĮcit of the year started in January–March in 6 of the 25 years, and in Douala in 416 

February–April in 7. Cape Town’s June 2008 event stands apart: it needed 1.44 Ɵmes the second-largest 417 

annual requirement in the record (0.64Wh). 
418 Seasonality is equally site-speciĮc (Figure 5). The monthly reserve in Cape Town ranges from 419 0.20Wh 
in summer to 0.93Wh in June. In Kano it is elevated only in July and August (and slightly in 

420 September), and in Lagos it is highest in April, June and July. In Nairobi and Aswan it barely moves, 421 

following only the length of the night. As Corollary 1 predicts, the largest monthly reserve equals the 422 

staƟc one at every site. 

423 When the HI load grows. The short criƟcal windows are a property of the reference workload. Scaling 424 

the HI job energies (SecƟon 8.1) shows how the nature of the reserve changes. At HI demand equal to 

425 52% of the mean harvest, the reserve rises to 0.71–1.23Wh at Įve sites, but to 7.26Wh in Cape Town, 
426 where the criƟcal window becomes a 68.6-day winter season. At 75%, it ranges from 2.00Wh in Kano 

427 (criƟcal window 6.6days) to 38.33Wh in Cape Town (139.6days). Kano, with the least variable 
sunshine, 428 is the last to need seasonal storage. 

429 7.3 Guarantee and simulator checks 

430 Across all sites and storage sizes there are 58 conĮguraƟons in which the in-sample reserve Įts in the 
store 

431 (R ≤ Bmax). In all of them RES and RES-S missed no HI deadline in 25 simulated years, as Theorem 1 

432 requires. When the reserve exceeds the capacity (every site at 0.25Wh, and Cape Town at 0.5Wh), the 
433 theorem does not apply and every policy misses HI jobs. Planning the storage from R∗ is therefore 
the 

434 Įrst design step. 
435 Table 5 compares the minute-step and exact simulators on 21-day windows around the deepest 

deĮcits 

436 of Cape Town and Kano. The largest diīerence in HI miss raƟo is 0.94 percentage points (ENO-
EWMA, 

437 Cape Town, 1Wh), the largest diīerence in LO QoS is 0.96 points, and brownout counts diīer by at 
most 438 four. For RES the HI miss raƟos agree to within 0.001 percentage points. 
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Figure 4: Annual requirement Ry (reserve needed by deĮcits starƟng in year y), with the record 
maximum R∗ and the 10- and 50-year GEV return levels ĮƩed to all 25 years. 

439 7.4 Policy comparison 

440 Figures 6 and 7 show HI-miss days and LO QoS over the 25 years for six storage sizes, and Tables 6 441 and 
7 give the values for 1 and 2Wh. RES and RES-S are calibrated out of sample (LOYO) throughout. 

442 Energy-agnosƟc and energy-neutral control miss HI deadlines at night. With a 0.5Wh store, 
443 GREEDY missed HI jobs on 9130 of 9131 days at every site: LO work drains the store in the evening and 

444 the node browns out before dawn. ENO-EWMA balances energy over a day but not over the day–
night 

445 cycle, and was almost as bad at 0.5Wh (8265–9117 days). At 1Wh it sƟll missed HI jobs on 34 (Aswan) 
446 to 429 (Lagos) days. GREEDY sƟll missed HI deadlines at all six sites with a 2Wh store, from 3 days in 447

 Kano to 2620 in Cape Town. 

448 A Įxed threshold is right at some sites and wrong at others. THRESH-25% avoided HI misses at 449 1Wh in 
Aswan, Douala and Nairobi, whose requirements are close to its 0.25Wh threshold, but missed 

450 on 252 days in Cape Town, whose requirement is 0.93Wh. THRESH-50% was safe at Įve sites from 451 1Wh 
and in Cape Town from 2Wh, but kept half the store idle. At 1Wh its LO QoS was 83.9–87.3% at 452 the Įve 
sites, against 93.9–98.9% for RES-S. 

453 RES and RES-S. With out-of-sample reserves and a 1Wh store, RES and RES-S missed no HI deadline 
454 in 25 years at Įve sites. In Cape Town RES missed on 3 days and RES-S on 4. Three of these days are 
455 in the June 2008 event, which lies outside the range of the other 24 years (SecƟon 7.6); the 
fourth, for 456 RES-S, is in 2015. The price of the staƟc reserve is paid in LO QoS when the store is small: 
at 1Wh in 457 Cape Town RES delivered only 38.6% of LO jobs, because it holds back the winter reserve 
all year. The 458 seasonal reserve recovers most of this: RES-S raised LO QoS at 1Wh from 38.6% to 81.2% 
in Cape 459 Town, from 89.3% to 97.9% in Kano and from 86.3% to 93.9% in Lagos. From 2Wh 
upwards the store 460 is large enough that the diīerence disappears. 
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461 The reserve as a safety Ňoor. ENO+RES-S admits LO jobs at the ENO-EWMA rate, but only when the 462 RES-
S test also passes. Every job it admits passes the RES-S tests, so Theorem 1 covers it (Remark 1). It 

 

Figure 5: Monthly reserves Rm (in-sample) against the staƟc reserve R∗. 
463 lost less than one point of LO QoS relaƟve to RES-S at Įve sites at 1Wh (97.7% vs 97.9% in Kano) and 464 

79.0% vs 81.2% in Cape Town. It had the fewest HI misses in Cape Town: 1 day at 1Wh and none at 465 2Wh. 

466 7.5 How much data does a reserve need? 

467 Table 8 and Figure 8 calibrate the staƟc reserve on the k years before each test year. Pooled over the 
six 468 sites and the 90 test site-years, a reserve computed from the previous year alone was exceeded 
in 43 test 469 years (48%). With two years of data the Įgure was 37%, with three 28%, with Įve 19%, 
and with ten 470 13%. With the other 24 years (LOYO) it was 4%, close to the 1/25 chance that a given 
year holds the 

471 record maximum. 
472 Exceeding the reserve is necessary for a HI miss but not suĸcient. When a deĮcit is short, the store is 

473 rarely at the reserve at its start, because it has been reĮlled during the preceding day. HI misses 
therefore 474 occurred only in Cape Town, where long winter deĮcits Įrst drain the store to the reserve 
through LO 475 admissions and then exhaust it. There, one-year calibraƟon missed HI jobs on 12 days in 
4 of 15 test 476 years, and calibraƟon on ten or more years never did. The same paƩern holds at 2Wh 
and 8Wh. 

477 Return levels. Table 9 evaluates reserves set to GEV return levels ĮƩed out of sample. At T = 5 
the Įt 478 is well calibrated: 29 exceedances in 150 site-years against 30.0 expected. Further into the 
tail it becomes 479 opƟmisƟc: 19 exceedances against 15.0 at T = 10, and 5 against 1.5 at T = 100. 
Two features of the data 480 explain this. At night-dominated sites most annual requirements sit on a 
hard Ňoor with rare jumps, a 481 shape that a three-parameter GEV ĮƩed to 24 values does not capture. 
And the Cape Town 2008 event 482 is far outside the rest of its record. With T ≥ 10, HI misses at 1Wh 
were conĮned to a single site-year, 483 Cape Town 2008. 
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484 7.6 Anatomy of the worst deĮcit 

485 Figure 9 follows the deepest deĮcit in the record, Cape Town in June 2008, with a 2Wh store. On the 486 

darkest day the store received 0.11Wh, a quarter of the HI demand alone. GREEDY missed HI jobs 487 on all 
30 days of the window, because LO work empƟes the store every evening. The out-of-sample 488 June reserve 
of RES-S, computed from the other 24 years, was 0.64Wh, and it was not enough: RES-S 

489 missed HI jobs on 3 days. ENO-EWMA, whose forecast reacts to a run of dim days by cuƫng LO 
work, Table 5: Minute-step simulator vs. exact job-level EDF simulator on 21-day windows around the 
deepest deĮcit. HI miss raƟo and LO QoS in %; brownouts as counts. 

 

  (Wh) minute exact minute exact minute exact 

Cape Town Greedy 0.5 47.83 47.70 52.2 52.3 66 66 

Cape Town Thresh-25% 0.5 21.23 21.22 37.8 37.8 16 16 
Cape Town ENO-EWMA 0.5 14.88 14.73 23.3 23.5 12 12 
Cape Town Res (in-sample) 0.5 5.00 5.00 0.0 0.0 3 3 
Cape Town Greedy 1 44.54 44.51 55.5 55.5 26 26 
Cape Town Thresh-25% 1 8.67 8.67 34.8 34.8 7 7 
Cape Town ENO-EWMA 1 4.24 5.18 27.4 27.7 3 5 
Cape Town Res (in-sample) 1 0.00 0.00 12.4 12.4 0 0 
Cape Town Greedy 2 39.82 39.76 60.2 60.2 20 21 
Cape Town Thresh-25% 2 4.89 4.88 36.9 36.9 3 3 
Cape Town ENO-EWMA 2 0.00 0.00 30.8 29.9 0 0 
Cape Town Res (in-sample) 2 0.00 0.00 30.4 30.4 0 0 
Kano Greedy 0.5 18.14 18.20 81.9 81.8 39 41 
Kano Thresh-25% 0.5 4.13 4.13 66.0 66.0 4 4 
Kano ENO-EWMA 0.5 15.06 14.95 73.2 73.2 35 39 
Kano Res (in-sample) 0.5 0.00 0.00 30.3 30.3 0 0 
Kano Greedy 1 6.50 6.50 93.5 93.5 5 5 
Kano Thresh-25% 1 0.00 0.00 88.0 88.0 0 0 
Kano ENO-EWMA 1 3.26 3.19 84.2 84.3 2 2 
Kano Res (in-sample) 1 0.00 0.00 78.0 77.9 0 0 
Kano Greedy 2 0.74 0.74 99.3 99.3 1 1 
Kano Thresh-25% 2 0.00 0.00 95.7 95.7 0 0 
Kano ENO-EWMA 2 0.00 0.00 89.8 89.4 0 0 
Kano Res (in-sample) 2 0.00 0.00 96.1 95.8 0 0 

490 happened to keep more energy in the store and missed on 1 day. ENO+RES-S missed on none, 
delivering 491 20% of LO jobs in the window against 24% for RES-S. 

492 8 Discussion 

493 8.1 SensiƟvity 

494 HI load. SecƟon 7.2 showed that the reserve changes character as HI demand grows relaƟve to the 495 

harvest. It bridges nights and 1–4-day spells at 30% of the mean harvest, covers mulƟ-day spells of 496 2.5–
4.6 days at Įve sites (but a 69-day winter in Cape Town) at 52%, and becomes seasonal storage at 497 75%. 
When a node’s criƟcal funcƟon is a large share of its energy budget, the design problem shiŌs 498 from real-
Ɵme admission to seasonal energy planning of the kind addressed by long-term energy-neutral 499 methods 
[4]. RES sƟll provides the guarantee, but the store it requires is then measured in waƩ-hours to 500 tens of 
waƩ-hours. 
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501 Panel sizing. Sizing the panel to exactly the mean full demand (S = 1.0) raises the in-sample 
reserve 

502 to between 0.31Wh (Aswan) and 1.37Wh (Cape Town). GREEDY then misses HI jobs on 1211–3951 

503 days even with a 2Wh store. RES with out-of-sample reserves missed none at Įve sites and 5 days in 504 

Cape Town. Doubling the panel (S = 2.0) lowers the reserve to 0.23–0.64Wh; Cape Town sƟll needs the 
505 largest reserve by far. 

506 Soiling. With the panel sized on the clean record, a soiling rate of 0.2–0.5% per dry day removes 

507 29.2–29.7% of Aswan’s harvest (almost no rain ever cleans the panel, so the loss saturates at the 30% 

 

Figure 6: Days with at least one HI deadline miss over 2001–2025 (symmetric-log scale) against storage 
capacity. 

Table 6: Policies over 2001–2025 with Bmax = 1Wh. Each cell: HI-miss days / LO QoS (%). RES and RES-S 
are calibrated out of sample (LOYO). 

Site Greedy Thresh-25% Thresh-50% ENO-EWMA Res Res-S ENO+Res-S 

Kano 107 / 99.8 1 / 99.3 0 / 86.3 68 / 99.4 0 / 89.3 0 / 97.9 0 / 97.7 

Lagos 672 / 98.7 2 / 96.5 0 / 83.9 429 / 96.8 0 / 86.3 0 / 93.9 0 / 93.1 

Douala 567 / 99.0 0 / 97.4 0 / 85.2 218 / 97.5 0 / 96.6 0 / 96.9 0 / 96.2 

Nairobi 396 / 99.3 0 / 98.3 0 / 86.4 102 / 98.2 0 / 98.3 0 / 98.3 0 / 97.8 

Cape Town 2894 / 91.2 252 / 85.7 6 / 79.2 417 / 85.0 3 / 38.6 4 / 81.2 1 / 79.0 

Aswan 712 / 99.3 0 / 98.9 0 / 87.3 34 / 98.7 0 / 98.9 0 / 98.9 0 / 98.7 

508 cap) and 9.6–13.8% of Kano’s, against at most 5.7% at the other sites. GREEDY suīers accordingly: at 509 

2Wh its HI-miss days rise from 321 to 4379 in Aswan and from 3 to 2002 in Kano. The eīect on the 510 

reserve depends on when the binding deĮcit occurs. Kano’s reserve is unchanged (0.48Wh), because 
511 its binding deĮcits fall in the rainy season, when rain has just cleaned the panel. Aswan’s rises from 

512 0.26Wh to 0.34Wh, because its binding deĮcit is a winter night and the panel is then at its dirƟest. If 
513 the reserve accounts for soiling, RES misses no HI deadline at any soiling rate outside Cape Town. If it 

514 is calibrated on the clean record and the panel is never cleaned, it misses HI jobs on 3 days in 



20 

Aswan. 515 Soiling therefore belongs in the harvest model used to compute reserves at arid sites, or 
panels must be 516 cleaned on a schedule. 

517 8.2 ImplicaƟons for deployments 

518 Plan storage from the site’s own long record. The reserve diīers by a factor of 3.6 across the six sites 519 

for the same node sized to the same mulƟple of its site’s mean harvest. The mean irradiance is a poor 

520 guide: Cape Town’s mean is higher than those of Lagos and Douala but its reserve is by far the largest, 
521 and Kano needs nearly twice Aswan’s reserve because of a few days of monsoon cloud. Twenty-Įve 522 

years of NASA POWER data are free for any locaƟon on the conƟnent, and ProposiƟon 2 evaluates 
them 523 in seconds. 

 

Figure 7: LO quality of service over 2001–2025 against storage capacity. 

Table 7: Policies over 2001–2025 with Bmax = 2Wh. Each cell: HI-miss days / LO QoS (%). RES and RES-S 
are calibrated out of sample (LOYO). 

Site Greedy Thresh-25% Thresh-50% ENO-EWMA Res Res-S ENO+Res-S 

Kano 3 / 100.0 0 / 100.0 0 / 99.8 0 / 99.8 0 / 100.0 0 / 100.0 0 / 99.8 

Lagos 69 / 99.8 0 / 99.5 0 / 98.3 0 / 98.5 0 / 99.5 0 / 99.5 0 / 98.5 

Douala 192 / 99.6 0 / 99.2 0 / 98.5 0 / 98.6 0 / 99.3 0 / 99.3 0 / 98.6 

Nairobi 100 / 99.8 0 / 99.5 0 / 99.0 0 / 99.0 0 / 99.6 0 / 99.6 0 / 99.0 

Cape Town 2620 / 91.6 6 / 86.6 0 / 86.2 1 / 85.8 3 / 86.3 4 / 86.7 0 / 85.8 

Aswan 321 / 99.6 0 / 99.3 0 / 99.1 0 / 99.1 0 / 99.4 0 / 99.4 0 / 99.1 

524 Do not calibrate on a pilot year. A reserve esƟmated from one year of data was exceeded in about 
half 525 of the following years, and from three years in more than a quarter. Whether an exceedance 
causes misses 526 depends on the length of the deĮcit, and hence on the site. Nodes at sites with 
long deĮcits, such as Cape 527 Town’s winter, suīered from short-record calibraƟon, while sites with 
short deĮcits were forgiving in our 528 experiments. A designer cannot know which case applies without 
the long record. 
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529 Leave a margin beyond the record. Even 24 years were not enough for Cape Town in 2008, and 530 extreme-
value extrapolaƟon to T = 50 or T = 100 years was opƟmisƟc in the tail (Table 9). The 

531 requirement’s Ňoor, set by night length, and its occasional large jumps are poorly described by a GEV 532 

ĮƩed to two dozen values. A peaks-over-threshold model of the excess above the night Ňoor [8], or 533 

simply an engineering margin on the record maximum, is more defensible. The margin is cheap when the 
534 storage can hold it and the seasonal policy keeps LO QoS high. 

535 Use seasonal reserves and combine with forecasƟng. With small stores, monthly reserves doubled 536 LO 
QoS in Cape Town at no cost in HI guarantees, and they need nothing at run Ɵme but a calendar. 537 Forecast-
based control and the reserve are complementary. The forecast reacts to a developing dim spell 
538 and preserves energy early, while the reserve provides a Ňoor that holds even when the forecast is wrong. 
539 With a 1Wh store their combinaƟon had the fewest HI misses of all policies at the most demanding site. 

Table 8: StaƟc reserves calibrated on the k years before each test year (rolling origin), test years 2011– 
2025, Bmax = 1Wh. Each cell: test years whose requirement Ry exceeded the calibrated reserve / test 
years with at least one HI miss (out of 15 per site). 

Site 1 y 2 y 3 y 5 y 10 y 24 y (LOYO) 

Kano 8 / 0 5 / 0 4 / 0 3 / 0 3 / 0 1 / 0 

Lagos 8 / 0 5 / 0 4 / 0 2 / 0 2 / 0 1 / 0 

Douala 5 / 0 4 / 0 4 / 0 1 / 0 0 / 0 0 / 0 

Nairobi 8 / 0 7 / 0 6 / 0 6 / 0 4 / 0 1 / 0 

Cape Town 7 / 4 6 / 2 3 / 1 2 / 1 0 / 0 0 / 0 

Aswan 7 / 0 6 / 0 4 / 0 3 / 0 3 / 0 1 / 0 

All sites 43 / 4 33 / 2 25 / 1 17 / 1 12 / 0 4 / 0 

 

Figure 8: Short calibraƟon records, test years 2011–2025, Bmax = 1Wh. LeŌ: fracƟon of test years whose 
requirement exceeded the calibrated reserve. Right: HI-miss days (symmetric-log scale); only Cape 
Town has any. 

540 8.3 LimitaƟons and threats to validity 

541 Harvest model. Our traces spread daily satellite totals over a clear-sky diurnal shape. This keeps 
daily 

542 totals and night lengths exact, but it omits intra-day cloud transients, which maƩer for small stores. 
The 543 satellite product represents a 1◦ cell, which smooths local cloud variability, so point deĮcits may 
be 
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544 deeper than the cell averages we used. Both eīects would make real reserves larger than ours, not 
smaller. 545 ValidaƟng the reserves against ground radiometer data and hourly records is the most important 
next step. 

546 Node model. Task powers are assumed values, not measurements from a speciĮc board. The storage 547 

model has a constant charging eĸciency and self-discharge, and ignores capacity fade, temperature 548 

eīects on usable capacity, and the error of a fuel gauge. The last is easily absorbed by adding the 549 gauge’s 
worst-case error to R. Results scale with the workload’s energy, so a measured workload can be 550 

subsƟtuted directly. 

551 Scheduling model. We assume a single processor, implicit deadlines and low uƟlizaƟon, so that 552 Ɵming 
fails only through energy starvaƟon. The energy argument of Theorem 1 does not depend on 553 the Ɵming 
analysis beyond the requirement that admiƩed jobs meet their deadlines while the processor 

554 is powered. Extending it to constrained deadlines or parƟƟoned mulƟcores therefore mainly requires 555 

replacing AssumpƟon 1 by the corresponding schedulability test, and Lemma 1 by the matching demand 556 

bound. 
Table 9: Return-level reserves ĮƩed out of sample (LOYO GEV), pooled over all sites and years; HI misses 
simulated with Bmax = 1Wh. Expected exceedances = N/T under staƟonarity. 

T (years) site-years N expected observed exceedances years with HI miss mean R (Wh) 

5 150 30.0 29 4 0.338 

10 150 15.0 19 1 0.366 

25 150 6.0 9 1 0.404 

50 150 3.0 5 1 0.436 

100 150 1.5 5 1 0.471 

557 StaƟonarity. All staƟsƟcs assume that the next 25 years resemble the last 25. Trends in cloudiness and 558 

aerosol, and changes in the satellite products, could violate this assumpƟon; NASA POWER cauƟons 559 

against trend analysis across changes of source data [26]. Periodic recalibraƟon with a rolling long 560 

window is a pracƟcal safeguard. 

561 9 Conclusion 

562 Solar-powered edge nodes in Africa face harvest deĮcits whose depth, duraƟon and season depend 563 

strongly on the climate zone. We showed that a simple reserve-based admission rule gives HI tasks a hard 
564 deadline guarantee on such nodes, provided the reserve covers the worst deĮcit. We also showed that 
565 this reserve can be computed exactly and cheaply from decades of freely available satellite data. The 566 

experiments turned the guarantee into design guidance. Reserves must be computed per site rather than 

567 inferred from mean irradiance, from long records rather than pilot deployments, and with a margin 
beyond 568 the record maximum. Seasonal reserves recover most of the opƟonal work that a staƟc reserve 
gives up 569 on small stores, and the reserve works well as a safety Ňoor under a forecast-based energy 
manager. 
570 Three extensions would strengthen the results. The Įrst is a hardware prototype, deployed at one of 571 

the Nigerian sites, to replace the assumed task energies with measurements and to test the policy with 

572 a real fuel gauge. The second is validaƟon of the reserves with hourly and ground-staƟon irradiance, 
573 which include the intra-day and local variability that our daily satellite data smooth out. The third is a 

574 peaks-over-threshold treatment of the excess above the night Ňoor, which should give beƩer-
calibrated 575 return levels than the block-maximum Įts evaluated here. 
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576 Statements and declaraƟons 

577 Data availability. All irradiance, temperature and precipitaƟon series are public NASA POWER data 
578 (daily point API, community “RE”, 2001–2025) for the coordinates in Table 2. 
579 Code availability. The simulator, analysis scripts and the scripts that produce every table and Įgure 
will 580 be released in a public repository on acceptance (link withheld for anonymous review). 
581 CompeƟng interests. [To be completed by the authors.] 
582 Funding. [To be completed by the authors (withheld for review).] 
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