
 
 
 
 
 
 

Energy management strategy for triple hybrid energy storage 
systems in smart grids 

R Elfaham1, M Hamad2 and A Karimi3 
1Electrical Smart Grid Engineering, Arab Academy for Science, Technology and 
Maritime Transport, Alexandria, Egypt 
2Electrical Engineering, Arab Academy for Science, Technology and Maritime 
Transport, Alexandria, Egypt 
3Department of Energy and Petroleum Engineering, University of Stavanger (UiS), 
Stavanger, Norway 

 

E-mail: rewaa.mohammad3@gmail.com 

Abstract. A solar- and wind-rich feeder must balance mismatches lasting from seconds to 
days, which no single storage device can cover. This paper dispatches a triple hybrid energy 
storage system (T-HESS), with a battery, a supercapacitor bank and a hydrogen branch, on 
the enhanced IEEE 33-bus feeder over a full year at one-minute resolution. A pro-rata 
baseline (PRB) with fixed shares is compared with a two-layer rule-based (TLRB) controller, 
in which a 10-minute low-pass filter sends the fast part of the imbalance to the 
supercapacitor and an 11-state machine with a 45-rule fuzzy layer shares the slow part 
between the battery and the hydrogen branch. The TLRB lowers the local supply deficit 
from 31.8% to 31.1%, cuts curtailment from 2.9% to 0.6% and keeps a tenth of the hydrogen 
tank all year, whereas the PRB empties it within 25 days. The larger difference is 
executability: the plant refuses 47%, 98% and 59% of the battery, supercapacitor and 
hydrogen energy the PRB commands, but no supercapacitor or hydrogen energy under the 
TLRB, a gap the deficit alone does not reveal. The cost is voltage compliance, which falls 
from 98.3% to 89.0% because the electrolyser draws power at the weakest bus. Four seasonal 
days show that the reserve rule protects the tank but loses load on an ordinary autumn day. 

Keywords: hybrid energy storage, supercapacitor, hydrogen, energy management, rule-
based control. 

Table 1. Nomenclature. 

Abbreviations 
EMS energy management 

system 
PV photovoltaic SoE SC state of energy 

ESR equivalent series 
resistance 

PRB pro-rata baseline SoHH2 hydrogen tank level 



 
 
 
 
 
 

FC fuel cell TLRB two-layer rule-based 
EMS 

T-HESS triple hybrid energy 
storage system 

HHV, LHV higher, lower heating 
value 

SC supercapacitor   

pu, mpu per unit, milli-per-
unit 

SoC battery state of 
charge 

  

Symbols 
PL, Pres load, renewable 

power 
DL, Ccurt deficit, curtailment 

(%) 
Vi voltage at bus i 

PPV, PW PV, wind power RT terminal hydrogen 
reserve 

pj, qj net injection at bus j 
(pu) 

Pcmd,k, Pact,k command, delivery 
of device k 

δk delivered fraction Rij, Xij path resistance, 
reactance 

P̄k rated power of device 
k 

σS SC request served 
(%) 

Si voltage sensitivity 
(mpu/MW) 

Pnet0, Pnet imbalance pre-, post-
storage 

κV time with all buses in 
band 

Δf, Δω frequency deviation 

Pslow, Pfast slow, fast part of 
imbalance 

φk pro-rata share ΔP imbalance on the 
MVA base 

r residual after the SC β fuzzy blending 
weight 

H, D, ω0 inertia, damping, 
rated speed 

Pdef, Pcurt unserved, curtailed 
power 

Δt time step VS, RS, CS SC voltage, ESR, 
capacitance 

ηel, ηFC electrolyser, FC 
efficiency 

h, d, ε hour, day, load noise ES,max SC energy at full 
voltage 

ṁel, ṁFC hydrogen produced, 
consumed 

G irradiance ηPV, APV PV efficiency, area 

v wind speed Ta, Tc ambient, cell 
temperature 

αT PV temperature 
coefficient 

vci, vr, vco cut-in, rated, cut-out 
speed 

    

 

1.  Introduction 
Distribution networks are absorbing a rising share of variable solar and wind generation, which 
turns the local balance between supply and demand into an operational problem rather than a 
planning one [1]. A triple hybrid energy storage system (T-HESS) combines a battery, a 
supercapacitor and a hydrogen branch. These branches differ in rated power, round-trip efficiency 
and discharge duration, which shifts the difficulty from sizing to dispatch [2]. The energy 
management strategy (EMS) must decide not only how much power to move at each instant but 
also which branch should move it. The branches are not interchangeable: the hydrogen stock 
depletes irreversibly over the operating year, because the electrolyser refills the tank only from 
surplus, and surplus is scarce in exactly the conditions where the reserve is needed [3]. 

1.1.  Literature review 
Storage is classified by the energy it holds relative to the power it delivers. Beyers et al. use that 
trade-off to compare technologies and to size them for a given duration [4]. Batteries paired with 
supercapacitors are an established hybrid at the short end. In electric vehicles the battery supplies 
energy and the supercapacitor supplies power, which improves range, acceleration and battery life 



 
 
 
 
 
 

at the price of higher cost and more complex control [5]. Hydrogen sits at the long end, where 
compression sets the practical limit. A competitive storage volume needs at least 350 bar. 
Compressing to that pressure costs about a tenth of the fuel’s calorific value, and a three-stage 
compressor keeps the work below 10 MJ kg-1 [6]. These studies size or pair devices, and none of 
them dispatches all three branches together. 

Learning-based and optimisation-based controllers have been applied to storage dispatch. Zhu et 
al. schedule an island microgrid with battery and hydrogen storage in three stages, pairing deep 
reinforcement learning with a wavelet split of power fluctuations, reducing both cost and emissions 
on island data [7]. Huang et al. solve a receding-horizon problem with storage in a look-ahead 
market, reducing both cost and price volatility [8]. Such controllers need a clear baseline to show 
what they add, and a transparent rule-based controller on the same plant provides one. 

This work builds on a standard test network and standard component models. The IEEE 33-bus 
radial feeder of Baran and Wu is the usual test system, and the simplified DistFlow equations of the 
same paper give its voltages [9]. The enhanced version of that benchmark adds distributed 
generation and storage at four buses, reactive compensation and a 0.95 to 1.05 pu band [10], while 
European operating rules set the frequency bands a plant is judged against [11]. At the device level, 
lithium-ion cells are described by equivalent circuits with RC branches [12], and PV modules by a 
linear temperature correction of their efficiency [13]. Wind turbines are described by piecewise 
cubic power curves [14], and supercapacitor banks by the capacitance and series resistance of their 
modules [15]. Electrolyser and fuel-cell efficiencies follow published status and target values [16, 
17]. 

The dispatch studies above treat one or two storage types, report an aggregate outcome, and place 
the plant behind a single point of common coupling. Three gaps follow. First, no study dispatches 
all three branches of a T-HESS under one protocol. Second, none reports whether the plant could 
physically execute the dispatch it credits. Third, none resolves the minute-scale behaviour that a 
supercapacitor exists to provide. This paper addresses these gaps with a transparent two-layer rule-
based controller and a pro-rata baseline on a common plant, so that learning and optimisation 
controllers have a fair reference. 

Section 2 presents the plant models and the two controllers, section 3 the case study, section 4 
the results and section 5 the conclusions. 

2.  Models and control strategies 
Both controllers act on the same plant model through the same interface, so they differ only in how 
they turn measurements into commands. 

2.1.  Problem statement and indicators 
At each one-minute step a controller sends a power command Pcmd,k to each device k ∈ {B, S, H} 
(battery, supercapacitor, hydrogen), positive when discharging. A negative hydrogen command 
runs the electrolyser. Each device returns the power Pact,k it can deliver within its rating and state 
limits. The balance with load PL and renewable output Pres gives the unserved and curtailed power: 

 𝑃!"# 	= 	𝑃$"% 	+ 	&𝑃&'#,)
*

	− 	𝑃+ ,				𝑃,"- 	= 	max(0,−𝑃!"#),				𝑃'.$# 	= 	max(0, 𝑃!"#) (1) 



 
 
 
 
 
 

The plant is operated for local self-sufficiency, so Pdef is the power the substation must import. 
Summed over the year, these two powers give the local supply deficit DL and the curtailment Ccurt, 
and the delivered fraction δk tells whether the plant could carry out the dispatch: 

 𝐷+ 	= 	100
∑ 𝑃,"-/
∑ 𝑃+/

,				𝐶'.$# 	= 	100
∑ 𝑃'.$#/
∑ 𝑃+/

,				𝛿* 	= 	
∑ |𝑃&'#,)|/
∑ |𝑃'0,,)|/

 (2) 

Three indicators complete the set. The terminal hydrogen reserve RT is SoHH2 at the end of the 
year. The share σS is the part of the supercapacitor’s request that is served, measured before any 
clipping by the controller. The voltage compliance κV is the share of steps in which every bus lies 
between 0.95 and 1.05 pu. 

2.2.  Device models 
The battery is a second-order Thévenin equivalent circuit, one of the models compared in [12], and 
its state of charge follows Coulomb counting. The supercapacitor bank is a series RC circuit whose 
resistance RS and capacitance CS are derived from the module data [15], with SoE = VS2/VS,max2. Both 
devices are limited by their current and converter ratings and by their state windows. The 
electrolyser and the fuel cell change the stored hydrogen mass at the rates 

 ṁ"1 	= 	
𝜂"1	𝑃"1
HHV

,				ṁ23 	= 	
𝑃23

𝜂23	LHV
 (3) 

The electrolyser efficiency ηel = 0.75 (HHV basis) lies between the 2022 status and the 2026 target 
of the US Department of Energy [16]. The fuel-cell efficiency ηFC = 0.60 (LHV basis) is the same 
agency’s status for peak system efficiency [17]. The tank follows the ideal gas law, and SoHH2 is its 
pressure normalised between 5 and 350 bar. A full tank holds 14.0 t of hydrogen, or 281 MWh at 
the fuel-cell output. 

2.3.  Network and frequency 
Bus voltages come from the lossless simplified DistFlow equations of Baran and Wu [9], written in 
closed form, 

 𝑉45 	= 	1	 + 	2&<𝑅46 	𝑝6 	+ 	𝑋46 	𝑞6A
6

 (4) 

where pj and qj are the net injections at bus j in per unit, and Rij and Xij are the resistance and 
reactance of the path that buses i and j share back to the substation. The capacitors enter through 
qj, bus loads scale with PL(t)/3.715 MW, and the substation is the slack bus. 

The frequency deviation is obtained from the swing equation with damping [18]. The imbalance 
ΔP is expressed in per unit on the 10 MVA base, with H = 5 s and D = 0.05 pu per rad s-1 (a droop of 
6.4%). The resulting time constant, 0.64 s, is far shorter than the one-minute step, so Δf settles at 
ΔP/(2πD), or 0.32 Hz per megawatt, and is limited to ±1 Hz. Δf is therefore a static imbalance 
indicator. The 0.5 Hz maximum steady-state deviation of the Great Britain, Ireland and Nordic areas 
[11] serves only as a reference scale. 

2.4.  Pro-rata baseline 
The baseline splits the net imbalance into fixed shares, 

 𝑃'0,,)(𝑡) 	= 	𝜑*(𝑃+(𝑡) 	−	𝑃$"%(𝑡)),				(𝜑7, 𝜑8, 𝜑9) 	= 	 (0.5, 0.2, 0.3) (5) 



 
 
 
 
 
 

It uses no state feedback. The fuel cell carries 30% of every deficit whatever the tank holds, and 
the supercapacitor is asked for 20% of every imbalance however little energy it has. 

2.5.  Two-layer rule-based EMS 
The rule-based controller works in three stages (figure 1). A first-order low-pass filter with a 10-
minute time constant splits the imbalance P0net = Pres − PL into a slow and a fast part: 

 
𝑃:;<=(𝑡) 	= 	𝑎	𝑃:;<=(𝑡	 − 	𝛥𝑡) 	+	(1	 − 	𝑎)𝑃!"#> (𝑡),				𝑎	 = 	 𝑒?@//B>> :,

𝑃DE:/ 	= 	𝑃!"#> 	− 	𝑃:;<=
 (6) 

The supercapacitor takes the fast part and is pulled back towards SoE = 0.6 with a 15-minute time 
constant, 

 𝑃'0,,8 	= 	 clip N−𝑃DE:/ 	+ 	
(𝑆𝑜𝐸	 − 	0.6)	𝐸F,GEH

900 𝑠
, −𝑃V8', 𝑃V8,W (7) 

where PcS and PdS are the charge and discharge limits over the next step. The residual r = P0net + Pcmd,S 
goes to the battery and the hydrogen branch. 

 
Figure 1. Two-layer rule-based EMS. 

In the first layer, an 11-state machine classifies the operating condition from r, the storage levels 
and the voltage V22 at the battery bus (table 3). It splits a deficit according to headroom, about 70% 
to the battery and 30% to the fuel cell, and a surplus with equal base shares for the battery and the 
electrolyser. When V22 leaves the 0.96–1.04 pu range, the battery adds a voltage-support term. The 
fuel cell is capped by the tank level, 

 𝑃V23(SoH9₂) 	= 	

⎩
⎨

⎧
1	MW, SoH9₂ 	≥ 	0.20,

1	MW	 · 	max N0.10,
SoH9₂ 	− 	0.10

0.10 W , 0.10	 < 	 SoH9₂ 	< 	0.20,

0, SoH9₂ 	≤ 	0.10,

 (8) 

and this cap stops the controller from draining the tank. 
The second layer is a Mamdani fuzzy system that smooths the commands near nominal 

conditions, where a state machine switching on fixed thresholds would chatter. Its antecedents are 
the residual r, graded into five levels from large deficit to large surplus, and the states SoC, SoHH₂ 
and V22, each graded into three. Nine rules per power level give the 45 rules of table 2, and each 
returns a per-unit increment for the three devices, positive when discharging. The rule base encodes 
one priority: within a level, the fuel-cell increment increases with SoHH₂, so that a full tank carries 
the deficit the battery cannot and a near-empty one is spared, while the electrolyser increment is 



 
 
 
 
 
 

largest when SoHH₂ is low and the battery is full. The output is defuzzified by a weighted average 
over the fired rules. It is blended with the state-machine command as Pcmd,k = (1 − β)Pfsmk + βPfzk with 
β = 0.4, but only when the machine is in its normal state or V22 is within 0.02 pu of a trigger. This 
happens in 5.1% of the steps, so the state machine governs the rest of the year. 

Table 2. Structure of the 45-rule fuzzy layer, with the nine rules of the large-deficit level in full. 
The other four levels follow the same nine antecedents with scaled consequents; increments are per 
unit of each device rating, positive when discharging. 

Five power levels × nine antecedents = 45 rules 
 Antecedent (large deficit, rules 1–9) ΔPB ΔPS ΔPH 
1 SoC high, voltage normal +0.90 +0.80 +0.70 
2 SoC high, voltage low +1.00 +1.00 +0.80 
3 SoC medium, SoHH₂ high +0.60 +0.50 +0.90 
4 SoC medium, SoHH₂ medium +0.60 +0.50 +0.50 
5 SoC medium, SoHH₂ low +0.70 +0.60 +0.10 
6 SoC low, SoHH₂ high +0.20 +0.30 +0.90 
7 SoC low, SoHH₂ medium +0.10 +0.30 +0.50 
8 SoC low, SoHH₂ low +0.05 +0.20 +0.05 
9 voltage low (alone) +0.80 +0.60 +0.40 
Rules 10–18 deficit, 19–27 balanced, 28–36 surplus, 37–45 large surplus 

 

Table 3. States of the rule-based EMS for layer one, their triggers and their share of the year. 

 State Trigger Share (%) 
1 Emergency SoC≤0.205, SoHH₂≤0.10 and deficit above 600 kW; or a deficit 

with every store at its lower threshold 
14.17 

2 Voltage support V22 below 0.96 or above 1.04 pu 0.00 
3 Combined charge surplus of 300 kW or more 21.17 
4 Combined discharge deficit of 600 kW or more 44.62 
5 Battery charge surplus of 30 kW or more and SoC<0.85 3.91 
6 Hydrogen production surplus, battery full and SoHH₂<0.85 0.01 
7 Supercapacitor charge surplus, battery and tank full, SoE<0.88 0.00 
8 Battery discharge deficit of 30 kW or more and SoC>0.25 4.68 
9 Hydrogen dispatch deficit, SoC≤0.25 and SoHH₂>0.10 8.41 
10 Supercapacitor discharge deficit, battery and tank at their thresholds, SoE>0.15 1.95 
11 Normal residual below 30 kW in magnitude 1.07 

 

2.6.  Seasonal representative days 
One day per season is examined in detail. A fixed rule picks each day, so the choice cannot be tuned 
to suit a result. Winter (days 335 to 365 and 1 to 59) takes the highest ratio of load to renewable 
energy, and spring (60 to 151) the net load closest to the seasonal median. Summer (152 to 243) takes 
the highest sum of load and renewable energy, and autumn (244 to 334) the most volatile minute-
by-minute net load. Each day is taken from the full-year runs, so it starts from the storage state each 
controller actually reached. 



 
 
 
 
 
 

3.  Case study 
The network, placement, ratings and weather below are the same for both controllers, so any 
difference in the results comes from dispatch alone. 

3.1.  Network and component placement 

 
Figure 2. T-HESS units on the enhanced IEEE 33-bus feeder. 

The test network is the IEEE 33-bus radial feeder at 12.66 kV and 10 MVA, with the branch 
impedances and bus loads of Baran and Wu [9]. Its total load is 3715 kW and 2300 kvar. The 
enhanced benchmark [10] connects its distributed generators and storage at buses 18, 22, 25 and 33, 
selected by voltage and loss sensitivity. It notes that these units can be replaced by wind and PV or 
equipped with local storage. It also adds capacitors of 0.4 Mvar at bus 18 and 0.6 Mvar at bus 33 and 
sets the voltage band to 0.95 to 1.05 pu. This paper keeps these four sites, the two capacitors and the 
band (figure 2). The assignment of units to these buses follows from voltage sensitivity. Injecting 
power pi at bus i raises its own voltage by Riipi in per unit, where Rii is the resistance of the path 
from the substation to that bus (section 2.3). 

3.2.  Plant ratings and supercapacitor bank 
Battery, hydrogen and generation ratings are design values, and the source of every parameter is 
given in table 4. The supercapacitor supplies fast power with a long cycle life [5]. Its bank uses 72 
Maxwell BMOD0063 P125 modules [15], six in series and twelve strings, behind a 1.2 MW 
converter. Figure 3 shows that the current limit caps its power below SoE ≈ 0.95 and that the bank 
empties in 22 s at full power, so a step coarser than one minute would hide what the bank does. 

Table 4. Plant, generation and network parameters, identical for both controllers. Design marks a 
rating chosen for this plant and derived a value computed from the module data. 

Subsystem Parameter Value Source 
Battery (bus 22) P̄B; capacity 1.2 MW; 8000 Ah at 1200 V (≈9.6 

MWh) 
design 

 R0; (R1, C1); (R2, C2) 5 mΩ; 2 mΩ, 20 kF; 3 mΩ, 80 kF design, model 
[12] 

 Coulombic efficiency; SoC 
window 

0.98; 0.20 to 0.90 design 



 
 
 
 
 
 

Subsystem Parameter Value Source 

SC module Maxwell BMOD0063 P125 125 V, 63 F, 18 mΩ, 140 A, 140 Wh, 
61 kg 

[15] 

SC bank (bus 33) Arrangement 6 in series × 12 strings = 72 modules design 
 VS,max, CS, RS 750 V, 126 F, 9 mΩ derived 
 Current; P̄S 1680 A; 1.2 MW derived; design 
 Energy; time to empty 7.38 kWh usable (SoE 0.25 to 1.0); 22 

s at 1.2 MW 
derived 

Hydrogen (bus 18) P̄el; ηel 1 MW; 0.75 (HHV basis) design; [16] 
 P̄FC; ηFC 1 MW; 0.60 (LHV basis) design; [17] 
 Tank; pressure; temperature 500 m³; 5 to 350 bar; 298 K (14.0 t 

H2) 
design, [6] 

PV (bus 33) APV; ηPV; αT 12 000 m²; 0.18 (2.16 MWp); 0.004 
K⁻¹ 

design; [13] 

Wind (bus 25) P̄W; vci, vr, vco 3.5 MW; 3, 12, 25 m s⁻¹ (restart 20 m 
s⁻¹) 

design, model 
[14] 

Network Base; total load 12.66 kV, 10 MVA; 3715 kW, 2300 
kvar 

[9] 

 Capacitors; voltage band 0.4 Mvar (18), 0.6 Mvar (33); 0.95 to 
1.05 pu 

[10] 

 H; D 5 s; 0.05 pu per rad s⁻¹ (6.4% droop) [18] 
 

 
Figure 3. Supercapacitor bank of 72 Maxwell BMOD0063 P125 modules. (a) Available discharge 
power against state of energy; the current limit binds below SoE≈0.95. (b) Time to empty the usable 
energy at constant power, against the one-minute simulation step. 

3.3.  Weather data 
The weather is generated rather than measured, so that both controllers face an identical year and 
every run is reproducible from its seed. Irradiance follows a clear-sky half-sine peaking at 900 W m-

2, with sunrise and sunset shifted by ±2 h over the year to give the seasonal daylight cycle. Each day 
is then given a cloud class: clear, broken or overcast, with probabilities 0.45, 0.35 and 0.20. On 
broken days, a cloud arrives with probability 1/15 and clears with probability 1/8 per minute, 
passing 25 to 55% of the clear-sky value; overcast days pass a steady 35%. This two-state cloud 
process produces the minute-scale ramps that the supercapacitor is sized for. A smooth irradiance 



 
 
 
 
 
 

model would remove the fast component of the imbalance and, with it, the reason for the timescale 
split in equation (6). Ambient temperature is a 20 °C mean with seasonal ±8 K and daily ±5 K cycles 
and 1 K of random variation, and enters the PV model through the cell-temperature correction of 
equation (9). Wind speeds are drawn hourly from a Weibull distribution (shape 2, scale 8 m s-1), 
modulated by a ±30% daily cycle and 10% minute-scale turbulence, then passed through the power 
curve of equation (10). 

PV power uses the linear temperature correction of module efficiency [13], 

 𝑃JK 	= 	 𝜂JK 	𝐴JK 	𝐺(1	 −	𝛼L 	(𝑇M 	− 	25)),				𝑇M 	= 	𝑇E 	+ 	0.03	𝐺 (9) 

with temperatures in °C and G in W m-2. The wind turbine follows a piecewise cubic power curve 
[14], 

 𝑃N 	= 	

⎩
⎪
⎨

⎪
⎧𝑃VN 	

𝑣O 	− 	𝑣'PO

𝑣$O 	− 	𝑣'PO
, 𝑣'P 	≤ 	𝑣	 < 	𝑣$,

𝑃VN, 𝑣	 ≥ 	 𝑣$,

0, 𝑣	 < 	𝑣'P,

 (10) 

and trips above vco, restarting only when the speed falls below 20 m s-1. 

3.4.  Load and energy balance 
The load follows a 2 MW base with daily and seasonal harmonics, 

 𝑃+(𝑡) 	= 	2	MWN1	 + 	0.3	sin
2𝜋(ℎ	 − 	6)

24
	+ 	0.15	sin

2𝜋	𝑑
365

	+ 	𝜀(𝑡)W (11) 

where h is the hour and d the day. The noise ε adds an hourly Gaussian term (standard deviation 
0.05) and a minute-scale autoregressive term (0.01), and the load is clipped to 0.5 to 3.5 MW. Over 
the year the load consumes 17 514 MWh, and renewables generate 12 820 MWh, equal to 73.2% of 
it. Without storage, 41.9% of the load energy is not met locally and a surplus equal to 15.1% is 
curtailed. Even perfect storage could only move that surplus into the deficit, so no controller can 
bring the deficit below 26.8%. 

4.  Results 
Both controllers run on the same plant and weather year, and the energy balance closes to within 
10-12 MWh in both runs. 

4.1.  Annual performance 
Table 5 gives the annual indicators. The rule-based EMS lowers DL from 31.77% to 31.10%. Of the 
15.1 percentage points that storage could recover, the baseline recovers 10.1 and the rule-based EMS 
10.8, so most of the gain comes from the storage itself. Curtailment falls by 78%, from 2.92% to 
0.64%, because the controller spends 21% of the year in combined charge, where the battery and 
the electrolyser share the surplus. 

Table 5. Annual indicators (seed 42, one-minute step, 365 days). 

Indicator PRB TLRB 
DL, local supply deficit (%) 31.77 31.10 
Ccurt, curtailment (%) 2.92 0.64 



 
 
 
 
 
 

Indicator PRB TLRB 
RT, terminal hydrogen reserve 0.000 0.100 
δB, δS, δH, delivered fractions 0.53, 0.02, 0.41 0.38, 1.00, 1.00 
σS, SC request served (%); time full or empty (%) 2.1; 92.5 11.7; 73.6 
SC delivered energy (MWh) 41.2 231.2 
Time at the SoC floor (%) 43.1 53.3 
Fuel-cell output; electrolyser input (MWh) 442; 791 585; 1242 
Mean |Δf| (Hz); time with |Δf| ≤ 0.5 Hz (%) 0.221; 87.4 0.202; 87.1 
κV, voltage compliance (%) 98.3 89.0 
Lowest; highest Vi (pu) 0.950 (bus 18); 1.059 

(bus 33) 
0.924 (bus 18); 1.070 

(bus 33) 
 

Frequency changes little: the mean deviation falls only from 0.221 to 0.202 Hz. Because Δf is a 
static image of the imbalance, it follows the deficit. The supercapacitor moves minute-scale swings 
away from the battery but leaves the total imbalance almost unchanged. 

4.2.  Commanded against delivered energy 
The two controllers differ by only 0.67 percentage points in deficit, but their delivered fractions 
differ far more and show something the deficit cannot. Device limits are enforced downstream of 
the controller, so a command the plant cannot meet produces unserved load that is 
indistinguishable, in the annual total, from a command never issued. 

Under the baseline the plant refuses 47.4% of the battery energy commanded, 97.9% of the 
supercapacitor energy and 58.8% of the hydrogen energy. Fixed shares ask each device for 20 to 
50% of every imbalance regardless of its state: the bank has the power for its 20% share but only 
7.38 kWh of usable energy, and the tank is empty from day 25 onwards, so 30% of every subsequent 
deficit is commanded from a branch that cannot respond. The baseline’s commanded dispatch is not 
the dispatch the plant executes, yet its 31.77% deficit cannot tell the two apart. 

The rule-based EMS clips every command to the device limits it can compute from the measured 
states, so δS = δH = 1.00 by construction and no supercapacitor or hydrogen energy is refused. This 
is not the same as using the devices well. Measured before clipping, its supercapacitor serves 11.7% 
of the fast request against 2.1% under the baseline, and the bank is still full or empty for 73.6% of 
the year; its battery fraction of 0.38 reflects a battery that sits at its 0.20 floor for 53% of the year. 
Feasibility and utilisation are separate questions, and clipping settles only the first. 

4.3.  Timescale split 
Figure 4 shows day 208, the day with the largest PV ramps. The slow part follows the trend of the 
imbalance, and the fast part carries cloud-edge steps of up to 2 MW. The bank delivers between 
−300 and 600 kW, but its state of energy swings between 1.0 and its lower bound many times. It has 
the power for the fast part but not the energy, and whatever it cannot take passes to the battery and 
the hydrogen branch in the same minute. Figure 5 gives the full dispatch of the rule-based EMS on 
the same day. Before hour 12 the renewables stay below the load for most minutes and the unserved 
trace reaches 1.4 MW, but the stores are exhausted rather than idle: the battery is at its 0.20 floor, 
the tank just above its 0.10 cut-off, and the supercapacitor is cycling between full and empty. What 
the plant lacks in the morning is stored energy, not converter rating. 



 
 
 
 
 
 

 
Figure 4. Timescale split on day 208, the day with the largest PV ramps. (a) Net imbalance and its 
slow and fast parts from the 10-minute filter. (b) Supercapacitor power and state of energy. 

 
Figure 5. Rule-based EMS on day 208, the day with the largest PV ramps: (a) load, renewable output 
and unserved power; (b) delivered power per device, positive when discharging; (c) supercapacitor 
command, delivered power and state of energy. 

4.4.  Storage states over the year 
Figure 6 gives the daily mean storage levels. The battery state of charge stays between 0.2 and 0.4 
on most days. Both controllers start with a half-full tank. The baseline empties it by day 25 and 



 
 
 
 
 
 

never rebuilds it, while the rule-based EMS holds it between 0.10 and 0.12 for the rest of the year. 
Its hydrogen balance closes: the 1242 MWh absorbed by the electrolyser can return 473 MWh at 
the fuel-cell output. Together with the 140 MWh in the initial tank, this covers the 585 MWh 
delivered and the 28 MWh left at the end. 

 
Figure 6. Daily mean storage levels over the year. (a) Battery state of charge, with its 0.20 floor. (b) 
Hydrogen tank level, with the 0.10 fuel-cell cut-off of the rule-based EMS. 

4.5.  Voltage and placement 
Figure 7 gives the range of each bus voltage over the year. Under the baseline no bus falls below 
0.95 pu, and the only violations are over-voltages at the end of the 26–33 lateral when PV peaks, in 
1.7% of the year. The rule-based EMS leaves the band in 11.0% of the year. Under-voltage at bus 18 
accounts for 9.4% of the year and occurs while the electrolyser is drawing power. 

 
Figure 7. Bus voltages over the year with units at their buses (battery 22, PV and supercapacitor 33, 
wind 25, hydrogen 18): mean and minimum-to-maximum range for both controllers. 

4.6.  Seasonal representative days 
The rules pick days 31, 82, 186 and 289 (table 6). The rule-based EMS lowers the deficit in winter 
by 0.2 percentage points, in spring by 2.7 and in summer by 2.2, and it lowers curtailment and the 
mean frequency deviation on all four days. On the autumn day, however, it raises the deficit from 
29.06% to 31.46%, because the fuel-cell cap protects the tank instead of serving load (figure 8). The 
winter gain is small because the tank starts that day at its 0.10 cut-off. 



 
 
 
 
 
 

Table 6. Day-level results on the four representative days; symbols and PRB, TLRB as in table 1, 
with SoHH₂ taken at 00:00. 

Season Day SoHH₂ at start 
(PRB / TLRB) 

DL %, PRB / 
TLRB 

Curtailed MWh, 
PRB / TLRB 

κV %, PRB / 
TLRB 

Mean |Δf| Hz, 
PRB / TLRB 

Winter 31 0.000 / 0.100 58.89 / 58.70 0.25 / 0.07 100.0 / 99.6 0.403 / 0.399 
Spring 82 0.000 / 0.106 39.39 / 36.72 0.72 / 0.00 100.0 / 93.3 0.293 / 0.265 
Summer 186 0.000 / 0.104 19.38 / 17.16 3.48 / 0.97 100.0 / 71.1 0.169 / 0.121 
Autumn 289 0.002 / 0.112 29.06 / 31.46 2.52 / 0.65 95.9 / 79.9 0.190 / 0.178 

 

 
Figure 8. Dispatch on the summer (day 186) and autumn (day 289) representative days. Dark areas 
discharge and light areas charge; the line is unserved power. Boxes give the day’s deficit and the 
battery and tank levels at 00:00. 

5.  Conclusions 
This paper placed a battery, a supercapacitor bank, a hydrogen branch and their PV and wind 
sources at the four distributed-generation buses of the enhanced IEEE 33-bus benchmark, and 
compared a pro-rata baseline with a two-layer rule-based EMS over a full year at one-minute 
resolution. Placement follows from voltage sensitivity: the battery and the wind turbine go to the 
two stiffest buses, the PV and the supercapacitor to the end of the long lateral, and the hydrogen 
branch to the weakest bus. Renewable generation equalled 73.2% of the load energy, which bounds 
any controller’s deficit between 26.8% and 41.9%. 

The rule-based controller reached a deficit of 31.10% against 31.77%, cut curtailment from 
2.92% to 0.64%, and held a tenth of the hydrogen tank all year, whereas the baseline emptied it 
within 25 days. The cost was voltage compliance, which fell from 98.3% to 89.0% because the 
electrolyser draws power at the weakest bus. Judged on deficit alone, the two would be almost 
equivalent. The indicators that separate them are the reserve and the delivered fraction of 
commanded energy. On these, the plant refused 47%, 98% and 59% of the baseline’s battery, 



 
 
 
 
 
 

supercapacitor and hydrogen commands, but none of the rule-based EMS’s supercapacitor or 
hydrogen commands. The supercapacitor bank, built from 72 commercial modules, empties in 22 s 
at full power, so a step coarser than one minute would not resolve what it does. It delivered 
231 MWh a year under the rule-based controller against 41 MWh under the baseline, yet served 
only 11.7% of the fast request, because it is short of energy rather than power. 

5.1.  Contributions 
The contributions are: 

1. A T-HESS dispatched at one-minute resolution over a full year. The battery, the 
supercapacitor with the PV array, the wind turbine and the hydrogen branch are placed at 
the four distributed-generation buses of the enhanced IEEE 33-bus benchmark according to 
voltage sensitivity. 

2. Two strategies formulated on one interface: a pro-rata baseline with fixed shares and no state 
feedback, and a two-layer rule-based EMS combining a timescale filter, an 11-state machine 
with a tank-level cap on the fuel cell, and a 45-rule fuzzy layer. 

3. An evaluation on six indicators rather than one, adding the terminal hydrogen reserve and 
the delivered fraction of commanded energy to deficit, curtailment, frequency and the voltage 
at all 33 buses. 

4. A seasonal assessment on four representative days chosen by a fixed rule, which identifies 
when preserving the hydrogen reserve costs load. 
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