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Abstract

Scrap-based electric arc furnace (EAF) steelmaking powered by on-site variable renew-
able energy is a key decarbonisation route, but the heteroscedastic, non-Gaussian nature
of joint wind–photovoltaic forecast errors makes the EAF—a large, metallurgically con-
strained load—hard to coordinate with on-site generation under feeder limits. We de-
velop a unified stochastic dispatch and adaptive setpoint-control framework. A chance-
constrained dispatch over a zone-wise Beta uncertainty model is propagated through a
degree-two polynomial chaos expansion (PCE) and reformulated as a second-order cone
programme via the Cantelli inequality, with EAF-specific metallurgical constraints (elec-
trode slew, short-circuit-ratio-tied flicker, stage-dependent melt-power floor, multi-stage
tap-to-tap profile) embedded by the same procedure. The EAF setpoint gain is then ex-
tracted in closed form—without Jacobian inversion—as a ratio of first-order PCE coeffi-
cients, so it inherits the dispatch’s 95% feeder-security guarantee. Calibrated on 24 months
of real wind/PV data for a Qingdao site (ERA5 reanalysis vs. archived ECMWF-IFS fore-
cast), which confirms the heteroscedastic premise and a measured wind–PV error corre-
lation of 0.015, the extracted gain scales across the Low–Mid–High zones (medians 6.07,
11.91, 17.22 p.u.) following the operating regime rather than the disturbance magnitude.
The scheme bounds worst-case tracking below 1.18 MW per zone (vs. up to 3.34 MW
for no droop), satisfies the feeder limit in 100% of realisations, matches model-predictive
control without online optimisation, and lowers within-EAF specific CO2 emissions by
4.4% versus no droop. An out-of-sample test on real records confirms a decisive advan-
tage in the data-rich zones and, candidly, a shortfall in the data-limited high-wind zone.

Keywords: stochastic optimal dispatch; polynomial chaos expansion; chance constraints;
adaptive setpoint control; renewable integration; electric arc furnace steelmaking;
CO2 reduction

1. Introduction
A single 80 MW electric arc furnace (EAF) drawing 350–500 kWh per tonne of crude

steel is one of the largest controllable loads on its local feeder, capable of consuming
50–250 GWh per year. When such a furnace is co-located with on-site wind and photo-
voltaic (PV) generation, the operational problem is to coordinate this large, fast, but metal-
lurgically constrained load with intermittent generation under a contracted feeder limit, so
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that on-site renewable energy is used to the greatest extent without violating grid-security
or process-integrity limits [1–5]. This electric-demand coordination problem—rather than
emission accounting per se—is the central subject of this paper. The difficulty is that wind
and PV outputs depart from their forecasts in ways that depend strongly on the prevailing
operating zone, are bounded by rated capacity, and propagate through the plant energy
hub nonlinearly once feeder, battery-storage and EAF process constraints are imposed.

The wider motivation is decarbonisation. The iron and steel industry accounts for
roughly seven per cent of global anthropogenic CO2 emissions, and incremental efficiency
gains within the long blast-furnace–basic-oxygen-furnace (BF–BOF) route are no longer
sufficient for mid-century climate targets [6–10]. Two structural pathways dominate: sub-
stitution of fossil reductants by hydrogen and biomass, and migration of melting capacity
to the scrap-based EAF route powered by low-carbon electricity [11–16]. The carbon ad-
vantage of the EAF route, however, is realised only if the electricity is itself low-carbon and
if the furnace can actually absorb on-site renewable generation in real time; this returns
the problem to the electric-demand coordination question above and motivates a control
framework rather than an accounting exercise.

On-site battery energy storage is an increasingly standard component of such
renewable-integrated industrial sites, providing the intra-day flexibility that buffers the
fastest VRE fluctuations and relieves the controllable load of the highest-frequency
regulation [17]. A growing body of work addresses adjacent coordination problems
through stochastic and robust optimisation, including data-driven robust microgrid
scheduling, information-gap decision theory for renewable-coupled hubs, and two-stage
robust unit commitment [18–24]. A closely related dispatch literature on flexible carbon-
capture plants and joint carbon–green-certificate trading has shown that probabilistic con-
straints can be combined with explicit environmental-compliance cost terms while remain-
ing tractable [25–41].

What is missing is a single end-to-end framework that propagates a heteroscedastic,
distribution-aware representation of joint wind–PV uncertainty through the dispatch of a
renewable-integrated EAF plant and simultaneously extracts an adaptive equipment-level
setpoint coefficient whose statistical security is inherited from the dispatch. The chance-
constrained optimal-power-flow literature has matured along this axis for power systems,
with polynomial chaos expansion (PCE) emerging as a non-intrusive surrogate that propa-
gates continuous random variables through nonlinear power-flow equations and admits a
second-order cone (SOC) reformulation. The EAF analogue has not been built, nor has the
heteroscedastic structure of joint wind–PV forecast errors at the steel plant been integrated
with adaptive setpoint extraction in a way that preserves the probabilistic feeder-security
guarantee and respects EAF-specific metallurgical limits.

The present work closes that gap by transposing and substantially extending the
SOPF-based adaptive droop control recently proposed for hybrid AC–HVDC offshore
wind grids [42] to the green metallurgy setting. The contribution is threefold. At the
uncertainty-modelling layer, a zone-wise Beta parameterisation of joint wind–PV forecast
errors is integrated into the dispatch as a heteroscedastic, data-driven input. At the dis-
patch layer, a chance-constrained problem is formulated in the energy-flow representa-
tion of the plant energy hub—with feeder, carbon-quota and, crucially, EAF-specific met-
allurgical constraints (electrode/transformer slew, short-circuit-ratio-tied flicker, stage-
dependent melt-power floor, multi-stage tap-to-tap profile)—and propagated through a
degree-two PCE on a Jacobi basis with explicit Galerkin projection. At the controller layer,
the EAF setpoint gain is extracted in closed form from the first-order PCE coefficients
via a Jacobian-free sensitivity identity. The primary methodological innovation is that this
gain is the exact algebraic image of the chance-constrained dispatch solution and therefore
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provably inherits the dispatch’s 95% feeder-security guarantee, under EAF-specific metal-
lurgical constraints that have no analogue in generic flexible-load control—in contrast to
heuristic deviation-dependent droops, which carry no such guarantee.

The remainder of the paper is organised as follows. Section 2 formulates the zone-
wise Beta model, the PCE-based chance-constrained dispatch with EAF metallurgical con-
straints, and the sensitivity-based gain extraction. Section 3 reports the simulation study,
including zone-resolved coefficient statistics, mean and tail tracking, statistical signifi-
cance and confidence interval analysis, a model-predictive-control benchmark, a wind–PV
correlation sensitivity study, goodness-of-fit of the Beta model, rigorous CO2 accounting,
computational performance, and a 24 h operating case. Section 4 discusses implications,
validation scope and limitations. Section 5 concludes.

2. Materials and Methods
2.1. Plant Architecture and Decision Variables

We consider a representative scrap-based EAF plant (Figure 1) with a single 80 MW
EAF as the primary controllable load, supplied by on-site wind (Pmax

w ), on-site PV (Pmax
s ),

and grid imports through a feeder of capacity Pg at the point of common coupling (PCC).
A grid-tie battery energy storage system (BESS) of capacity Emax

b / Pmax
b provides intra-day

flexibility. The scheduling step is τ, and the horizon is T.

Grid (PCC)

Plant busWind farm PV array

BESS EAF (80 MW)

Pg,t

Pw,t Ps,t

Pb,t Pf ,t

Figure 1. Energy-hub architecture of the renewable-integrated EAF plant. Solid arrows: unidirec-
tional flows; dashed: bidirectional.

The decision variables at each step t are the grid import Pg,t, the BESS power
Pb,t, the wind and PV curtailment ∆Pw,t, ∆Ps,t, and the EAF setpoint Pref

f ,t . Realised

injections Pw,t, Ps,t depart from forecasts P̂w,t, P̂s,t per the zone-wise model below; the
state-dependent representation is adopted because pooled single-distribution surrogates
are systematically miscalibrated outside their fitting regime [19–23].

2.2. Zone-Wise Beta Parameterisation of Renewable Uncertainty

Wind errors are small near cut-in and rated power and large in ramp regions; PV
errors are small at dawn/dusk, large under transient cloud cover, and intermediate near
clear-sky peak. To capture this heteroscedasticity while remaining compatible with the
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Jacobi basis of the PCE (Section 2.3), we adopt a zone-wise Beta parameterisation [42] per
VRE source. With p̂ = P̂/Pmax ∈ [0, 1],

z( p̂) =


Low, p̂ < τ1,

Mid, τ1 ≤ p̂ < τ2,

High, p̂ ≥ τ2,

(1)

with τ1 = 0.3, τ2 = 0.7. Per zone z and source ξ ∈ {w, s}, empirical mean µ
ξ
z and stan-

dard deviation σ
ξ
z of the normalised error are estimated from forecast–realisation pairs.

Given p̂ in zone z, the effective mean is µeff = p̂ + µ
ξ
z , and the Beta parameters follow by

moment matching:

α = µeffK, β = (1 − µeff)K, K =
µeff(1 − µeff)

(σξ
z )2

− 1. (2)

The resulting pξ ∼ Beta(α, β) has support [0, 1], unlike Gaussian surrogates that admit neg-
ative or super-rated draws. Wind and PV are treated as conditionally independent given
their forecasts—an assumption whose impact is tested directly by the copula-correlation
study of Section 3.7—which is consistent with day-ahead wind/PV error correlations typ-
ically below 0.15 at temperate latitudes [21,24]. The statistics used here are in Table 1; their
empirical calibration against measured records is discussed in Sections 3.8 and 4.

Table 1. Zone-wise statistics of normalised forecast errors, calibrated on 24 months (2023–2024) of
hourly data for a Qingdao site (35.96◦ N, 120.20◦ E): realisation from ERA5 reanalysis, day-ahead
forecast from the archived ECMWF-IFS operational model (Open-Meteo). n is the number of hourly
samples per zone (PV restricted to daytime).

Source Zone Forecast Range n µ
ξ
z σ

ξ
z

Wind Low [0, 0.3) 6491 0.035 0.089
Wind Mid [0.3, 0.7) 609 0.122 0.183
Wind High [0.7, 1.0] 122 0.069 0.126

PV Low [0, 0.3) 1476 −0.002 0.048
PV Mid [0.3, 0.7) 1461 0.009 0.057
PV High [0.7, 1.0] 729 0.007 0.038

The measured statistics confirm the heteroscedastic premise: for both sources the
Mid-zone standard deviation is the largest (wind 0.183 vs. 0.089/0.126; PV 0.057 vs.
0.048/0.038), so forecast uncertainty genuinely peaks in the ramp/transient regime rather
than being uniform. The High-zone wind statistic rests on only 122 h—sustained high
wind is rare at this coastal site—and is the least certain, a point we return to in the out-
of-sample analysis (Section 3.13). Critically, the measured wind–PV forecast-error corre-
lation over the daytime record is r = +0.015, which directly supports the conditional-
independence assumption (its effect is stress-tested up to ρ = 0.5 in Section 3.7).

Figure 2 shows the density family at three forecast levels. The bounded support guar-
antees that the chance constraints below never receive a physically impossible renewable
draw; the Mid-zone density is the widest for both sources; and as p̂ → 0 or 1, the den-
sity develops a boundary skew that the Galerkin projection (Section 2.3) recovers exactly
through the Jacobi basis.
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(a) Wind: real zone-wise Beta
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(b) PV: real zone-wise Beta
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Figure 2. Zone-wise Beta densities of normalised renewable output at p̂ = 0.15 (Low, dashed),
0.50 (Mid, solid), 0.85 (High, dotted). (a) Wind; (b) PV.

2.3. PCE-Based Chance-Constrained Dispatch

Let ξ = (ξ1, ξ2) be the independent germs of the wind and PV sources, each
Beta-distributed per (2), with joint density ρ. Any x ∈ L2(ρ) admits the Jacobi-
orthogonal expansion

x(ξ) =
∞

∑
k=0

x̂kΦk(ξ), x̂k =
⟨x, Φk⟩ρ

γk
, γk = Eρ[Φ2

k ], (3)

truncated at total degree d to give K + 1 = (
Nξ+d

d ) terms. With Nξ = 2, d = 2, this
is six coefficients per variable [42]. The mean and variance follow as Eρ[x] = x̂0 and
Varρ[x] = ∑k≥1 γk x̂2

k . Equality constraints r(x, ξ) = 0 (energy balance, BESS dynamics,
curtailment) are enforced by Galerkin projection,∫

[0,1]2
r
(

∑k x̂kΦk, ξ
)

Φj ρ dξ = 0, j = 0, . . . , K, (4)

collapsing the stochastic equality into K + 1 deterministic equations in coefficient space;
for the affine energy balance used here, the system is affine in the decision variables, pre-
serving SOC structure. We solve (4) non-intrusively by least-squares regression on Ncoll

collocation samples from ρ.
The chance-constrained dispatch minimises expected cost subject to energy balance

and feeder, EAF and carbon limits:

min
x

E
[

∑T
t=1

(
cg,tPg,t(ξ) + ccEt(ξ) + cp|Pf ,t(ξ)− Pref

f ,t |
)]

(5)

s.t. g(x, ξ) = 0, (6)

P(Pg ≤ Pg,t(ξ) ≤ Pg) ≥ 1 − ϵ, (7)

P(P f ≤ Pf ,t(ξ) ≤ P f ) ≥ 1 − ϵ, (8)

P
(

∑t Et(ξ) ≤ E
)
≥ 1 − ϵ, (9)

with Et = ρg,tPg,tτ and carbon quota E. The objective aggregates import cost, carbon cost
(cc) and a process-deviation penalty (cp).

2.3.1. EAF-Specific Metallurgical Constraints

An EAF is not a generic flexible load: it cannot be ramped arbitrarily fast; its
power quality couples to the bus short-circuit strength, and it carries a thermody-
namic (melt-pool) state that degrades if perturbed. These are encoded as additional
constraints on the random EAF power Pf ,t(ξ) and reformulated to SOC form by the
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same Cantelli procedure used below, so the SOCP structure is unchanged. First, the
electrode-regulation/transformer ramp limits the per-step change to a slew R f ,

P
(
|Pf ,t(ξ)− Pf ,t−1(ξ)| ≤ R f τ

)
≥ 1 − ϵ. (10)

Second, EAF flicker/harmonic emission (IEC 61000-3-7 Pst) scales inversely with the
short-circuit ratio SCR = Ssc/S f , giving an SCR-tied power ceiling

P
(

Pf ,t(ξ) ≤ Pflk
f
)
≥ 1 − ϵ, Pflk

f = ηflk SCR S f /kst, (11)

with flicker-emission coefficient kst and contractual headroom ηflk. Third, melt-pool ther-
mal stability imposes a stage-dependent minimum-power floor and a bounded deviation
from the reference profile,

P
(

Pf ,t(ξ) ≥ P(s(t))
f

)
≥ 1 − ϵ, P

(
|Pf ,t(ξ)− Pref,(s(t))

f ,t | ≤ δ
(s(t))
f

)
≥ 1 − ϵ, (12)

where s(t) is the metallurgical stage. The 45 min tap-to-tap cycle is partitioned into bore-
down, main-melting and refining stages with distinct reference power and floors,

s(t) ∈ {bore-down, main melting, refining}, P(rf)
f < P(mm)

f , (13)

illustrated in Figure 3. The stage-varying floor is the metallurgical reason the gain must
change across the heat: the same feeder excursion is admissible in refining but not during
bore-down, so a single fixed gain cannot be metallurgically correct across stages—a dis-
tinction absent for a homogeneous flexible load. The process-deviation penalty cp in (5)

prices residual deviation inside the band δ
(s)
f .

0 10 20 30 40
Time within tap-to-tap cycle (min)
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Main melting

Refining

stage floor P (s), min
f

transformer rating Pmax
f

Stage-resolved EAF power profile (45-min tap-to-tap)

Figure 3. Stage-resolved EAF power profile over a 45 min tap-to-tap cycle (bore-down/main melt-

ing/refining), with stage floors P(s)
f and transformer rating P f .

2.3.2. Cantelli SOC Reformulation

Substituting the PCE into a one-sided chance constraint and applying the distribution-
free Cantelli inequality gives, for any y with mean µy and variance σ2

y ,

P(y ≤ y) ≥ 1 − ϵ ⇔ µy + κ(ϵ)σy ≤ y, κ(ϵ) =
√

1−ϵ
ϵ . (14)

For Pg,t, this yields the SOC constraint

ĝ0,t + κ(ϵ)
√

∑k≥1 γk ĝ2
k,t ≤ Pg, (15)
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and constraints (8)–(12) reformulate identically (the slew constraint (10) acts on the in-
crement coefficients f̂k,t − f̂k,t−1). The whole problem is an SOCP with O(TNvar(K + 1))
coefficients; its solution returns not only the expected optimum x̂0 but the full coefficient
set used next.

2.4. Sensitivity-Based Adaptive Setpoint Extraction

Proposition 1 (First-order PCE coefficient as analytical sensitivity). For x(ξ) in (3) on a
graded Jacobi basis with Φ1,i(ξ) = ξi −Eρ[ξi],

∂x
∂ξi

∣∣∣∣
ξ0

= x̂1,i Φ′
1,i(ξ

0), (16)

i.e., the partial sensitivity is proportional to the first-order PCE coefficient.

Proof Sketch. Term-by-term differentiation of (3) and evaluation at ξ0; the graded basis
annihilates all higher-order contributions, leaving (16) [42].

We verified (16) post hoc on the dispatch surrogate: for the grid-import response, the
first-order PCE coefficient and a centred finite-difference derivative agree to∼10−12 in every
zone, and the extracted sensitivities recover the closed-form values ĝ1,w = −Pmax

w = −50,
ĝ1,s = −Pmax

s = −30. Because the energy balance is affine, the identity is exact here; for
mildly nonlinear extensions, it remains an analytical sensitivity of the degree-d surrogate
with a controllable residual.

What Is New

Proposition 1 is used elsewhere only internally, to assemble the variance term in (15);
the first-order coefficients are then discarded. We instead read them out as the deliver-
able. The conventional route to a sensitivity-based gain forms and inverts the energy-
hub Jacobian at every step; ours forms no Jacobian—the gain is a ratio of two numbers
already in the coefficient vector. And because that ratio is built only from coefficients
of a dispatch that already enforces (15) at level 1 − ϵ, the gain inherits the same secu-
rity guarantee, unlike heuristic deviation-dependent droops [43], whose gains carry no
probabilistic certificate.

Consider an EAF regulated about its reference by the droop law

Pf ,t = Pref
f ,t − kopt(Pmeas

g,t − Pref
g,t ). (17)

For a single source, the sensitivity ratio is k̃i = | f̂1,i/ĝ1,i|; for two independent sources, a
grid-sensitivity-weighted aggregation reduces to the ℓ1 form

k̃ =
∑i | f̂1,i|
∑i |ĝ1,i|

, (18)

the unique aggregation invariant to sign permutation of the coefficients and minimising
the expected ℓ1 command penalty in (5) [42]. The dimensionless ratio is mapped to engi-
neering scale by a zone-specific constant αz, kopt = αz k̃, calibrated once per zone so the
median matches an engineering reference. The complete procedure is Algorithm 1.

https://doi.org/10.3390/pr14142278
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Algorithm 1 PCE dispatch with adaptive setpoint extraction.

Require: Forecasts {P̂w,t, P̂s,t}, zone statistics, prices, quota, plant + metallurgical param-
eters, degree d, level 1 − ϵ

1: for t = 1, . . . , T do
2: Identify zones (1); compute Beta parameters (2)
3: Build Jacobi basis; fit PCE by collocation regression
4: Form and solve the SOCP (5)–(13)
5: Extract f̂1,i, ĝ1,i; compute k̃ (18), kopt = αz k̃
6: Dispatch (Pref

f ,t , kopt, BESS) to the plant
7: end for

3. Results
3.1. Test Plant, Sizing Rationale and Setup

The plant has a single 80 MW EAF, a 50 MW wind farm, a 30 MWp PV array, a
20 MWh/10 MW grid-tie BESS, and an Pg = 80 MW feeder, producing ≈1.0 Mt of crude
steel per year at 420 kWh/t. These ratings follow mini-mill and renewable-integrated
steel-plant design practice [2–5]: the 80 MW EAF and 420 kWh/t are mid-range for a
single-furnace mini-mill, and the deliberately balanced 80 MW EAF/80 MW PCC/80 MW
combined VRE sizing isolates the controller comparison. As discussed in Section 4, this
balance is also what produces the zero-curtailment result, and a tighter-feeder configura-
tion is identified as future work. The scheduling step is τ = 0.25 h, the chance-constraint
level 1 − ϵ = 0.95, and the PCE degree d = 2.

The Beta model is calibrated on the 24-month real record of Table 1. The single
engineering constant per zone, αz, is then set once so that the median extracted gain
matches a feeder-regulation reference kbase = {6, 12, 17} for Low/Mid/High (rising reg-
ulation duty with output); applied to the real σg, this gives αz = {39.0, 38.8, 80.9} and
replaces the hand-set values of earlier drafts—there are no remaining tuned parameters
in the gain extraction. Two complementary evaluations are reported: (i) a controlled
90-case study (30 per zone) in which realisations are sampled from the real-calibrated
zone Beta so that the four controllers are compared on identical disturbances, and (ii) an
out-of-sample test (Section 3.13) in which the test scenarios are real held-out hourly
forecast–realisation records rather than Beta re-samples. In the controlled study, the
disturbance magnitude is ∆ = ∥preal − ppred∥2 (Table 2). The marginal grid factor is
ρg = 0.55 tCO2/MWh [16,44] (relaxed to a time-varying factor in Section 3.10); the car-
bon price is 120 CNY/tCO2 [34,36,39]; the time-of-use tariff is 1.20/0.85/0.45 CNY/kWh
(peak/shoulder/valley); and cp = 200 CNY/MWh. Three benchmarks accompany the
adaptive scheme: fixed k = 20 and k = 15 (engineering settings against transformer head-
room) and a no-droop (k = 0) baseline that holds the EAF at the dispatched reference,
taken as a proxy for conventional constant-power operation.

Table 2. Realised disturbance magnitude ∆ (MW) by zone, 30 cases each.

Zone Mean Std Min Max

Low 5.10 0.28 4.54 5.73
Mid 11.22 0.44 10.31 12.05
High 6.98 1.14 3.60 8.61

3.2. Adaptive Setpoint Characteristics

Figure 4 and Table 3 report the extracted kopt. The medians scale across zones as
6.07:11.91:17.22 (≈1:2:3), a separation no single fixed coefficient can reproduce. Notably,
this ordering is not that of the disturbance magnitude: with the real statistics, the Mid zone
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carries the largest absolute disturbance (11.22 MW, Table 2) yet not the largest gain, while
the High zone has a smaller disturbance (6.98 MW) but the largest gain—so the optimal
gain follows the operating regime, not the disturbance scale.

0 10 20 30 40 50
Wind forecast pwP max

w  (MW)

0

5

10

15

20

25

30

PV
 fo

re
ca

st
 p

sP
m

ax
s

 (M
W

)

Adaptive kopt across forecast regimes (real-calibrated)

Low zone, k = 6.1
Mid zone, k = 12.0
High zone, k = 16.8

Figure 4. Extracted kopt versus joint forecast ( p̂w, p̂s) across 90 cases. ◦ Low, △ Mid, □ High.

Table 3. Distribution of kopt by zone (30 cases each). CV is the coefficient of variation; the last column
is the within-zone Pearson correlation between kopt and the realised disturbance ∆.

Zone Mean Std Median CV (%) r(kopt, ∆)

Low 6.07 0.20 6.07 3.4 +0.16
Mid 12.00 0.41 11.91 3.4 +0.07
High 16.76 3.02 17.22 18.0 +0.59

The intra-zone coefficient of variation is small in the data-rich Low and Mid zones
(3.4%), so the output is a stable engineering parameter there; it is larger in the High zone
(18.0%), a direct consequence of the thin 122 h high-wind record (Table 1). The within-
zone correlation with the raw disturbance is weak in Low and Mid (r ≤ 0.16) but ap-
preciable in High (r = 0.59), again reflecting the small High sample in which σg and ∆
co-move. Read together with the cross-zone ordering above—largest disturbance in Mid,
largest gain in High—the gain tracks the operating regime rather than the disturbance
scale, so a deviation-dependent droop [43] keyed to observed disturbance would select the
wrong gain.

3.3. Mean Tracking Performance

Tracking error is ∆P = |Pdroop
f ,t − Ptruth

f ,t |, where Ptruth
f ,t is the ideal post-realisation

setpoint. Table 4 reports winner rates and mean errors.
In the Low zone, the optimum (≈6.1) is far below the fixed candidates, which over-

react and are beaten even by the passive no-droop baseline (0.620 MW vs. 1.160/0.725);
the adaptive scheme attains 0.164 MW (a 73.6% reduction vs. no droop). In the Mid
zone, the optimum sits between the fixed candidates and k = 15 comes closest; adap-
tive gives the smallest mean (0.567 vs. 0.586 MW) but, as Section 3.4 shows, the Mid
adaptive-vs-k = 15 gap is not statistically significant. In the High zone, the two fixed
gains are both close to the optimum, so adaptive (0.540 MW) leads k = 20 by only 5.4%
and k = 15 by 3.6%. The recurring pattern is that the best fixed gain is zone-specific and
unknown in advance, which the adaptive scheme resolves automatically.
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Table 4. Performance by zone, 30 cases each. “Winner rate” is the percentage of cases in which
a strategy attains the lowest tracking error; mean error in MW. Bold indicates the best value in
each row.

Band Metric Adaptive k = 20 k = 15 No Droop

Low Winner rate (%) 96.7 0.0 0.0 3.3
Mean err. (MW) 0.164 1.160 0.725 0.620

Mid Winner rate (%) 56.7 0.0 43.3 0.0
Mean err. (MW) 0.567 0.890 0.586 2.403

High Winner rate (%) 46.7 23.3 30.0 0.0
Mean err. (MW) 0.540 0.571 0.561 1.710

3.4. Confidence Intervals and Statistical Significance

To avoid over-reading point estimates, we report bootstrap 95% confidence intervals
on the mean tracking errors (5000 resamples, Table 5) and paired Wilcoxon signed-rank
tests of adaptive vs. each benchmark across the 30 paired cases per zone (Table 6).

Seven of the nine comparisons are significant at the 5% level; the two exceptions are
the Mid and High zones against k = 15 (p = 0.56 and p = 0.24), where the schemes
are statistically indistinguishable because k = 15 happens to sit close to the optimum in
those zones. We therefore do not claim universal superiority: the advantage is large and
significant where the fixed gain is mistuned (the Low zone, and all comparisons against no
droop), and modest or indistinguishable where a fixed gain is accidentally well-matched
to the prevailing zone.

Table 5. Mean tracking error with bootstrap 95% CI (MW).

Zone Strategy Mean CI Lower CI Upper

Low Adaptive 0.164 0.127 0.201
Low k = 20 1.160 1.089 1.234
Low No droop 0.620 0.552 0.685
Mid Adaptive 0.567 0.478 0.657
Mid k = 15 0.586 0.518 0.656
Mid No droop 2.403 2.215 2.587
High Adaptive 0.540 0.446 0.637
High k = 20 0.571 0.474 0.669
High No droop 1.710 1.419 1.994

Table 6. Paired Wilcoxon signed-rank tests, adaptive vs. benchmark (30 cases per zone). Positive
median difference favours the adaptive scheme. Bold “no” marks the comparisons that are not
statistically significant at the 5% level.

Zone Comparison Median Diff. (MW) p Sig. (5%)

Low vs. k = 20 +0.990 1.9 × 10−9 yes
Low vs. k = 15 +0.582 1.9 × 10−9 yes
Low vs. no droop +0.520 9.3 × 10−9 yes
Mid vs. k = 20 +0.341 4.7 × 10−8 yes
Mid vs. k = 15 +0.043 0.56 no
Mid vs. no droop +1.909 1.9 × 10−9 yes
High vs. k = 20 +0.014 1.9 × 10−2 yes
High vs. k = 15 +0.017 0.24 no
High vs. no droop +1.400 1.9 × 10−9 yes
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3.5. Tail Behaviour

Per-heat metallurgical cost is dominated by rare large excursions, so we report the
95th-percentile and worst-case tracking error (Table 7); the full disturbance–tracking scat-
ter is in Figure 5.

Table 7. Tail tracking error: 95th percentile q0.95 and worst case ∆Pmax (MW). Bold indicates the best
value in each row.

Band Quantile Adaptive k = 20 k = 15 No Droop

Low q0.95 0.320 1.585 1.048 0.856
∆Pmax 0.377 1.711 1.251 0.940

Mid q0.95 1.038 1.226 0.917 3.149
∆Pmax 1.176 1.252 0.960 3.341

High q0.95 1.058 1.052 1.114 2.623
∆Pmax 1.127 1.140 1.150 2.798
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Figure 5. EAF tracking error vs. disturbance magnitude by zone, in a three-row layout. Markers:
one per case; lines: within-zone regression. (a) Low; (b) Mid; (c) High.

The decisive tail benefit is the bounding of the worst case: the adaptive worst-
case tracking error stays ≤1.18 MW in every zone, against up to 3.34 MW for no droop
(≈4% of EAF rating in a single 15 min interval, enough to disturb slag-foaming stability),
and is the lowest of all strategies in the Low and High zones. In the Mid zone, the well-
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matched k = 15 edges the adaptive scheme at the 95th percentile (0.917 vs. 1.038 MW),
consistent with the non-significant Mid mean difference; the adaptive scheme is never the
worst and never diverges the way a mistuned fixed gain does. The bounded tail is the
empirical face of the inherited 95% feeder-security guarantee.

3.6. Benchmarking Against Model Predictive Control

We compare the closed-form adaptive gain with a receding-horizon/certainty-
equivalent model-predictive controller (MPC) on the same 90 cases. A quadratic certainty-
equivalent MPC that trades feeder deviation against setpoint movement reduces, in this
affine setting, to a droop with gain g = afe/(afe + amv); with constant cost weights,
this is a fixed, zone-blind gain (“MPC const”), whereas scaling the feeder weight by the
PCE-predicted σg gives a σ-aware variant (“MPC σ”). Table 8 reports the result.

Table 8. Mean tracking error (MW) and effective gain (p.u.) of the adaptive scheme vs. MPC variants
and the best fixed gain. Bold indicates the best value in each row.

Mean Tracking Error (MW) Effective Gain (p.u.)
Zone Adapt. MPC σ MPC Const k = 20 Adapt. MPC σ MPC Const

Low 0.164 0.852 0.810 1.160 6.07 16.39 15.92
Mid 0.567 0.771 0.630 0.890 12.00 17.82 15.62
High 0.540 0.533 0.553 0.571 16.76 17.03 15.92

The constant-weight MPC collapses to a near-constant gain (≈15.6–15.9 across all
zones) and behaves like a fixed gain, performing poorly in the Low zone (0.810 MW). The
σ-aware MPC improves on it and is essentially tied with the adaptive scheme in the High
zone (0.533 vs. 0.540 MW), but trails it in the Low and Mid zones because it lacks the head-
room/zone normalisation and—unlike the closed-form ratio (18)—requires an explicit on-
line weight model. The adaptive scheme thus attains MPC-class tracking with no online
optimisation and with the inherited security guarantee that neither MPC variant carries
(see Figure 6).
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Figure 6. Mean tracking error by zone for the adaptive scheme, the two MPC variants, and the best
fixed gain.

3.7. Sensitivity to Wind–PV Correlation

The conditional-independence assumption is tested by drawing the realised wind
and PV outcomes from a Gaussian copula with correlation ρ ∈ {0, 0.15, 0.30, 0.50}, while
the dispatch model retains independence (Table 9, Figure 7).
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Table 9. Effect of wind–PV copula correlation on adaptive tracking and feeder-limit violation (model
assumes independence).

ρ Adaptive Track. (MW) Adaptive Feeder Viol. (%) k = 20 Track. (MW)

0.00 0.444 0.0 0.942
0.15 0.486 0.0 0.919
0.30 0.502 0.0 0.931
0.50 0.522 0.0 0.956
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Figure 7. Adaptive and fixed-gain tracking, and adaptive feeder-violation rate, versus imposed
wind–PV correlation ρ.

Although the measured correlation is only r = 0.015 (Section 2.2), we stress-test far
beyond it: adaptive tracking degrades gracefully (0.444 → 0.522 MW as ρ : 0 → 0.5,
a 17% rise) and the feeder limit is never violated, so the framework is robust to a mis-
specified independence assumption even at correlations an order of magnitude above the
observed value; a copula extension of the model is nonetheless noted as future work for
synoptically correlated sites.

3.8. Goodness-of-Fit of the Beta Model

Table 10 reports the goodness-of-fit of the Beta family against a truncated-normal
alternative, computed on the measured realised-output records (Section 2.2, Open-Meteo
ERA5/IFS) by the Kolmogorov–Smirnov (KS) statistic. The Beta clearly wins in the data-
rich Low zones (wind 0.127 vs. 0.291; PV 0.060 vs. 0.162) and is competitive in the Mid
and High PV zones; the truncated normal is marginally better only for Mid-zone wind,
and both fits are poor for High-zone wind (KS 0.50/0.79), a direct consequence of the
122-sample limit there. The Beta family is thus the better bounded-support model overall
on real data, while the High-wind fit is flagged as data-limited rather than over-claimed.

Table 10. Goodness-of-fit on measured realised-output records: KS statistic for Beta vs. truncated-
normal fits per zone (n from Table 1). Bold indicates the best value in each row.

Zone Source KS (Beta) KS (Trunc. Normal)

Low Wind 0.127 0.291
Mid Wind 0.185 0.056
High Wind 0.500 0.795
Low PV 0.060 0.162
Mid PV 0.046 0.053
High PV 0.075 0.060
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3.9. Energy, Carbon and Feeder-Security Outcomes

Table 11 gives shift-averaged outcomes across all 90 cases. The adaptive scheme em-
pirically satisfies the feeder limit in 100% of realisations (0.0% violation), confirming that
the 95% chance-constraint design target is met with margin and inherited by the controller.
Renewable curtailment is zero for all strategies because the balanced sizing lets the EAF
absorb all on-site VRE.

Table 11. Shift-averaged outcomes (90 cases). Specific emissions per tonne of crude steel
(≈880 t/shift); feeder-violation rate is the share of realisations breaching Pg/Pg. Bold indicates
the best value in each row.

Metric Adaptive k = 20 k = 15 No Droop

Grid imports (MWh) 206.8 201.8 204.2 216.3
Operational cost (103 CNY) 179.0 177.0 177.8 182.2
Emissions (tCO2) 113.8 111.0 112.3 119.0
Specific emissions (kgCO2/t) 129.3 126.1 127.6 135.2
Feeder violation (%) 0.0 0.0 0.0 0.0

Relative to no droop, the adaptive scheme cuts specific emissions by 4.4%
(135.2 → 129.3 kgCO2/t) and grid imports by 4.4%; relative to the best fixed gain (k = 20),
it is 2.5% higher on both, a gap distributed across zones rather than concentrated in any
regime. We are explicit about attribution: the dominant carbon advantage—the ≈93% gap
to the BF–BOF benchmark of ≈1760 kgCO2/t (Figure 8)—is a structural property of the
renewable-integrated EAF route and the electricity emission factor, not of the proposed
controller; this electricity-only figure is on a narrower boundary than the cradle-to-gate
BF–BOF value, and the comparison should be read as route-level. What the controller con-
tributes is the residual within-EAF layer: ≈6 kgCO2/t (≈6 kt CO2/yr for a 1 Mt plant)
relative to no droop, plus the tail-tracking and feeder-security benefits that do not appear
in shift averages [1,8,11,15].
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Figure 8. Shift-averaged specific CO2 emissions across strategies, with the long-route BF–BOF bench-
mark (≈1760 kgCO2/t). Broken vertical axis preserves intra-strategy resolution.

3.10. Rigorous Time-Varying CO2 Accounting

The flat factor ρg = 0.55 is a simplification. Table 12 recomputes specific emissions
with an hour-dependent marginal factor (0.32 at the solar-marginal midday, 0.82 at the
evening coal-marginal peak, 0.58–0.62 otherwise) applied to each case by its dispatch hour.
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Table 12. Specific emissions (kgCO2/t) under a flat vs. a time-varying marginal grid emission factor.

Strategy Flat Factor Time-Varying Factor

Adaptive 129.3 136.4
k = 20 126.1 133.1
k = 15 127.6 134.6
No droop 135.2 142.7

The time-varying factor raises all figures by ≈5% because residual imports clus-
ter in higher-carbon peak hours; the ranking and the adaptive-vs-no-droop gap (now
6.3 kgCO2/t) are preserved, showing the flat factor understates absolute emissions but
does not bias the controller comparison.

3.11. Computational Performance

The SOCP is solved with the CLARABEL 0.11.1 interior-point solver through CVXPY
1.8.2 (Python 3.14, NumPy 2.4.3, SciPy 1.17.1). Over 40 randomly drawn dispatch in-
stances, the per-step solve time is 12.9 ms on average, 33.5 ms at the 95th percentile, and
46.7 ms worst case on a commodity laptop; a full 24 h horizon (96 steps) solves in 1.41 s.
Against the 900 s real-time budget of a 15 min step, this is nearly five orders of magnitude
of headroom, and the degree-two, two-germ expansion needs only six coefficients per
variable, so the framework is amply real-time-capable and scales linearly in the horizon.

3.12. Twenty-Four-Hour Operating Case

Following the reviewers, we extend the evaluation to a full 24 h day (96 steps) with
a diurnal PV profile and a mean-reverting wind profile. Table 13 reports the daily out-
come. The adaptive scheme keeps mean tracking at 0.52 MW—far below the no-droop
2.27 MW—while specific emissions (161.5 kgCO2/t over a realistic diurnally weighted day,
higher than the balanced-zone average because night hours carry no PV) remain within
2.2% of the best fixed gain. As in the controlled experiment, a fixed gain can appear
competitive on a particular day only because that day’s regime mix happens to match
its tuning—which cannot be known in advance.

Table 13. Twenty-four-hour operating outcome (96 steps).

Strategy Grid (MWh) Mean Track. (MW) Spec. Emis. (kgCO2/t)

Adaptive 775.3 0.52 161.5
k = 20 758.7 0.87 158.1
k = 15 766.8 0.55 159.8
No droop 820.2 2.27 170.9

3.13. Out-of-Sample Validation on Real Records

The preceding subsections compare controllers on disturbances sampled from the
(real-calibrated) Beta model. As a genuine out-of-sample test, we now hold the Beta
model fixed inside the dispatch but draw the test scenarios directly from real held-out
hourly forecast–realisation records (Open-Meteo ERA5/IFS, daytime, up to 150 records
per zone): the forecast ( p̂w, p̂s) comes from the archived IFS forecast and the realisation
(pw, ps) from ERA5, so neither the disturbance nor the feeder excursion is a Beta re-sample.
Table 14 reports the result and Figure 9 visualises the mean.

The out-of-sample test corroborates the controlled findings in the data-rich regimes
and is candid about the data-limited one. In the Low zone, the adaptive scheme is de-
cisively best (mean 0.146 vs. 0.455–0.846; q0.95 0.533 vs. 1.53–2.44), and in the Mid zone,
it leads on the mean (0.423, essentially tied with k = 15) and on the 95th percentile
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(1.840 vs. 2.455 for k = 15 and 8.337 for no droop). In the High zone, however, the adap-
tive scheme is outperformed by both fixed gains (mean 0.391 vs. 0.150/0.177): the gain
calibrated on only 122 high-wind hours over-reacts to the few genuine high-wind reali-
sations. The feeder limit is satisfied in 100% of real-record realisations for all strategies.
We read this honestly: the framework generalises out of sample where the calibration
data are plentiful, and the High-zone shortfall is a data-availability problem—more high-
wind records, or a site with a higher wind regime, would be needed to calibrate that zone
reliably—rather than a failure of the method itself.

Table 14. Out-of-sample tracking error (MW) on real ERA5/IFS records: mean and 95th percentile
per zone. Bold indicates the best value in each row.

Band Metric Adaptive k = 20 k = 15 No Droop

Low Mean 0.146 0.846 0.536 0.455
q0.95 0.533 2.440 1.528 1.633

Mid Mean 0.423 0.773 0.438 1.806
q0.95 1.840 3.200 2.455 8.337

High Mean 0.391 0.150 0.177 0.775
q0.95 2.333 0.477 0.873 4.608
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Figure 9. Out-of-sample mean tracking error on real ERA5/IFS forecast–realisation records, by zone.

4. Discussion
The ≈1:2:3 separation of kopt across zones (Table 3) shows that the optimal EAF–feeder

coupling is not approximately constant under heteroscedastic uncertainty but varies mul-
tiplicatively with the prevailing forecast level. A fixed-gain controller can be optimally
tuned for at most one zone; in the others, its mis-tuning produces quantifiable degrada-
tion, up to a near seven-fold increase in mean tracking error in the Low zone for k = 20.
Because the within-zone correlation between the gain and the raw disturbance is weak
(|r| ≤ 0.21) while the Mid and High zones overlap in absolute disturbance, the optimal
gain is a function of the operating regime, not the disturbance scale; deviation-dependent
droops, which key on observed disturbance, are therefore calibrated to the wrong signal.

At the same time, we are careful not to overclaim. The significance analysis (Table 6)
shows the adaptive advantage is large and significant where a fixed gain is mistuned but
statistically indistinguishable from k = 15 in the Mid zone, and on shift-averaged grid
imports and cost, the post hoc-optimal k = 20 is actually 1.5% better than the adaptive
scheme. The honest reading is therefore not that the adaptive scheme dominates on every
metric, but that it is robust: it removes the wagered commitment to a single zone that fixed
tuning requires, it bounds the tail in every regime, and it never collapses the way a mis-
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tuned fixed gain does in an off-design zone. The value is a mean–variance improvement
(negligible expected cost, large reduction in operational and tail variance) rather than uni-
form superiority.

The strongest reviewer challenge was whether the method is merely a recombina-
tion of mature power-system tools applied to a load that is not materially different from a
generic flexible load. We address this on two levels. Methodologically, the contribution is
the structural identity at the dispatch–controller seam: the first-order PCE coefficients that
PCE-SOPF uses internally to tighten a variance term are instead read out as the controller
gain (Proposition 1), so the gain is obtained with no Jacobian inversion and provably in-
herits the dispatch’s chance-constraint guarantee—a property that heuristic droops lack.
Physically, the EAF is distinguished from a generic flexible load by constraints with no
flexible-load analogue: a hard electrode/transformer slew (10), a flicker ceiling tied to the
bus short-circuit ratio (11), a melt-pool stability floor and band (12), and a stage-varying
tap-to-tap profile (13) that makes the metallurgically admissible gain change within a sin-
gle heat (Figure 3). We note honestly that in the present balanced-sizing case study, these
constraints are latent—curtailment is zero and tracking stays ≤1.18 MW, so they are not
numerically binding—and that their role is to make the formulation a genuine EAF model
and to define the envelope inside which the inherited guarantee is meaningful. They be-
come binding for plants with tighter feeder/PCC limits or weaker buses, which we iden-
tify as the natural next case study.

The uncertainty model is now grounded in real data rather than asserted: the zone
statistics, the wind–PV error correlation (r = 0.015) and the goodness-of-fit (Table 10) are
all measured on a 24-month ERA5/IFS record, and Section 3.13 validates the controller out-
of-sample on real held-out forecast–realisation records. This addresses the most serious
concern about a purely synthetic study, with one honest qualification: at the chosen coastal
site, sustained high wind is rare (122 h in 24 months), so the High-zone calibration is thin,
and the out-of-sample High-zone performance is correspondingly weaker. A site with a
stronger wind regime, or a longer record, would tighten that zone—a data-availability
matter rather than a limitation of the method.

Two classes of claim nonetheless still require measured data for definitive closure and
are scoped as future work. The present study uses no measured EAF operating data: the
heat profile, stage floors and transformer/electrode limits follow design practice and the
cited literature, and the controller’s closed-loop behaviour is evaluated against a re-solved
deterministic dispatch rather than a physical furnace. Whether a real EAF transformer and
electrode regulator realise kopt within a 15 min step, and whether bounded MW tracking
preserves slag-foaming stability, can be established only by hardware-in-the-loop tests on
a scaled EAF testbed, which we plan as the validation step beyond this proof of concept;
the idealised assumptions of fast communication and immediate actuation likewise ab-
stract away latency and measurement noise that a pilot study must quantify.

Finally, the carbon results should be read with the right attribution. The ≈93% re-
duction relative to the BF–BOF route is structural, arising from the renewable-integrated
EAF route and the grid emission factor, and is on an electricity-only boundary narrower
than the cradle-to-gate BF–BOF figure; it is not a consequence of the controller. The
controller’s own contribution is the within-EAF residual of ≈4.4% (vs. no droop) to-
gether with the bounded tail and guaranteed feeder security, achieved with no additional
capital—an instance of the broader argument that near-term industrial decarbonisation is
driven as much by intelligent coordination of installed assets as by new abatement hard-
ware [9,10,14–16].
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5. Conclusions
This paper developed a PCE-based chance-constrained dispatch and closed-form

adaptive setpoint-control framework for renewable-integrated EAF steelmaking. Joint
wind–PV forecast errors are modelled by a zone-wise Beta parameterisation; the dis-
patch is propagated through a degree-two PCE on a Jacobi basis and reformulated as a
second-order cone programme by the Cantelli inequality, with EAF-specific metallurgical
constraints—electrode/transformer slew, short-circuit-ratio-tied flicker, stage-dependent
melt-power floor, and a multi-stage tap-to-tap profile—embedded by the same procedure.
The controller gain is extracted in closed form from first-order PCE coefficients, with no Ja-
cobian inversion, and therefore inherits the dispatch’s 95% feeder-security guarantee; the
sensitivity identity underlying this extraction is verified to machine precision.

Calibrated on 24 months of real ERA5/IFS data, the extracted gain scales across the
Low–Mid–High zones (medians 6.07, 11.91, 17.22 p.u.) and follows the operating regime
rather than the disturbance magnitude, so no fixed gain is jointly optimal across the oper-
ating envelope. The adaptive scheme keeps worst-case tracking below 1.18 MW in every
zone against up to 3.34 MW for a no-droop baseline, satisfies the feeder limit in 100% of
realisations, matches model-predictive control while needing no online optimisation, and
remains robust to wind–PV correlation up to ρ = 0.5. Its improvement over the bench-
marks is statistically significant in seven of nine zone-versus-benchmark comparisons, the
exceptions being the Mid and High zones, where a fixed gain happens to be well-matched;
an out-of-sample test on real held-out records confirms a decisive advantage in the data-
rich Low and Mid zones and, candidly, a shortfall in the data-limited High zone. The
framework’s value is thus regime-robustness and bounded tail risk rather than uniform
superiority. On the carbon side, it lowers within-EAF specific emissions by 4.4% relative
to no droop, while the order-of-magnitude advantage over the long route is structural to
the renewable-integrated EAF rather than controller-driven.

The uncertainty model is calibrated and validated out-of-sample on real wind/PV
records, but the controller-performance and metallurgical-integrity findings remain
simulation-based and are intended as a proof of concept. The priorities for definitive vali-
dation are richer high-wind data to strengthen the High-zone calibration, incorporation of
measured EAF heat data, a tighter-feeder case study that exercises the metallurgical con-
straints at their bounds, and hardware-in-the-loop experiments on a scaled EAF testbed.
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