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Abstract. Dynamic tariffs require forecasts of how consumption 

responds to price signals not yet observed. We develop a Markov-
Switching Seasonal Autoregressive model with Exogenous variables 
(MS-SARX) that endogenously identifies latent consumption regimes 
and estimates regime-dependent price elasticities via an L2-regularised 

Expectation-Maximisation algorithm. Evaluated on operational smart-
meter data from Denmark’s largest distribution system operator across 
three case studies, MS-SARX reduces root mean square error by 6–22 % 

at the primary substation level relative to the strongest baseline per case, 
with the largest gains where consumption exhibits multimodal regime 

structure. Embedding these forecasts in a revenue-neutral tariff optimi-
sation yields model-implied peak-load reductions of 9–49 % and potential 
infrastructure d eferral savings of 0.7–47.7 million DKK. These tariff and
economic outcomes are simulation-based and contingent on the stabil-
ity of regime-specific price response under tariffs not yet observed; field
validation remains necessary. While demonstrated on a Danish DSO,
the framework transfers to other tariff regimes, countries, and customer
mixes wherever operational smart-meter and price data are available.

Keywords: Markov-switching models · demand-side flexibility · 
dynamic tariffs · distribution grid forecasting · regime-switching

1 Introduction 

Accelerating electrification of transport and heating in Denmark is expected to 

triple distribution-grid investment needs from approximately DKK 2 billion to
DKK 6.7 billion annually over the coming decade [11]. Demand-side flexibility 

(DSF) through dynamic tariffs offers a scalable alternative to traditional rein-
forcement: European studies estimate that flexibilit y activation could reduce
distribution investment by 27–80% [7]. Unlike explicit flexibility schemes that 
require bilateral contracts, implicit price-signal mechanisms scale across hetero-
geneous customer bases with low per-participant administrative cost [1,7]. A 
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companion paper [3] develops the policy and scalability argument for implicit 
DSF; the present work focuses on the forecasting methodology that enables 
dynamic tariff design. However, designing effective dynamic tariffs requires fore-
casting how consumption will respond t o tariff signals not yet observed, a
counterfactual prediction problem. Conventional approaches assume a station-
ary price–demand relationship [15,22], which may break down when industrial 
facilities switch between active and idle states at price thresholds, residential 
EV charging concentrates in low-price hours, and heat-pump operation creates 
weather–price interaction effects. Machine-learning models such as XGBoost
capture non-linearity but offer little insight into how and when consumption
responds to prices [5,12]. 

We address this gap with a Markov-Switching Seasonal Autoregressive model 
with Exogenous variables (MS-SARX), validated on operational smart-meter 
data from Cerius/Radius, Denmark’s largest DSO, across three case studies. 
Our contribution is threefold. First, we extend regime-switching methodology
from electricity price modelling [18,29] to consumption forecasting for DSO tariff 

design. Second, we quantify when regime-switching adds value over baselines 
(XGBoost, naive persistence) across secondary and primary substation levels. 
Third, we close the loop from f orecasting to grid management by embedding
MS-SARX in a revenue-neutral tariff optimisation evaluated via NPV analysis.
Figure 1 provides an overview of the a pplied methodology.

Fig. 1. Methodology overview. Left: forecasting pipeline (data, elasticity screening, 
MS-SARX estimation, 24 h evaluation). Right: t ariff design loop (counterfactual simu-
lation, NPV analysis).

2 Background 

Short-term load forecasting spans classical ARIMA/SARIMAX models [15,16, 
22], gradient-boosted trees [5,12], and deep-learning architectures [14]. While 

these achieve strong point-forecast accuracy, they are ill-suited to the counter-
factual what-if analysis tariff design requires: deep-learning baselines in par-
ticular are excluded here because their black-box nature prevents extraction 

of the regime-specific price coefficients needed for counterfactual optimisa-
tion, and because ≈13,000 hourly observations per substation is insufficient
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for high-capacity models to outperform well-specified parametric ones. Markov-
switching models, introduced by Hamilton [13] for business-cycle analysis, are 

widely applied to electricity price forecasting [18,23,29] and renewable g ener-
ation [24,25], but remain rare for consumption forecasting at the distribution-
grid level, despite the natural interpretation of consumption regimes (e.g. facility 

on/off, EV charging active/inactive). Empirical short-run price elasticities range
from −0.1 to −0.5 for residential customers [8,17,20], but static estimates cannot 
capture the state-dependent nature of demand resp onse. While the Flexibility
Function framework [19] models flexibility as a function of tariff trajectory and 

system state, our regime-switching approach can be viewed as a data-driv en
approximation where each regime implicitly encodes a distinct flexibility state.

Existing regime-switching applications in electricity thus focus on wholesale 

price dynamics rather than DSO-level consumption forecasting for tariff design, 
while the DSF literature typically assumes known, constant elasticities [7,8]. 
Recent work on distribution tariff design under uncertainty [2,28] highlights the 

need for demand models that capture heterogeneous price responses, but does 
not employ regime-switching structures. Data-driven approaches such as inverse
optimisation for consumer clusters [27] estimate price response from operational 
data; we extend this by letting the price response itself switch between latent
regimes, yielding regime-specific coefficients for counterfactual tariff evaluation.

3 Model  

3.1 MS-SARX Sp ecification

Let yt denote consumption at hour t and ut the exogenous electricity price signal. 
A latent regime variable st ∈  {1,  .  .  .  ,  K} is assumed to follow a first-order Marko v
chain with transition matrix P = [pij ], where pij = P (st = j | st−1 = i).

Prior to estimation, we apply the Yeo-Johnson power transformation [30]  to  

stabilise variance, followed by differencing to enforce stationarity. Differencing 

orders d (regular) and D (seasonal, period s) are determined by ADF and KPSS 

tests at the 5 % significance level. Denoting the Yeo-Johnson transform with 

parameter λ (estimated by maximum lik elihood) as ỹt = ψ(yt, λ), the differenced
series is

y∗
t = (1 − L)d(1 − Ls)D ỹt.

Within regime k, the differenced series follows an additive seasonal ARX 

process: 

y∗ 

t 
= ck + 

p 

i=1 

φk,i y
∗ 

t−i + 
P 

m=1 

Φk,m y
∗ 

t−ms 
+ 

r 

j=0

θk,j ut−j+εk,t, εk,t ∼ N (0, σ2
k)

(1) 
where φk,i and Φk,m are regime-specific non-seasonal and seasonal AR coefficients 
at lags i and ms respectively, ck is the intercept, and θk,j are exogenous price 

coefficients up to lag r. Unlike the multiplicative SARIMA formulation, the non-
seasonal and seasonal AR components enter additively without cross-product
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terms, reducing the parameter count from (p + P + pP ) to (p + P ).  The  full  

model i s denoted MS(K)-SARX(p, d, r)(P,D)[s].

3.2 Estimation via E M

Parameters are estimated by the Expectation-Maximisation (EM) algorithm [4] 
with the forward-backward procedure [26]  and  L2 regularisation. Initial regime 

assignments are obtained via Gaussian Mixture Model (GMM) clustering on 

consumption–price features, with silhouette scores guiding the number of com-
ponents.

E-Step. Forward probabilities αt,k = P (st = k | y∗ 

1:t,  u1:t) are computed recur-
sively: 

αt,k = 
f(y∗ 

t 
| st = k, Ht−1) i αt−1,i pik 

j 
f (y∗

t | st=j, Ht−1) i αt−1,i pij

(2) 

where Ht−1 = {y∗ 

1:t−1,  u1:t−1} is the information set and f(·) is the Gaussian 

emission density with regime-specific mean and variance. Backward probabilities 
βt,k yield smoothed probabilities γt,k = P (st = k | y∗ 

1:T 
,  u1:T ) and joint smoothed

probabilities ξt,i,j = P (st= i, st+1=j | y∗
1:T , u1:T ).

M-Step. Regime-specific parameters are updated via weighted ridge regression: 

β̂k 
= arg min 

β 
t 

γt,k (y
∗ 

t 
− xt β)2 + µ β 2

2 (3) 

where βk 
=  (ck,  φk,1,  .  .  .  ,  φk,p,  θk,0,  .  .  .  ,  θk,r,  Φk,1,  .  .  .  ,  Φk,P ) collects all regime-

specific coefficients and xt =  (1,  y∗ 

t−1,  .  .  .  ,  y∗ 

t−p,  ut,  .  .  .  ,  ut−r,  y∗ 

t−s,  .  .  .  ,  y  
∗
t−Ps)

stacks the corresponding regressors. Regime variances and transition probabili-
ties update as

σ̂2
k =

t γt,k(y
∗
t − ŷ∗

t|k)
2

t γt,k

, p̂ij =
T

t=2
ξt−1,i,j

T

t=2
γt−1,i

.

To prevent regime absorption, we regularise the transition matrix via 

Preg =  (1  − η) P + η U, η  =  0.10, U = 1 
K 
11 , 

where U is the uniform matrix, ensuring every state retains a m inimum transition
probability to all others. Since EM guarantees only local convergence [4], we 

restart from three GMM seeds and select the run with the highest log-likelihood. 
Convergence is declared when the relative log-likelihood change falls below 10−4. 
The L2 penalty is fixed at µ =  1.0 across all cases. Although the cases differ
greatly in consumption magnitude, a common penalty is justified because the
ridge term in Eq. (3) acts on the Yeo–Johnson-transformed and differenced series 
rather than on raw kWh, which substantially reduces the scale disparity between 

cases and makes µ approximately comparable across them. Model complexity is 
in any case governed c hiefly by the BIC-selected order grid rather than by µ;
systematic per-case tuning of the penalty is identified as future work (Sect. 6).
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3.3 Forecasting 

For a forecast horizon H, regime probabilities are propagated via πt+h = 
P πt+h−1, starting from filtered probabilities at time t. Point forecasts are 

regime-probability-weighted: 

ŷ∗
t+h =

K

k=1

πt+h,k ŷ∗
t+h|k (4) 

Forecasting is recursive: for h  >  1, the AR terms in Eq. (1) that depend on 

not-yet-observed consumption values are replaced by their predictions ŷ∗ 

t+h−1
,  so  

forecast errors accumulate over the 24-step horizon. Original-scale predictions are 

recove red by inverting the differencing and Yeo-Johnson transform. All metrics
are reported on original-scale consumption.

3.4 Model Selection 

Hyperparameters (p, P , r, K) are selected via grid search minimising the 

Bayesian Information Criterion:

BIC = np log(n) − 2L (5) 

where n is the number of observations and np counts all regime-specific coef-
ficients, transition probabilities, and initial-state probabilities. BIC is preferred 

over AIC because parameters grow multiplicatively with K, and the stronger 
penalty (log n vs. 2) guards against overfitting. The grid spans K ∈  {1, 2, 3}, 
p ∈  {1,  .  .  .  ,  16}, P ∈  {1,  .  .  .  ,  16}, r ∈  {0,  .  .  .  ,  24}, s ∈  {5, 6, 12, 24}. Performance 

is assessed on expanding-window cross-validation: the initial training window 

covers approximately 80 % of the data (≈ 432 days) and is expanded by one 24-
hour block at each step. Eac h step produces a 24-hour-ahead recursive forecast
evaluated on original-scale consumption (RMSE, MAE). BIC model selection
is performed on the training partition only, and the evaluation windows are
reserved for out-of-sample assessment. Baselines include naive persistence (24 h
lag) and XGBoost configured as a multi-output regressor (learning rate 0.1, 100
boosting rounds, max depth 6, subsample ratio 0.8, column subsample ratio 0.8)
with temporal features (hour-of-day, day-of-week) and lagged consumption/price
at lags 1–24.

3.5 Tariff Optimisation 

The forecasting model feeds into a tariff optimisation that minimises overloading 

at constrained substations. The tariff τ =  (τ1,  .  .  .  ,  τ24) is parameterised in B time 

bins (typically B =  3, covering roughly 8-hour blocks) and solved via L-BFGS-
B with box constraints τmin ≤ τb ≤ τmax. The objective is a weighted penalty
function:

τ∗ = argmin
τ

wcap

t

max(0, ŷt(τ) − Cth)
2
+ wrev ∆R(τ)2 (6)
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where Cth is the substation capacity threshold (e.g. 7,000 kW for Case 1, 
200 kVA ≈ 200 kW at unity power factor for Case 2), wcap and wrev are penalty 

weights, and 

∆R(τ)  = t 
τtŷt(τ) − R0 

R0 

is the relative revenue deviation from the baseline R0 = t 
τ 
base 
t yhist 

t 
.  Here  ̂yt(τ) 

denotes the MS-SARX c ounterfactual forecast under tariff scenario τ : the total
price signal ut = p

spot
t +τt is substituted into the regime-specific price coefficients

θk,j from Eq. (1), and regime probabilities are propagated forward under the new 

price to predict consumption. Weights wcap =  1,000 and wrev = 100 are tuned to 

reduce capacity exceedance while keeping revenue deviation within ±5 %. The 

revenue p enalty enforces approximate revenue neutrality relative to the current
Tariff Model 3.0 [9]. 

4 Data and Experimental Setup 

4.1 Data S ources

We use operational data from Cerius/Radius, Denmark’s largest DSO, serving 

1.5 million customers across Zealand. The dataset comprises: (i) hourly point-of-
delivery (POD) consumption from smart meters (Oct 2023–Apr 2025, ≈ 13,000 
observations per POD), (ii) day-ahead s pot prices from Nord Pool (DK2 zone)
via Energinet’s data service, and (iii) grid topology and transformer capacity
data from SAP/GIS systems.

The current specification uses only price as an exogenous covariate to isolate 

price–consumption dynamics. Omitting temperature is a limitation for heat-
pump-dominated loads (Sect. 6). 

4.2 Price Elasticity Screening

To identify flexibility candidates, we estimate price elasticity for industrial cus-
tomers averaging > 25 kWh/h via log-log OLS regression: 

ln Qt = α +  ̂ep ln Pt + Xtδ + νt, 

where Xt contains temporal controls (hour-of-day, day-of-week) and νt is the 

regression residual. Customers are classified as highly elastic (ˆ ep ≤ −0.25),
moderately elastic (−0.25 < êp ≤ −0.1), or inelastic (êp > −0.1), filtering at
p < 0.05.

Figure 2 shows that while 94.5 % of industrial customers are inelastic by 

count, elastic customers account for 12.9 % of total industrial consumption vol-
ume, indicating concentrated flexibility potential among larger loads.

4.3 Case Study Design

Three case studies capture diverse grid challenges (Table 1):
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Fig. 2. Price elasticity distribution among industrial customers. Left: by customer 
count. Right: by consumption volume (MWh). Elastic customers (ê p ≤ −0.1) represent
5.5 % of customers but 12.9 % of consumption.

Case 1: Industrial Facility. A primary substation approaching reserve capacity 

limits, with a major industrial customer exhibiting binary consumption (0 vs. 
200–300 kW) driven by spot-price thresholds. At the individual facility level the 

price–consumption correlation reaches ρ = −0.92, dropping to ρ = −0.78 at the
secondary substation aggregate due to co-located loads.

Case 2: Residential EV Area. A secondary substation serving 100–200 residen-
tial connections where nighttime EV charging exceeds the 200 kVA transformer 
rating by 20–50 % during low-price hours. Because this area contains distributed 

rooftop photovoltaics, the metered quantity is net consumption (gross load minus 
local generation and export) and is therefore negative during sunny, low-demand 

hours. This does not impair regime identification: the EM step operates on the 

differenced, Yeo–Johnson-transformed series, so negativ e net values simply popu-
late the low-consumption regime. Price coefficients are accordingly interpreted as
the response of net load—a negative θk,j reflects the combined effect of demand
reduction and export increase under high prices.

Case 3: Rural Distribution. A primary substation in a rural area with long radial 
feeders serving a mixed customer base of small industry, residential, and seasonal 
v acation properties, where peak demand periodically exceeds transformer capac-
ity.

Table 1. MS-SARX model configurations by case study. Ratio denotes t raining samples
per parameter.

Case Level Specification Params Samples Ratio 

1 Secondary MS(2)-SARX(11,1,12)(12,1)[5] 78 11 021 141:1 

1 Primary MS(3)-SARX(8,1,12)(6,1)[24] 93 12 672 136:1 

2 Secondary MS(1)-SARX(7,0,8)(12,1)[24] 30 11 016 367:1 

2 Primary MS(2)-SARX(16,1,24)(12,1)[6] 136 10 226 75:1 

3 Secondary MS(2)-SARX(9,0,4)(8,1)[12] 46 9 768 212:1 

3 Primary MS(2)-SARX(12,1,24)(16,1)[12] 112 10 416 93:1
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BIC selection yields case-specific seasonal periods (s =5  for Case 1 secondary, 
a five-hour production cycle; s =  6  for Case 2 primary, a six-hour EV rhythm), 
and selects K =1 for Case 2 secondary—reducing to a standard SARX—while
two regimes emerge at its primary level (Sect. 5.1). The seasonal differencing 

order is constrained to D ≤ 1, since higher orders cause error accumulation 

during the multi-step inverse transform that destabilises 24-hour-ahead forecasts.

5 Results 

5.1 Regime Iden tification

The MS-SARX models identify interpretable consumption regimes whose tran-
sitions align with price dynamics. Figure 3 illustrates this for Case 1 at two 

aggregation levels over the same representative week.
At the secondary (individual facility) level, two regimes capture the binary 

on/off pattern of the dominant industrial customer: Regime 1 (83.2 % coverage) 
spans the broad operating range while Regime 2 (16.8 %) isolates the low-price, 
high-consumption state. The transition matrix exhibits high persistence: self-
transition probabilities of 96.4 % (Regime 1) and 64.4 % (Regime 2). At the 

primary (aggregated) level, three regimes emerge: a baseline high-consumption, 
high-price state (65.0 %), a low-consumption, low-price state (27.6 %), and a 

high-consumption, low-price state (7.3 %). The third regime, absent at the facil-
ity level, shows how regime structure becomes richer through aggregation; kernel 
density estimates confirm that Regime 2 concentrates at high consumption and 

low price, consistent with a facility activating below its marginal cost threshold. 
More broadly, the recovered regimes admit direct physical readings: in Case 1
they track the dominant facility’s on/off production states; in Case 2 the sec-
ondary regime that emerges at the primary level aligns with hours of concen-
trated nighttime EV charging; and in heat-pump-dominated feeders the same
mechanism would be expected to separate thermostatically-driven heating bursts
from baseline demand. This correspondence between latent regimes and identi-
fiable operating states is what lets the regime-specific price coefficients be read
as distinct flexibility states rather than statistical artefacts.

For  Case  2,  BIC  selects  K =  1  at the secondary level, correctly reducing to 

standard SARX for this unimodal load, while at the p rimary level two regimes
emerge as aggregation creates systematic price-driven patterns—further evidence
that aggregation amplifies regime structure.

5.2 Forecasting Pe rformance

Secondary Substation Level. Table 2 presents forecasting performance at the 

secondary (local) level. MS-SARX achieves the low est RMSE in Cases 1 and 3.
For Case 1, MS-SARX improves RMSE by 3.2 % over XGBoost (the naive 

baseline attains lower MAE through diurnal persistence but higher RMSE vari-
ability). Case 2 is near-equivalent, consistent with K =1  selection, while Case 3 

shows the clearest advantage—an 18.3% RMSE improvement, as its mixed
customer base produces regime-dependent behaviour the switching structure
exploits.
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Fig. 3. MS-SARX forecast for Case 1 at secondary (top, 2 regimes) and primary level 
(bottom, 3 regimes). Actual consumption (black), prediction (dashed red) with regime-
probability shading; spot price below. (Color figure online)

Primary Substation Level. Table 3 reports primary-level performance, where 

MS-SARX shows consistent and substantial improvements.
Relative to the strongest baseline per case, RMSE reductions are 6.0 % in 

Case 1 (vs. Naive), 17.1 % in Case 2 (vs. Naive), and 22.3 % in Case 3 (vs. 
XGBoost). One asymmetry warrants comment: in Case 3, MS-SARX is eval-
uated on 82 daily forecast origins while the baselines are tabulated over the 

denser hourly grid (1,968 origins) for computational economy. Two considera-
tions make the 22.3 % comparison defensible. First, the Diebold–Mariano test 
underlying the significance claim pairs forecast errors at common origins and 

is therefore unaffected by the differing window counts. Second, because each 

origin contributes a full 24-hour recursive forecast, restricting the baselines to 

the same 82 daily origins changes their aggregate RMSE only marginally—for
the persistence baseline by under one percent—so the ranking is preserved. We
nonetheless recommend reporting all models on a common daily-origin grid in
any deployment-grade evaluation. In Case 1, naive persistence (RMSE 1555)
outperforms XGBoost (2022) owing to strong autoregressive structure, and MS-
SARX improves further by capturing regime transitions misaligned with the 24 h
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Table 2. Secondary substation forecasting performance (mean ± s.d. across expanding-
window evaluations; ≈1,900 windows per case). Best value per case and metric in bold.

Case Model MAE (kWh) RMSE (k Wh)

1 MS-SARX 76.7 ± 21.2 89.8 ± 22. 9

XGBoost 78.2 ± 23.9 92.8 ± 25. 6

Naive 24 h 65.2 ± 34.3 93.6 ± 43. 1

2 MS-SARX 16.6 ± 4.7 20.7 ± 5. 7

XGBoost 15.7 ± 4.8 20.9 ± 6. 1

Naive 24 h 19.2 ± 6.6 24.6 ± 8. 5

3 MS-SARX 11.0 ± 5.7 13.4 ± 6. 5

XGBoost 12.2 ± 6.6 16.4 ± 7. 1

Naive 24 h 12.6 ± 7.8 15.9 ± 8. 2

Table 3. Primary substation forecasting performance (≈1,968 evaluation windows; 
Case 3 MS-SARX: 82 windows). Best RMSE per case in bold.

Case Model MAE (kWh) RMSE (k Wh)

1 MS-SARX 1212 ± 498 1461 ± 568 

XGBoost 1718 ± 530 2022 ± 530 

Naive 24 h 1260 ± 449 1555 ± 518 

2 MS-SARX 1586 ± 786 1952 ± 924 

XGBoost 2052 ± 811 2444 ± 1025 

Naive 24 h 1912 ± 1162 2353 ± 1392 

3 MS-SARX 1320 ± 778 1580 ± 886 

XGBoost 1761 ± 792 2033 ± 837 

Naive 24 h 1977 ± 1222 2297 ± 1297 

cycle. The consistently stronger primary-level gains reflect aggregation effects
(Sect. 6). 

Explanatory Power. To complement the error metrics, we compute the out-
of-sample coefficient of determination R2 between predicted and observed con-
sumption across all 24 h windows. MS-SARX attains R2 of 0.22–0.58 at the 

primary level and 0.25–0.69 at the secondary level—highest in Case 2 (0.69 sec-
ondary, 0.58 primary), consistent with its diurnal regularity, and lowest in Case 1
(0.25, 0.22), reflecting the facility’s irregular load and a 64% mean consumption
increase in the test period relative to training.

Statistical Significance. Diebold–Mariano tests [6] confirm that all primary-level 
improvements are significant (p  <  0.05, MS-SARX vs. XGBoost for all cases; vs. 
Naive for Cases 2–3). At the secondary level, Cases 1 and 2 are not significant
(p > 0.10), consistent with the modest RMSE gaps.
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5.3 Tariff Optimisation 

We now evaluate whether these forecasting improvements translate into opera-
tionally useful tariff designs. The peak reductions and savings reported below 

are model-implied : they are obtained by simulating consumption under coun-
terfactual tariffs with the estimated regime-specific price coefficients, and 

should be read as planning estimates contingent on the stability of that price 

response, not as validated field effects. All tariffs use the bounds [τmin, τmax] =
[−0.2, 1.2]DKK/kWh, chosen to span the range of surcharges and rebates plau-
sible under Tariff Model 3.0 [9]. 

Case 1: Industrial Capacity Constraint. Fig. 4 illustrates the optimised tariff at 
the primary level. The tariff raises prices to 1.2 DKK/kWh during constrained 

morning hours (07:00–15:00) and drops to −0.2 DKK/kWh off-peak. The indus-
trial facility contributes a 90.3 kW peak reduction (48.9% of reserve capacity
exceedance). Load is shifted rather than curtailed, consistent with revenue neu-
trality.

Fig. 4. Tariff optimisation for Case 1 (industrial, primary level). (a) The optimised 

tariff (solid red) raises peak-hour prices (07:00–15:00) to shift consumption below the 

7, (Color figure online)000 kW threshold (dotted orange). (b) Consumption deviation
(optimised − initial): up to 90 kW reduction during constrained hours, offset off-peak
consistent with revenue neutrality.

Case 2: Residential EV Charging. Fig. 5 shows the Case 2 tariff addressing night-
time EV charging peaks. High tariffs during 00:00–06:00 reduce charging peaks 
by 20–31 kWh (9–13 %), with compensating daytime increases. As EV penetra-
tion grows, these reductions are expected to increase substantially.
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Fig. 5. Tariff optimisation for Case 2 (residential EV, secondary level). (a) The opti-
mised tariff raises nighttime prices (00:00–06:00) to shift EV charging below the 200 kW 

threshold (dotted orange). (b) Consumption deviation: 20–31 kWh reductions dur-
ing constrained hours, offset during daytime consistent with revenue-neutral shifting.
(Color figure online)

Case 3: Rural Aggregation. Case 3 illustrates a different mechanism: no single 

customer provides sufficient flexibility, but the tariff acts across all secondary 

substations simultaneously—each contributing a modest ∼4.5 % load shift that 
aggregates to a cumulative 8.5 kW peak reduction per feeder. This aggregation 

effect, where many individually insufficient responses combine into grid-relevant
flexibility, is the mechanism that makes implicit DSF scalable and where regime-
switching forecasting (22.3% RMSE improvement) provides the largest gains.

Load-Profile Quality and Bound Sensitivity. Peak reduction alone does not fully 

characterise the optimised profile. Because the objective is revenue-neutral, the 

tariff shifts rather than curtails load: total energy is conserved within t he ±5%
revenue band, so demand displaced from constrained hours reappears off-peak
(Figs. 4b, 5b). Clipping the peak and filling the off-peak trough therefore raises 
the load factor and lowers the peak-to-average ratio rather than merely relocat-
ing the peak, while the three-bin parameterisation confines additional ramping 

to the bin boundaries; per-case values of these metrics are available from the 

authors. On the bounds, the optimiser saturates [τmin,  τmax] during constrained 

hours because the capacity constraint is binding: within revenue neutrality the 

objective favours the maximal admissible price spread. The reported reductions
are thus an upper envelope for these bounds; narrower bounds produce propor-
tionally smaller but qualitatively identical shifts, leaving the relative ranking
across cases unchanged.
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Economic Viability. Table 4 compares flexibility against traditional reinforce-
ment via NPV analysis (5 % discount, 3–8 year horizons), using Cerius/Radius 
internal investment estimates per substation; “Flex Only” assumes indefinite
deferral and “Hybrid” eventual reinforcement.

Table 4. Net present value analysis (million DKK). “Hybrid” denotes flexibility with 

eventual deferred reinforcement. Savings range: lower bound is Traditional − Hybrid
(deferred reinforcement); upper bound is Traditional − Flex Only (indefinite deferral).

Case Traditional Flex Only Hybrid Savings 

(M DKK) (M DKK) (M DKK) (M DKK) 

1 −10.00 −0.65 −9.29 0.71–9.35 

2 −0.75 −0.05 −0.70 0.05–0.70 

3 −50.00 −2.32 −36.16 13.84–47.68 

6 Discussion 

When Does Regime-Switching Add Value? MS-SARX improvements are largest 
where consumption is multimodal—industrial on/off states (Case 1), concen-
trated EV charging (Case 2 primary), and heterogeneous customer mixes 
(Case 3)—and the model correctly reduces to K =  1  when consumption is uni-
modal (Case 2 secondary). The stronger primary-level gains (6–22 %) reflect 
aggregation: div erse price-responsive behaviours create clearer regime structure
as individual noise averages out, precisely where capacity constraints drive major
DSO investment.

Operationalising the Framework. For a DSO the pipeline slots into existing plan-
ning cycles. For each constrained substation, the regime-specific elasticities and 

counterfactual optimiser produce a tariff schedule and an expected load-shifting 

envelope that can feed the periodic grid-investment review, quantifying how 

m uch reinforcement a price signal might defer before capital is committed. The
same regime diagnostics support regulatory dialogue under Tariff Model 3.0 [9], 
where revenue neutrality and equity must be demonstrated to the regulator. 
Most directly, it is a screening and design tool for field pilots, identifying which
substations and segments carry exploitable flexibility (Sect. 4.2) and proposing 

the sp ecific tariff to trial.

Counterfactual Validity and Circularity. The price coefficients θk,j are estimated 

under the existing static tariff and may not transfer to a dynamic setting—the
Lucas critique [21]. The regime-switching structure mitigates this: decomposing
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a globally nonlinear price–consumption relationship into piecewise-linear seg-
ments limits extrapolation to within-regime neighbourhoods, whereas a single-
regime model extrapolates along one global gradient mixing distinct states. MS-
SARX instead activates the regime whose historical price range best matches the 

counterfactual scenario. It nonetheless assumes regime coefficients remain stable 

under moderate tariff perturbations, and using one model for both optimisa-
tion and evaluation creates a circularity that likely overstates peak-reduction
effectiveness; field trials are needed to quantify this. On equity, revenue neutral-
ity preserves aggregate charges but shifts costs in time, so inelastic customers
may face higher peak-hour charges—Tariff Model 3.0 [9] provides equity review 

provisions for deployment.

Consumer Contract Structure. The simulation assumes consumers respond to 

ut = p
spot 
t + τt, whereas some residential customers remain on fixed-price 

contracts—a share declining as Market Model 3.0 [10] promotes spot-price expo-
sure. Our results thus apply primarily to spot-exposed customers (industrial and 

large commercial), which already co ver most of the flexibility potential identified
in Sect. 4.2, and the framework broadens as residential spot adoption grows.

Modelling Framework Under Future Tariff Regimes. The ARX specification suits 
the current setting: under Tariff Model 3.0 [9] tariffs are set independently of 
real-time consumption, so the price signal ut enters legitimately as an exoge-
nous covariate. Under future dynamic tariffs, however, prices become functions 
of aggregate consumption, breaking this exogeneity; capturing the resulting
consumption–tariff feedback then requires extending MS-SARX to a multivariate
regime-switching specification [22] before deplo yment.

Limitations and Future Work. The OLS elasticity screening does not address 
price–demand simultaneity [17], and the first-order Markov assumption may not 
capture seasonal regime prevalence. Excluding temperature means that price 

coefficients θk,j partially absorb weather-driven patterns that co-vary with spot 
prices through the merit order. Incorporating weather covariates (e.g. temper-
ature) into xt would separate genuine price response from seasonal demand—a 

promising direction we e xpect to refine rather than overturn the present con-
clusions, since the flexibility-relevant loads here are price- rather than weather-
driven. Future extensions include probabilistic Flexibility Functions [19], graph-
based voltage constraints, hybrid regime-switching/neural architectures, and sys-
tematic tuning of µ.

7 Conclusion 

We presented MS-SARX, a regime-switching forecasting framework for demand-
side flexibility through dynamic tariffs in distribution grids. It reduces primary-
level forecasting error by 6–22 % relative to the strongest baseline per case
(Diebold–Mariano p < 0.05), with the largest gains where consumption is
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multimodal—and is most valuable at the primary substation level, where capac-
ity constraints drive investment and aggregation sharpens regime structure. 
Embedding these forecasts in revenue-neutral tariff optimisation yields model-
implied peak-load reductions of 9–49 % and infrastructure deferral savings of 
0.7–47.7 million DKK; these figures are simulation-based and contingent on the 

stability of price response under new tariffs. The framework is not specific to 

Denmark—it needs only operational smart-meter consumption and a price sig-
nal, transferring to other countries, tariff regimes, and customer mixes, though 

regimes and elasticities are local and must be re-estimated per network. Field 

trials across consumption segments are needed to validate these simulated gains 
under real dynamic tariff deployment. 
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