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Abstract

Industrial Energy Management Systems (EMSs) combine
data-driven forecasting with optimisation to schedule Behind-
the-Meter (BTM) batteries, Photovoltaic (PV) generation,
grid exchange, and flexible loads. However, when industrial
operating conditions change after deployment, offline-trained
models degrade, affecting the quality of operational decisions.
This paper studies the impact of data drift on an industrial
warehouse EMS with a BTM battery, PV generation, and
mandatory forklift charging. Drift regimes are detected us-
ing a multivariate Maximum Mean Discrepancy (MMD) per-
mutation test and grouped into non-drift, forklift-drift, and
demand-drift periods. Six prescriptive configurations are com-
pared: static Predict-then-Optimize (PTO) and Predict-and-
Optimize (PAO) baselines, their continual-learning (CL) vari-
ants with replay memory, and two robust optimisation (RO)
formulations based on box and ellipsoidal uncertainty sets.
Results show that forecasting accuracy is an insufficient proxy
for decision quality, as lower MAE does not necessarily yield
better schedules. CL improves performance under critical-load
drift, reducing the optimality gap by up to 83%, while ellip-
soidal RO achieves the best aggregate performance, reducing
the optimality gap by 87% relative to PTO. These findings
motivate drift-aware, decision-centric evaluation for deployed
industrial EMSs.

1 Introduction

Industrial Energy Management Systems (EMSs) coordinate
Distributed Energy Resources (DERs), principally Photo-
voltaic (PV) generation, Behind-the-Meter (BTM) Battery
Energy Storage Systems (BESS), and heterogeneous loads, to
minimise operating costs in industrial facilities. Operational
decisions are taken over a finite scheduling horizon by combin-
ing forecasts of demand, DER generation, and flexible-load
constraints with an optimisation layer that determines bat-
tery operation, grid exchange, and controllable load setpoints.
Decision quality directly affects electricity costs, operational
feasibility, BESS utilisation, and load satisfaction, particularly
when critical shiftable loads, such as forklift charging, must be
served within daily operational constraints.

A central challenge in deployment is that the data dis-
tribution observed during offline development may no longer
hold over time [1]. Industrial facilities are subject to changing
production schedules, PV degradation, equipment additions,

and other factors. Such persistent temporal shifts, i.e., data
drift, cause static forecasters to degrade under new operating
regimes and render downstream schedules suboptimal, even
when the EMS formulation itself remains unchanged. This
degradation is not necessarily reflected in forecasting accu-
racy: a model may retain a low mean absolute error while
producing schedules that are substantially more costly or in-
feasible. Model performance after deployment must, therefore,
be evaluated through the realised operational outcomes of the
resulting schedules, rather than through forecasting accuracy
alone, a requirement that motivates this paper.

2 Research gap and contribution

A key limitation of the current literature is that offline-trained
predictors for EMS cannot adapt to changes, such as mod-
ified production schedules, equipment additions and shifting
operational patterns, without expensive full retraining [1].
Online learning offers one possible mechanism for adapting
to incoming data streams, but it also introduces a competing
risk, i.e., sequential updates without any replay mechanism
may overwrite previously learned behavior, a well-established
phenomenon known as catastrophic forgetting [1,[2]. There-
fore, memory-augmented rehearsal strategies, such as Expe-
rience Replay (ER) and its extensions, have been proposed
to mitigate forgetting by re-exposing the model to past sam-
ples stored in a fixed-size buffer, thereby stabilising training
in non-stationary regimes [2}(3].

A further limitation concerns the coupling between pre-
diction accuracy and operational performance. The standard
Predict-then-Optimize (PTO) paradigm treats forecasting and
optimization as separate design objectives [4]. However, as
noted in [1], the separate design of the predictive and opti-
mization layers can lead to sub-optimal control decisions when
prediction errors are heterogeneous across time steps or load
types. End-to-end (E2E), or decision-aware, training opti-
mizes the forecaster directly with respect to the downstream
cost objective and has been shown to improve EMS schedul-
ing performance under certain settings [1]. However, whether
this advantage persists, weakens, or becomes more pronounced
under structured data drift remains an open empirical ques-
tion. Drift-aware EMS evaluation must, therefore, jointly as-
sess predictive accuracy and the downstream decision quality
it induces.

Robust optimization (RO) offers a complementary, non-



adaptive mechanism for handling forecasts uncertainty. By
hedging against worst-case realizations within a structured
uncertainty set [5], RO EMS frameworks can maintain oper-
ational feasibility without requiring model updates, although
this is typically achieved at the cost of increased conservatism.
Under non-stationary conditions, it remains unclear whether
performance gains are best sought through adaptive updates,
decision-focused training, or robust optimization, a systematic
comparison across drift regimes using operational KPIs as the
primary criterion is still absent from the literature.

This paper contributes a drift-aware experimental evalua-
tion framework for industrial EMS operation under chrono-
logically evolving data distributions, compares adaptive
continual-learning, decision-focused PAO, and robust opti-
mization strategies under the same EMS use case and down-
stream KPIs, and demonstrates that forecasting accuracy is
not a reliable proxy for EMS decision quality, motivating the
use of operational metrics such as optimality gap and unsat-
isfied critical load.

3 Problem formulations

We consider a grid-connected industrial facility equipped with
a BTM BESS, local PV generation, and a mixed portfolio
of electrical loads. The EMS solves a day-ahead schedul-
ing problem over T' intervals of length At, optimizing BESS
charge/discharge profiles and controllable load setpoints to
minimize total operational cost. Loads are classified by flexi-
bility and criticality: (i) inflexible base demand (DP25¢), which
must be fully served at all times; (ii) critical shiftable loads
(forklift chargers, ﬁ{ork), whose total daily energy is oper-
ationally mandatory but can be time-shifted; therefore, un-
served demand accumulates as a penalised backlog; and (iii)
non-critical shiftable loads (L2/L3 EV chargers, D2, D),
served opportunistically based on grid prices and PV avail-
ability. The optimization layer relies on multi-series point
forecasts ¢y generated by an MLP with two 168-unit hidden
layers and a non-negative output. The interplay between the
predictive module and the optimization layer is the core sub-
ject of our evaluation under data drift. Table [1] summarizes
the six evaluated configurations by optimization layer type
and test-time adaptation strategy. The time horizon is in-
dexed t € T = {1,...,T} with step At; all notation shared
across formulations is defined in Table 21

Table 1: Taxonomy of the evaluated modeling approaches.

Approach Optimization Layer Runtime Model Up-
date

PTO Baseline Deterministic MILP None (Static parame-
ters)

PAO Baseline Deterministic Convex LP None (Static parame-
ters)

PTO CL Deterministic MILP Monthly retraining

PAO CL Deterministic Convex LP Monthly retraining

Box-RO Rob. Convex LP — interval box None (Static parameters

& margins)
None (Static parameters
& margins)

Ellipsoidal-RO Rob. Convex LP — horizon co-

variance

Table 2: Notation shared across all formulations.

Symbol Type Unit  Description

Forecasted Inputs

Dbase Param. kWh Inflexible base energy demand
15\\/} Param. kW Photovoltaic power generation
f)i“rk Param. kWh Forklift charging energy demand
D;z Param. kWh L2 EV charging energy demand
f)LB Param. kWh L3 EV charging energy demand
System Parameters

Efa]f)ss Param. kWh Nominal battery capacity

Eo, E, Param. kWh Initial SOC; terminal reserve target
Emin, Emax Param. kWh 0.1 ESESS, 0.9 EPSS

prax Param. kW Max battery power magnitude
Nechs Ndis Param. — Charge / discharge efficiencies
Pﬁ:’;k Param. kW Maximum forklift charging power
PL™ Param. kW Grid power exchange limit

Market Signals & Penalty Coefficients

ey, esell Param. €/kWh Grid purchase / feed-in price
Yeyele Param. €/kWh Battery degradation penalty

Ye1 Param. €/kWh Forklift unserved energy penalty
Y2, Y3 Param. €/kWh L2/L3 unserved energy penalties
Vs Param. €/unit Terminal SOC slack penalty
Decision Variables

Ey Var. kWh Battery energy level

ptgork7 ptiz, ptlt?’ Var. kW Load power setpoints

Cy Var. kWh Cumulative forklift unsatisfied load
SR Var. kWh Terminal SOC slack
PTO-Specific Variables

chy Var. kW Battery charging power

disy Var. kW Battery discharging power
Pret,Imp,t Var. kW Grid import power

Pret,Exp,t Var. kW Grid export power

Yt Binary Var. — Charge/discharge exclusivity

Zt Binary Var. — Import/export exclusivity

PAO-Specific Parameters and Variables

Ps 1ower,ts Ps,upper,t Param. kW Adaptive battery power bounds
P, ¢ Var. kW Net battery power exchange
Pret,t Var. kW Net grid active power

PL,t Var. kW Convexified battery loss power
Pen, ¢, Pais,t Var. kW DCP-safe battery aux. variables
Pimp,t, Pexp,t Var. kW DCP-safe grid auxiliary variables
RO-Box Specific Parameters

A{ Param. kWh Forklift worst-case energy margin
AY Param. kW Net-load grid connection margin

RO-Ellipsoidal Specific Parameters

A} Param. kW Per-timestep net-load tightening
margin (pwl| Ly et ll2)
Af Param. kWh Cumulative forklift margin

(PsIILF 1]l2)

3.1 PTO Formulation

The PTO layer is a deterministic MILP: binary variables y;
and z; enforce charge/discharge and import/export exclusiv-
ity, respectively.

Objective Function:

. buy sell
min C = E (Ct Pnet,hnp,t —C Pnet,Exp,t) At
teT

+ Yeyele (che + disy) At +y12Ura s + m3Ui3 ¢

+91 Cry1 + s SR

s.t.: Battery Dynamics and Exclusivity:
Ey = Ey,

Ery1 > E, — sg,

Enin < By < Enax, V€T
chi < PPy, VteT
dis; < PP (1 —y) Mt e T

,.\,.\AA,.\
T — O



Et+1 = Et + At (’I]Ch Cht — ﬁ dzst) , Vit € T

Grid Flow and Power Balance:

Pnet,Imp,t < Prr:éi‘x Zt, vte T (8)
Pnet,Exp,t S Pr?ésx (1 - Zt),vt € T (9)
Abase _
Pnet,Irnpﬂf - Pnet,Exp,t = it - PV:i+ Cht - diSt
+ptlotk ppt2 43 vee T (10)
Shiftable Loads:
U= D2 —ptP AtVt e T (11)
Usy = DP —ptB Atvt e T (12)
ptirk < plork, vteT (13)
C1=0, Cu1=Ci4+Dl*—ptlorkAr wvteT (14)

Penalty calibration: Coefficients are scaled relative to the
: ~buy _ 1 buy

mean purchase price ¢® = %>, ¢, to enforce an opera-

tional hierarchy: forklift demand receives a prohibitive penalty

ya = 10 e non-critical EV loads a moderate M2 = N3 =

2% and terminal SOC violations an aggressive v, > 10 &”W.

3.2 PAO Formulation
To support end-to-end gradient-based training, the MILP is

reformulated as a Disciplined Convex Programming (DCP)-
compliant convex LP, i.e., binary variables are dropped and
BESS operation is represented by a single free variable P ;
(> 0 charging, < 0 discharging), with internal losses handled
via a McCormick envelope of the bilinear loss term py, ;. Re-
gressor parameters 6§ are then trained by minimizing a realized
cost:

Lpao () = w Cops(z™(4(0)) , §) + (1 — w) ZK(?Qsa gs) (15)

where 2*(§(0)) is the day-ahead schedule produced by the op-
timization layer on forecast ¢, ¢ are the ground-truth realiza-
tions, Cops aggregates realized energy cost, load penalties, and
cycling cost, and £(-,-) is a per-series Huber loss. Gradients
VgL are computed via implicit differentiation with respect to
the KKT conditions of the convex layer [6].

Objective Function:

. bu 11
min CVPAO = Z [ (Ct y]Dimp,t - Cie Pexp,t) At
teT

+ Veycle (Pch,t + Pdis,t) At (16)

+M2Un2,¢ + 713U13,t}
+7aCT+1 + VsSR.

s.t.: Battery Dynamics and McCormick Relazation: Bound-
ary and capacity limits match 7. Defining loss coeffi-
cients A\. = 1 — e and A\g = 1 — ngqis, the McCormick enve-
lope [7] for pr, ¢ is:
pL,t Z )\c Ps,ta Vt S T (17)
vat Z *)\d Ps,t7 Vt c T (18)
pri S AP +a(=Poy + P), VteT

where a = (\g|P™in| — )\ pPmax) /(pmax 4 |pmin)) - GOC dy-
namics and adaptive bounds:

Eiy1=E + At (Psy —pre), YteT (20)
PS,lowcr,t S Ps,t S PS,uppcr,ta vt S T (21)
Power Balance and Grid Envelope:
Hbase
Pnet,t: _PVt+Ps,t
+ptloE L2 4t vee T (22)
|Pnet,t| S Prlllé.tdxv Vt € T (23)
Shiftable Loads: , , ,
DCP-Safe Auxiliary Decomposition:
Ps,t = %ch,t - des,t; Pch,h ]Bdis,t >0 (24)

Pnet,t = inmp,t - Pexp,h Pimp,h Pexp,t >0

3.3 Box-RO Formulation

Let 75, = |yn — Un ;| denote absolute forecast residuals for
series s. Timesteps are assigned to hourly groups g(t), and
group-wise conformal quantiles are computed as:

g = Qi—a({ry,. 1 9(t) = k}) (25)

[8] yielding horizon-indexed margins 5 = q;(t). The net-load
margin aggregates demand and PV errors as §° = 6¢ /At+6}".
The box uncertainty set is:

Upox = {r e RT : || < 6, V], (26)
and robustness is enforced by setting AY = 6 and A! = 6/
These margins define the uncertainty set underlying the ro-
bust optimization, ensuring worst-case constraint satisfaction
in the PAO layer.
Objective Function: (|16
s.t.: Battery Dynamics: (2)-(), (L)1)
Power Balance and Robust Grid Connection

Pnet,t S PI?;?X - A;D, Vt S T (27)
Poett > —(PRax _AY), Vte T (28)

Shiftable Loads: (13)), (11)),
Cy =0, Cup1=Cy+DP 4 AT —pifors At vt eT (29)

Auziliary Decomposition:
3.4 Ellipsoidal-RO Formulation

To capture temporal correlations, uncertainty is modelled via
ellipsoids fitted to joint residual vectors. Let r¥,rf € R” be
the net-load and forklift signed residual vectors for calibration
sample n. The sample covariance and its Cholesky factoriza-
tion are:

- 1
B g AT =L (30)
and Mahalanobis scores are computed as:
Sn = ||L_1Tn||2- (31)



and used to set the conformal radius p = Qi_o({s,})_;),
ensuring at least 1—a empirical coverage [8]. The resulting
uncertainty sets are:

Uy = {r eRT :||L |2 < pw},
T -1 (32)
Ur={reR Ly rll2 < ps}.

Robust counterparts are linearized via the ellipsoid support
function maxz-1,,<,c'r = p||L"c||2. For the grid connec-
tion, the per-timestep tightening margin is:

AP = pullLyetll2, (33)

where e; is the ¢t-th standard basis vector. For the forklift, the
worst-case cumulative deviation is the scalar:

A = pr| L], (34)
distributed uniformly as A/ /T per step in the backlog dynam-
ics. These margins augment the PAO layer, as follows:
Objective Function: (|16

s.t.: Battery Dynamics: (2)-(), (L)1)

Power Balance and Robust Grid Connection:

Prett < P> — Ay, VteT (35)
Pnet,t Z _(Pl?é?x - A;U) ) Vt S T (36)
Shiftable Loads: (13), (11)),
R AS
Cy =0, Cip1=Ci+DP"+— —pt™ At, VteT (37)

T
Auziliary Decomposition:

3.5 CL Mechanism
The CL approach treats deployment as a sequence of monthly

tasks. Let Dy = {(¢n, gjn)}ﬁll denote the set of input—output
day-pairs observed during month k, where 1), is the feature
vector for day n and ¢, the corresponding ground-truth multi-
series target. At the beginning of each month, the modelling
approach uses the previous checkpoint to forecast and make
EMS decisions; after the month is observed, the new samples
update the weights, and the resulting checkpoint is stored.

3.5.1 Memory Buffer and FIFO Update
The core challenge in online adaptation is the stability-

plasticity trade-off 2], i.e., incorporating new data aggres-
sively improves tracking of current conditions but risks over-
writing previously learned behavior, while overly conservative
updates fail to capture genuine distributional changes. Fol-
lowing the rehearsal paradigm of [1,[2], catastrophic forgetting
is mitigated by maintaining a fixed-capacity replay buffer B
of maximum size M, (in daily sample units). The buffer
is operated as a first-in, first-out (FIFO) ring: at the end of
month k, the incoming batch Dy, is appended, and the oldest
entries are evicted if capacity is exceeded:

Bk = FIFO-INSERT(B(’“*U, Dy, Mbuf), (38)
where FIFO-INSERT appends all N, new samples and re-
moves the max (0, [B*~Y| + Ny, — My,) oldest entries, en-
suring |[B®)| < Myyy at all times. The FIFO strategy pre-
serves ordered temporal coverage across all prior months,
guaranteeing that the buffer always spans the most recent

complete history window [2]. During each weight update, a
mini-batch of By, past day-pairs is drawn uniformly at ran-
dom from the current buffer:

Bumini ~ Uniform(B(kfl), Bmem)7 (39)
and in addition to the current monthly batch Dj they form
two separate training sets for the gradient step. Balancing
Qeyr and em, thus directly controls the plasticity-stability
trade-off [2].

3.5.2 PTO CL

In PTO CL, CL is applied to the forecasting models only, since
the MILP optimization layer is decoupled from training and
is non-differentiable. At month k, the model parameters 6 are
updated by minimizing a replay-augmented Huber loss [2]:

‘Cg%‘o(a) = teur Lifuper(0) + mem Liguper (0), (40)
where the current and memory Huber terms are:
Ng
r 1 N _
f{uuber(e) = N Z EH(yn(QL y’ﬂ) ) (41)
Nk n=1
1 . -
Eﬁg]er (0) = Z Cy (yb(9), yb) ) (42)

B
T (4, G) €Bunini

and ¢y denotes the per-sample Huber loss. Operational im-
provement comes indirectly, since the updated forecasts are
passed to the MILP only at evaluation time.

3.5.3 PAO CL
PAO CL follows the same monthly task-and-replay structure,

but the update is decision-focused, aligned with the PAO
pipeline in Section[3.2] Forecasts are passed through the differ-
entiable PAQO layer, the resulting schedule is evaluated against
realized trajectories, and the total loss combines prediction er-
ror with realized EMS cost [1]:

[/CL

PAO (0) = acur L¥xo (0) + cmem gﬁgw)’ (43)

Unlike PTO CL, the NN weights are updated to optimized the
downstream effect on EMS decisions, by minimizing eq. ([16).

4 Use case and evaluation metrics

The experimental study considers an industrial EMS with a
behind-the-meter BESS, PV generation, base demand, forklift
charging demand, and non-critical L2/L3 EV charger loads,
operating at 15-minute resolution over a daily scheduling hori-
zon of T = 96 intervals. The dataset is characterized by an
average base demand of 682.99 kWh (o = 238.97 kWh), PV
system has a maximum capacity of 2.4 MW, with an aver-
age generation of 384.53 kW (o = 573.47 kW), and a forklift
demand of 79.84 kWh on average (¢ = 30.30 kWh) exclud-
ing zeros. The BESS has a nominal capacity of 932 kWh
and a 400 kW charge/discharge power limit, while the aggre-
gated forklift charging power is limited to 111 kW. Electricity
prices correspond to the local provider tariffs over the same
time period as the operational data. The battery cycling cost
is derived from the mathematical representation of battery
degradation and is applied as a charge/discharge through-
put penalty in the EMS objective. Data are split chrono-
logically to reflect a real deployment setting. The first eight
months serve as the offline training and calibration period,
whereas the remaining 28 months form the test stream. No



Table 3: Aggregated evaluation metrics by period and experiment.

Daily unsat.

Daily Unsat.

Demand PV Forklift Opt. Electricity ~ Forklift Energy  non_ghiftable Total Cost
MAE MAE MAE Gap Cost Penalty Loads with Unsat. Loads
Period Experiment (kWh) (kW) (kWh) €) €) (€, K=1) (€, K=0.2) €)
Non-drift PTO Baseline 69.02 124.15 3.13 150.24 6,651.07 65.01 192.14 6,908.22
PAO Baseline 110.43 97.78 3.02 152.26 6,656.52 63.83 199.56 6,919.91
PTO CL 56.70 103.85 3.50 147.47 6,651.63 61.73 192.09 6,905.45
PAO CL, a = (0.3,0.7) 109.03 86.57 3.52 139.10 6,639.23 48.17 193.65 6,881.04
Box-RO 112.05 98.47 2.97 124.45 6,650.75 24.43 191.50 6,866.68
Ellipsoidal-RO 112.05 98.47 2.97 111.61 6,657.92 4.65 191.50 6,854.07
Forklift drift PTO Baseline 63.58 102.40 21.03 1,767.68 6,211.00 1,878.98 150.99 8,240.97
PAO Baseline 105.61 101.69 18.98 1,519.50 6,233.24 1,590.33 156.94 7,980.52
PTO CL 65.08 92.02 6.89 295.62 6,375.16 242.78 150.96 6,768.91
PAO CL, a = (0.3,0.7) 103.71 49.06 8.65 290.89 6,367.89 230.63 149.97 6,748.48
Box-RO 106.66 102.75 19.21 821.66 6,298.20 830.37 150.54 7,279.11
Ellipsoidal-RO 106.66 102.75 19.21 119.90 6,424.80 2.01 150.63 6,577.44
Demand drift PTO Baseline 151.95 99.40 3.24 121.34 4,955.17 45.95 152.29 5,153.42
PAO Baseline 173.98 114.38 3.26 124.08 4,633.90 48.12 149.03 4,831.04
PTO CL 83.86 86.41 3.39 114.21 4,954.50 39.53 152.25 5,146.28
PAO CL, a = (0.3,0.7) 112.88 33.71 3.57 140.19 4,629.45 69.25 143.30 4,842.00
Box-RO 166.74 110.97 3.30 99.33 4,956.85 6.25 152.50 5,115.59
Ellipsoidal-RO 166.74 110.97 3.30 100.40 4,964.25 0.05 152.56 5,116.86
Total PTO Baseline 96.37 105.95 10.86 834.71 5,854.92 837.43 160.20 6,852.55
PAO Baseline 128.61 104.88 10.35 764.86 5,815.83 752.83 163.99 6,732.65
PTO CL 70.02 92.53 4.92 199.21 5,925.32 131.56 160.16 6,217.05
PAO CL, a = (0.3,0.7) 107.84 52.60 5.87 208.54 5,873.28 137.97 157.67 6,168.91
Box-RO 129.31 104.78 10.06 414.96 5,892.92 364.13 159.94 6,416.99
Ellipsoidal-RO 129.31 104.78 10.06 111.16 5,951.48 1.87 160.00 6,113.35

random splitting is applied, since the objective is to evalu-
ate behavior under a temporal distribution shift. Data drift
is assessed using a multivariate Maximum Mean Discrepancy
(MMD) detector with a permutation test, where each day is
represented as a full intra-day profile and each test month is
compared against the training reference distribution at signif-
icance level aypyp = 0.001 [9]. Two main drift regimes are
identified: a forklift-drift period throughout the second year,
linked to a change in charging behaviour, during which the
mean monthly MMD p-value reached a value of = 0.00099,
representing a 97.0% decrease relative to the remaining test
month (= 0.0332) and a demand-drift period from mid-third
year onward, linked to a shift in base-demand patterns, where
the mean p-value likewise reached = 0.00099, corresponding
to a 78.1% decrease outside the drift period (= 0.0045). Both
drift periods are highlighted in Figure|ll Results are reported
across four evaluation groups: non-drift, forklift drift, demand
drift, and the full 28-month test set. Forecasting accuracy is
assessed using per-series MAE for base demand, PV, and fork-
lift demand, while operational performance is evaluated using
five daily mean KPIs, namely Optimality Gap (forecast-based
Cops minus oracle solve, see Sec. , Electricity Cost, Daily
Unsatisfied Forklift Energy (K = 1€), Unsatisfied Non-critical
L2/L3 Loads (K = 0.2€), and Total Cost with Unsatisfied
Loads.

5 Results

The aggregated results are reported in Table [3] while Fig-
ure [I] shows the corresponding monthly evolution of the op-
timality gap and the total cost with unsatisfied-load penal-
ties. During the non-drift period, all methods perform simi-
larly, with PAO CL, dqemana = 100, dpy = 80, Storklitt = S,
a = (0.3,0.7) achieving the largest gap reduction (8.6% rel-
ative to the PAO Baseline). This confirms that CL incurs
no performance penalty under stable conditions, though its
benefit is limited without distributional shift. The forklift-
drift period provides the clearest evidence for the value of CL.
Both static baselines show a substantial increase in the op-

timality gap, driven primarily by their failure to satisfy the
shifted forklift energy demand. PTO CL reduces the optimal-
ity gap by 83.3% relative to PTO Baseline, while PAO CL
a = (0.3,0.7) achieves a reduction of 80.9% relative to PAO
Baseline. This improvement is supported by a notably lower
Cumulative Unsatisfied Load term for the CL methods and
is also visible in Figure [1} where the baseline gap increases
sharply during the forklift-drift window.

In the demand-drift period, the relationship between fore-
casting accuracy and decision quality is less straightforward.
PTO CL improves upon the PTO Baseline in terms of opti-
mality gap; however, PAO CL becomes the worst-performing
method in this period, with an optimality gap of 140.19, which
is also higher than its own PAO Baseline value of 124.08. This
occurs despite strong forecasting performance, including the
lowest PV MAE in Table [3] This is an important finding of
the study: decision-aware CL does not automatically improve
downstream decisions under every drift regime, and can desta-
bilize EMS decisions when the drift is not aligned with the
learned decision-focused objective. This highlights a limita-
tion of MAE-based evaluation, since average prediction error
alone is insufficient to rank EMS configurations, as forecast
errors have the greatest impact only when they affect binding
constraints, critical loads, or high-cost decision intervals.

Over the full test set, CL substantially improves the perfor-
mance of both PTO and PAO frameworks. PTO CL reduces
the total optimality gap by 76.1% relative to PTO Baseline,
while PAO CL, a = (0.3,0.7) achieves a reduction of 72.7%
relative to PAO Baseline. However, the aggregate difference
between PTO CL and PAO CL is small, and the demand-
drift results show that decision-focused training should not
be treated as universally preferable. Total cost rankings are
broadly consistent, with minor differences attributable to the
interplay of electricity prices and load-violation penalties, as
also shown in the monthly cost trajectories of Figure [}

The robust optimization approaches and Ellipsoidal-RO, in
particular, achieve the lowest optimality gaps across the non-
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Figure 1:

drift, forklift-drift, and aggregate evaluation periods. Over
the full test set, Ellipsoidal-RO reduces the optimality gap
by 86.7% and 85.5% relative to the PTO and PAO baselines,
respectively, driven largely by the near-complete elimination
of unsatisfied forklift energy. The difference between RO-Box
and Ellipsoidal-RO lies solely in the uncertainty set definitions
and . While both assume homoscedastic and station-
ary uncertainty, the ellipsoidal set provides a more descriptive
representation of uncertainty. It is important, however, to con-
textualize these findings within the system’s operational con-
straints. In this setting, the Ellipsoidal-RO prioritises energy
sufficiency for forklifts by hedging against worst-case forklift
demand, thus inherently sacrificing some arbitrage headroom.

The cost remains marginal because the forklift load rep-
resents only 7-10% of base demand and the high base load
limits arbitrage potential regardless. Consequently, while the
RO approach is inherently conservative, the specific character-
istics of this EMS environment allow for enhanced reliability
without incurring significant economic penalties during non-
drifted periods. Taken together, Table [3] and Figure [I] show
that CL improves adaptability to distributional drift, robust
optimization improves reliability with respect to the primary
decision-quality metric, and decision-focused CL may become
unstable when the deployed drift regime differs from the con-
ditions emphasized by its training objective.

6 Conclusion

This study evaluated six EMS modelling approach configura-
tions, namely two static baselines (PTO, PAO), two continual-
learning variants (PTO CL, PAO CL), and two robust opti-
misation approaches (Box-RO, Ellipsoidal-RO), under struc-
tured data drift in an industrial facility with behind-the-meter
battery storage, PV generation, forklift charging, and non-
critical EV loads. The main finding is that CL substantially
improves the quality of operational decisions when drift affects
critical loads. During the forklift-drift period, PTO CL and
PAO CL reduced the optimality gap by 83% and 81%, respec-
tively, relative to their static baselines, and by 76% and 73%
over the full 28-month test horizon. Ellipsoidal-RO achieved
the best aggregate performance, reducing the optimality gap
by 87% relative to the PTO Baseline by nearly completely
eliminating Cumulative Unsatisfied Loads, without requiring
model updates. PAO CL provided only marginal additional
benefit over PTO CL, suggesting that the dominant gain under
critical-load drift comes mainly from improved forecasting of
the drifted series rather than from the decision-focused train-
ing objective. The results also confirm that the MAE metric

—e— PAOCL, a@=(0.3,07) —e— Box-RO —e— Ellipsoidal-RO
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is an unreliable proxy for EMS performance, reinforcing the
need to use downstream decision-quality metrics as the pri-
mary evaluation criterion.

Regarding limitations, the experiments were carried out for
a single industrial site, so the observed ranking of CL. and RO
methods may change under different battery-to-load ratios,
tariffs, load compositions, or arbitrage opportunities. The
MMD drift detector operates at monthly granularity with a
very strict, fixed significance threshold, which may miss subtle
distribution drifts. In addition, the RO uncertainty margins
are calibrated once from the offline residual distribution and
remain fixed during deployment, even though residual statis-
tics may drift over time. Finally, the sensitivity of the CL
methods to buffer size, replay mini-batch size, and plasticity-
stability weights was explored only for selected configurations.
Future work should extend the work to additional sites, adap-
tive or drift-triggered update schedules, dynamic RO recali-
bration, and broader ablation studies across drift regimes.
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