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Abstract: Material-arrival uncertainty in battery-pack assembly is not stationary: inbound performance drifts with carrier 

capacity, seasonal peaks and supplier disruptions, so a production schedule that was well protected last month may be unprote cted 

today. Data-driven scheduling pipelines typically calibrate the arrival-delay model once, offline, and then either freeze the plan 

or reschedule on a fixed clock. This paper proposes RCDR, a rolling -conformal, trigger-aware rescheduling framework that 

keeps the uncertainty model calibrated online and uses the calibration state itself as the disruption signal. Conditional median 

and upper-quantile arrival models are trained under a strict leakage-controlled chronological protocol; adaptive conformal 

inference updates the protective buffer at every realised arrival; and an exponentially weighted control chart on the conformal 

miscoverage indicator, combined with a buffer-shift test and an incremental plan-health check, decides when a four-objective 

frozen-prefix NSGA-II reoptimisation is worth its cost. On 67,138 held-out real inbound records containing genuine distribution 

shift, a frozen split-conformal bound drifts between 63% and 98% rolling coverage, whereas the rolling calibration holds 90.0% 

coverage with a worst half-month block coverage of 89.9% and 12.7% lower pinball loss. Across 189 rolling -horizon runs 

spanning three real logistics regimes, RCDR matches periodic rescheduling on realised weighted tardiness (-1.2%, p = 0.750) 

while using 32.8% fewer reoptimisations and generating 33.4% less schedule nervousness (both p < 0.001), and it improves on 

a classical deviation trigger by 13.3% in tardiness (p = 0.005). Calibration monitoring costs 0.28% of optimiser time.  

Keywords: Battery-pack manufacturing, dynamic rescheduling, adaptive conformal inference, distribution shift, multi -

objective scheduling, conditional value-at-risk. 

 

1. Introduction 

A battery pack is assembled from components that are 

neither interchangeable nor simultaneously required. Cell lots 

gate incoming inspection and grading, battery-management-

system (BMS) hardware gates electrical integration, and 

enclosure and cooling parts gate pack closure [1-3]. The 

production consequence of a late inbound shipment therefore 

depends on which gate it feeds and on where the affected job 

sits in the sequence. A one-day slip on an enclosure delivery 

can be absorbed if the job is scheduled late in the shift, and 

can idle five stages if it is not. 

Two research streams address this situation from opposite 

sides. Supply-chain analytics predicts arrival dates or late-

delivery probabilities, while production scheduling assumes 

deterministic release dates or protects them with a single 

global safety buffer. A recent data-to-decision framework for 

battery-pack manufacturing closes that gap elegantly: it learns 

leakage-controlled conditional arrival quantiles, converts 

prediction residuals into stratified scenarios, and feeds them 

to a four-objective flexible-flow-shop optimiser that 

minimises expected makespan, expected weighted tardiness, 

energy and the conditional value-at-risk (CVaR) of material-

induced waiting, with an auditable experiment package [4]. 

That study demonstrates convincingly that conditional upper 

quantiles dominate a uniform buffer and that risk and 

timeliness are genuinely conflicting objectives. 

It also, deliberately, solves a static problem: the arrival 

model is calibrated once, the schedule is computed once, and 

both are then frozen. In a real plant neither assumption 

survives contact with the inbound stream. Using 96,440 real 

delivery records from a public marketplace logistics dataset, 

we find that the share of shipments arriving later than a frozen 

90%-conformal upper bound moves from 2.4% in one half-

month block to 30.5% in another within a nine-month window, 

driven by peak-season congestion and carrier capacity. A 

frozen calibration is thus wrong in two opposite ways at 

different times. When it under-covers, the scenario set 

understates the tail, the CVaR objective is optimised against a 

fiction, and the line stops. When it over-covers, the plan 

reserves slack that is never needed, and makespan, tardiness 

and energy all suffer. Neither failure announces itself as a 

discrete "disruption event". 

Classical rescheduling policies do not observe this. 

Periodic policies reoptimise on a fixed clock regardless of 

whether anything has changed, paying computation and, more 

importantly, nervousness: every revision invalidates material 

staging, operator instructions and downstream commitments 

[5-7]. Event-driven policies fire when an individual 

realisation deviates from plan [8], which by construction 

happens after the damage has been done and treats a single 

outlier and a systematic regime change identically. Hybrid 

and stability-aware variants trade the two off [9-11], but the 

trigger always looks at the realised schedule, never at the 

statistical health of the model that produced it. 

This paper takes the opposite view. Under conformal 

prediction the sequence of miscoverage indicators is, by 

construction, a Bernoulli stream with a known target rate. It 

is therefore directly monitorable with standard statistical 

process control, and a shift in it is evidence that the 

uncertainty model, not merely one shipment, has changed. We 

build a rescheduling framework, RCDR (Rolling Conformal 

Drift-triggered Rescheduling), around that observation. 

The contributions are as follows. (i) We formulate battery-
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pack rescheduling as a rolling-horizon decision process in 

which the arrival-uncertainty model is re-calibrated online by 

adaptive conformal inference (ACI), so the scenario set 

consumed by the optimiser tracks the current inbound regime 

instead of a historical one. (ii) We propose a composite 

calibration-state trigger that combines an exponentially 

weighted moving-average (EWMA) control chart on the 

conformal miscoverage indicator, a test on the movement of 

the calibrated protective buffer, and an incremental plan-

health check; the whole monitor costs 0.28% of one 

reoptimisation. (iii) We validate the calibration layer on two 

independent real logistics datasets, one genuinely non-

stationary and one effectively stationary, and show that rolling 

calibration restores near-exact local coverage in the first 

without degrading the second. (iv) We evaluate seven 

rescheduling policies over 189 rolling-horizon runs in three 

real inbound regimes selected by the behaviour of the frozen 

conformal bound, with paired significance tests. (v) We 

release the complete code, raw observations and fixed seeds; 

every arrival deviation used in the study is an observed value 

from a public dataset, and the shop-floor layer is transparent, 

seeded and synthetic by design. 

Section II reviews related work, Section III formalises the 

problem, Section IV describes RCDR, Sections V and VI 

present the experimental design and results, and Sections VII 

and VIII discuss implications and limitations. 

2. Related Work 

2.1. Predictive-Reactive Scheduling and 

Rescheduling Policies 

Dynamic scheduling surveys distinguish completely 

reactive dispatching, predictive-reactive rescheduling and 

robust proactive scheduling [5], [12]. Within predictive-

reactive schemes, the rescheduling policy answers when to 

revise, and the rescheduling method answers how [6]. Church 

and Uzsoy compared periodic and event-driven policies and 

established the basic trade-off between responsiveness and 

stability [7]; Sabuncuoglu and Bayiz analysed reactive 

policies under machine breakdowns and showed that 

rescheduling frequency interacts strongly with shop load [8]. 

Rolling-horizon formulations restrict revision to the not-yet-

started portion of the plan [13]. 

Because each revision imposes an organisational cost, 

stability has become an objective in its own right. 

Rangsaritratsamee et al. optimise efficiency and stability 

simultaneously [9], and Pfeiffer et al. evaluate rescheduling 

strategies by simulation with explicit stability metrics [10]. 

Aytug et al. survey execution under uncertainty and note that 

most triggers are defined on realised deviations rather than on 

any model of the uncertainty [11]. Cowling and Johansson 

argue for using real-time information selectively rather than 

continuously [14], which is precisely the question a good 

trigger must answer. Our contribution belongs to this 

literature but changes the observable: the statistic being 

monitored is the calibration of the predictive model, not the 

deviation of the schedule. 

2.2. Risk-Aware and Energy-Aware Production 

Scheduling 

Robust optimisation protects decisions against uncertainty 

sets [15], while CVaR provides a coherent tail-risk measure 

that is attractive when rare but severe delays dominate the cost 

[16]. Modos et al. study robust scheduling under energy-

consumption limits [17], and multi-objective energy-aware 

flexible-job-shop models expose the conflict between 

completion performance and power draw [18]. Evolutionary 

multi-objective optimisation, and NSGA-II in particular, 

remains the standard vehicle for such problems because non-

dominated sorting and crowding preserve a diverse Pareto 

approximation [19]; flexible-job-shop metaheuristics provide 

the encoding conventions for joint sequencing and machine 

assignment [20], [21]. These formulations assume the 

scenario set is given and correct. The present work asks what 

happens when it is not, and when it stops being correct 

halfway through the horizon. 

2.3. Conformal Prediction under Distribution 

Shift 

Conformal prediction converts any point or quantile 

predictor into a set predictor with finite-sample validity under 

exchangeability [22], [23]. Conformalised quantile regression 

(CQR) applies this to conditional quantile models and inherits 

their adaptivity to heteroscedasticity [24]. Exchangeability is 

exactly what a drifting inbound stream violates. Weighted 

conformal prediction handles known covariate shift [25]; 

adaptive conformal inference (ACI) instead updates the 

nominal level online, guaranteeing long-run coverage without 

any assumption on how the distribution moves [26]. 

Extensions refine the update rule for time series and for 

arbitrary shifts [27-29], and theory now characterises 

conformal validity beyond exchangeability [30]. Calibration 

in the broader sense is a recognised prerequisite for decision-

making with learned models [31]. 

Machine learning has been coupled to production 

rescheduling before [32], and tree-based models have been 

used to predict availability dates under supply disruption [33]. 

Learning-based dispatching offers fast online decisions but 

needs large simulator budgets and typically optimises a single 

objective [34-36]. To our knowledge, the calibration state of 

a conformal predictor has not previously been used as the 

rescheduling trigger, nor has online conformal calibration 

been embedded in a multi-objective production rescheduling 

loop. 

3. Problem Formulation 

3.1. Battery-Pack Flexible Flow Shop 

Let J = {1, ..., n} be battery-pack jobs and S = {1, ..., 6} 

ordered assembly stages: (1) incoming inspection and cell 

grading, (2) grouping and mechanical positioning, (3) 

interconnection and welding, (4) BMS and electrical 

integration, (5) enclosure and cooling integration and closure, 

and (6) end-of-line testing. Each stage offers two alternative 

machines, k in {0,1}: machine 0 is faster and draws more 

power, machine 1 is slower by 16% and is energy-efficient. 

Three material classes M = {cells, BMS, enclosure} gate 

stages 1, 4 and 5 respectively. Job j belongs to family g(j) in 

{0, 1, 2}, has due date d(j) and tardiness weight w(j) in 

{1,2,3}; a family change on a machine incurs a stage-specific 

setup time and setup energy. This staged abstraction with 

alternative equipment, family setups and material gates 

follows the transparent benchmark design of [4], which we 

adopt so that the manufacturing layer is comparable with the 

static case. 

A plan is a pair (pi, X): a job permutation pi applied at every 

stage and a binary machine-assignment matrix X = [x(j, s)]. 

Given an arrival vector a, the start of operation (j, s) is 
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B(j, s) = max{C(j, s-1), M(s, x(j, s)), a(j, m) 1[s = s(m)]} (1) 

And C(j, s) = B(j, s) + u(j, s) + p(j, s, x(j, s)), where M is 

machine availability and u the family-change setup. Material-

induced waiting accumulates only the positive difference 

between material readiness and the otherwise feasible start, so 

machine congestion is not double-counted as supply risk. 

3.2. Arrivals, Residuals and Information 

Revelation 

Each job-material pair (j,m) is bound to one real inbound 

record with covariates x(j,m) observable before arrival and 

realised promise deviation y(j,m) in days. The planner does 

not schedule against the raw promise but against the 

conditional median forecast: the planned availability is 

a-hat(j, m) = t0(j, m) + q0.5(x(j, m))          (2) 

Where t0 is the promised date implied by the nominal plan, 

so the planning-relevant random variable is the residual r(j, m) 

= y(j, m) - q0.5(x(j, m)). Realised availability is a(j, m) = 

max{ a-hat(j, m) + kappa r(j, m), 0 } with kappa a days-to-

hours modelling scale. Positive residuals create material 

waiting; negative residuals are free. 

Information is revealed asymmetrically, as in practice: an 

early shipment is known when it physically arrives, and a late 

shipment is announced at its planned date. Formally the status 

of (j, m) becomes known at min{ a-hat(j, m), a(j, m) }. Before 

that instant the planner has only x(j, m) and the current 

calibration state; after it, both a(j, m) and the nonconformity 

score of the record are available as feedback. 

3.3. Rolling-Horizon Decision Process 

The horizon is divided into decision epochs T(0) < T(1) < ... 

spaced by an interval delta. At epoch T(k) the planner holds 

an incumbent plan, observes all arrivals revealed so far, and 

may reoptimise. Execution imposes non-anticipativity 

through a frozen prefix: jobs whose first operation has already 

started under the incumbent plan keep their positions and 

machine rows, and the frozen set grows monotonically. Only 

the unfrozen suffix is re-decided. The realised performance of 

a policy is obtained by evaluating the final plan, which 

contains every commitment made along the way, under the 

fully realised arrival vector. 

3.4. Objectives and Stability 

For a scenario set Omega the optimiser minimises expected 

makespan f1, expected weighted tardiness f2, energy f3 

(deterministic for a fixed plan, since arrival uncertainty 

changes idle time but not processing duration or machine 

choice), and the CVaR at level beta of total material-induced 

waiting W: 

f4 = CVaR(beta)[W] = mean{W(xi): W(xi) >= Q(beta)(W)} 

(3) 

Schedule nervousness is not optimised but measured, as the 

accumulated displacement of unfrozen jobs plus machine 

reassignments between consecutive plans, following the 

stability literature [9], [10]. Treating it as an outcome rather 

than an objective keeps the optimiser comparable across 

policies and isolates the effect of the trigger, which is what 

determines nervousness in a predictive-reactive scheme. 

4. The RCDR Framework 

 

Figure 1. RCDR architecture. Realised arrivals feed back into the 
rolling calibration and into the trigger, so both the scenario set and 

the decision to reoptimise adapt to the current inbound regime. 

4.1. Leakage-Controlled Conditional Quantile 

Learning 

Two histogram gradient-boosting regressors with pinball 

loss estimate q0.5(x) and q0.9(x) [37]. Only fields available 

before the arrival is realised enter the design matrix; every 

post-arrival field (actual transit time, delivery status, late-

delivery labels, carrier hand-over timestamps) is excluded. 

Splits are strictly chronological with no shuffling, and the 

stream is ordered by the moment feedback becomes available, 

i.e. by physical arrival, which is the order in which an online 

calibrator would actually see it. Categorical variables are 

ordinal-encoded with an explicit unknown category and 

numeric variables median-imputed; hyper-parameters are 

fixed before any evaluation on the stream. 

4.2. Rolling Conformal Calibration 

Let e(i) = y(i) - q0.9(x(i)) be one-sided nonconformity 

scores. Static split conformal computes a single offset from a 

calibration block, 

delta = Quantile[ceil((n+1)(1-alpha))/n]({e(i)})    (4) 

And freezes it. RCDR replaces this by an online rule. A 

sliding window of the W most recent observed scores is 

maintained, and the nominal level itself is updated after each 

realisation by adaptive conformal inference [26]:  

alpha(t+1) = clip(alpha(t) + gamma (alpha - err(t)))  (5) 

With err(t) = 1[y(t) > q0.9(x(t)) + delta(t)] and delta(t) the 

(1-alpha(t)) empirical quantile of the window. When the 

stream turns adverse the observed miscoverages push alpha(t) 

down, the effective quantile level up, and the buffer widens; 

when the stream calms, alpha(t) rises and the buffer tightens. 

The long-run coverage guarantee of ACI requires no 

assumption on the nature of the shift, which suits inbound 

logistics, where the cause of a regime change is rarely 

observable in the purchase-order record. We also report a 

rolling-window split-conformal variant (window refreshed, 

alpha fixed) to separate the contribution of refreshing the 

calibration data from that of adapting the level. 

4.3. Calibration-State Monitoring and the 

Composite Trigger 

The miscoverage indicators err(t) form a Bernoulli 

sequence with target mean alpha, which makes them a natural 
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control-chart statistic. RCDR maintains 

z(t) = (1-lambda) z(t-1) + lambda err(t)         (6) 

With z(0) = alpha and two-sided limits alpha +/- L s(t), 

where s(t) is the exact standard deviation of z(t) under the 

nominal Bernoulli(alpha) model. Breaching the upper limit 

means the plan is under-protected; breaching the lower limit 

means it is over-protected and capacity is being wasted. Both 

invalidate the scenario set the incumbent plan was optimised 

for, so both fire. 

Two further terms complete the trigger. The buffer-shift 

term fires when the calibrated protective buffer, the (1-

alpha(t)) quantile of the current residual pool, has moved by 

more than tau days since the last reoptimisation; this catches 

gradual drift that never produces a discrete alarm. The plan-

health term evaluates the incumbent plan on the current 

scenario set and fires when any objective has degraded by 

more than epsilon relative to its value at the last 

reoptimisation; this catches the case where the calibration is 

stable but the particular arrivals revealed so far have hurt this 

particular plan. Evaluating the incumbent costs one scenario 

sweep, three orders of magnitude less than a search: measured 

over all runs, monitoring consumed 0.28% of optimiser time. 

4.4. Scenario Construction 

At each reoptimisation the scenario set contains S = 12 

arrival matrices. Revealed gates are fixed at their realised 

values. Unrevealed gates receive eleven residuals resampled 

from the current pool plus one conformal stress scenario at 

q0.9(x) + delta(t), so the upper tail is always represented 

explicitly rather than left to sampling luck. For static-

calibration policies the pool and delta come from the frozen 

calibration block; for RCDR they come from the rolling 

window and the current alpha(t). This is the only structural 

difference between the two calibration families, which makes 

the ablation clean. 

4.5. Frozen-Prefix Reoptimisation 

The suffix is reoptimised by NSGA-II [19] encoding the 

permutation of unfrozen jobs and their machine matrix. Order 

crossover preserves permutation validity, uniform crossover 

acts on machine bits, binary tournaments use non-domination 

rank and crowding distance, and the incumbent plan is 

injected into the initial population so that a revision can never 

start from scratch. The delivered schedule is the non-

dominated solution with minimum root-mean-square 

normalised distance to the within-front ideal point, applied 

identically to every policy so that differences reflect 

calibration and triggering rather than solution selection. 

Algorithm 1. RCDR at decision epoch T(k) 

Step Operation 

1 Ingest arrivals revealed since T(k-1); for each, update the 

ACI level, the score window and the EWMA chart. 

2 Evaluate the incumbent plan on the current scenario set (one 

sweep). 

3 Fire if an EWMA limit was breached, or |buffer - 
buffer_ref| > tau, or any objective degraded by more than 

epsilon. 

4 If fired: freeze jobs already started; build 11 residual 
scenarios + 1 conformal stress scenario. 

5 Run NSGA-II on the unfrozen suffix, warm-started from the 

incumbent; select the compromise solution. 

6 Reset the chart and the reference values; otherwise keep 

executing the incumbent plan. 

5. Experimental Design 

5.1. Data and Provenance 

Two independent public logistics datasets provide every 

arrival deviation used in this study. The primary source is the 

Brazilian E-Commerce Public Dataset by Olist [38], from 

which 96,440 delivered orders with valid timestamps are 

retained; the target is the promise deviation, delivered date 

minus estimated delivery date, in days. Predictors are the 

promised lead time, payment-approval latency, item count, 

price, freight value, weight, volume, seller count, photo count, 

purchase month, weekday and hour, freight-to-price ratio, 

same-state indicator, product category, customer state and 

seller state. The chronological split is 20,860 training records 

(to 1 Sept 2017), 8,442 calibration records (to 1 Nov 2017) 

and a 67,138-record evaluation stream ordered by physical 

arrival. 

The control source is the DataCo Smart Supply Chain 

dataset [39], 180,519 records, with delay defined as realised 

minus scheduled shipping days; the file used has SHA-256  

994b3c8d24049cc46bf20e8161fedece9a9b95376cc0dc9299

21d76cf6b9bc0d, identical to the artefact used in [4], so the 

two studies are directly comparable on this dataset. Splits are 

124,604 / 15,455 / 40,460. 

5.2. Real Inbound Regimes 

Rather than injecting synthetic drift, we select three 

contiguous windows of the Olist evaluation stream by the 

behaviour of the frozen split-conformal bound. R1-STRESS 

(16 Dec 2017 - 16 Jan 2018, 6,132 records) has 30.5% 

miscoverage against a nominal 10%: the frozen bound is 

badly under-protective. R2-NOMINAL (16 Jan - 16 Feb 2018, 

6,564 records) has 11.5% miscoverage: the frozen bound 

happens to be right. R3-SLACK (16 Jun - 1 Aug 2018, 9,143 

records) has 2.7% miscoverage: the frozen bound is over-

protective. The three windows therefore span the two ways a 

static calibration fails plus the case where it does not, and 

every residual consumed by the simulation is an observed 

value in the original chronological order. 

5.3. Shop-Floor Benchmark 

The manufacturing layer is synthetic, seeded and disclosed 

in full (Table I); it is not claimed to reproduce measured 

battery-plant cycle times. Each of the three job sizes is 

instantiated with three independent seeds, giving nine 

instances per regime and 27 in total; with seven policies this 

yields 189 rolling-horizon runs. 

 

Table I. Fixed-Seed Battery-Pack Shop-Floor Design 

Element Specification 

Stages / machines 6 ordered stages, 2 alternatives per stage 

Material gates cells: st. 1; BMS: st. 4; enclosure: st. 5 

Families / setups 3 families; stage setup 0.08-0.18 h 

Base processing 
0.65-1.25 h before family, machine and 

lognormal multipliers 

Machines efficient machine +16% time, 0.62x power 

Job sizes / seeds n in {16, 24, 32}; seeds 101, 203, 307 

Epochs delta = 3 h, at most 14 epochs 

Optimiser 
NSGA-II, population 30, 20 generations, S 

= 12, beta = 0.80 

Uncertainty scale 
kappa = 0.25 production hours per 

logistics day 
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5.4. Policies Compared 

Seven policies form a two-factor design over calibration 

(frozen split conformal, CP, versus rolling ACI) and trigger 

(none, periodic, deviation, drift). SB-STATIC plans once 

against a single global-buffer scenario, the industrial baseline. 

CP-STATIC plans once against the frozen conformal scenario 

set; this is the closest analogue of the static framework of [4] 

inside our rolling-horizon harness. CP-PER reoptimises at 

every epoch with frozen calibration. CP-DEV reoptimises 

when a revealed arrival exceeds its predicted upper bound, the 

classical deviation trigger. CP-DRIFT uses the composite 

trigger with frozen calibration, and ACI-PER uses rolling 

calibration with a periodic trigger; these two isolate the 

individual contributions. RCDR combines both. 

5.5. Metrics and Protocol 

Realised makespan, realised weighted tardiness, energy 

and realised total material waiting are computed from the 

final plan under the true arrival vector. The delivered plan is 

additionally stress-tested on 60 residual draws from a disjoint, 

later part of the same regime, giving an ex-post CVaR at level 

0.90 of material waiting; optimisation and this evaluation 

therefore never share residual observations. Effort is 

measured by the number of reoptimisations and optimiser 

CPU time, and nervousness by the instability index of Section 

III-D. A normalised four-objective compromise score, min-

max normalised within each regime and job size and averaged, 

supports compact comparison. Significance is assessed with 

paired one-sided-free Wilcoxon signed-rank tests over 

matched instances (n = 9 per regime, n = 27 pooled). 

6. Results 

6.1. Calibration under Real Distribution Shift 

Table II. Calibration of the 90% Arrival Bound on Two Real Streams 

Method Cov. Worst Best MAD Buf. Pinb. 

Olist stream (67,138 records, real drift) 

Global buffer 0.754 0.550 0.878 0.135 8.11 2.284 

Static split CP 0.853 0.768 0.973 0.063 9.94 1.970 

Rolling-window CP 0.890 0.869 0.908 0.011 12.25 1.721 

ACI (proposed) 0.900 0.899 0.901 0.000 12.68 1.719 

DataCo stream (40,460 records, stationary) 

Global buffer 0.922 0.855 0.937 0.025 1.450 0.259 

Static split CP 0.961 0.931 0.968 0.059 1.511 0.174 

Rolling-window CP 0.961 0.931 0.968 0.059 1.511 0.174 

ACI (proposed) 0.900 0.891 0.901 0.001 1.511 0.174 

Worst and Best are the extreme half-month block coverages, 

MAD the mean absolute deviation of block coverage from 

0.90, Buf. the mean buffer above the median forecast in days, 

and Pinb. the pinball loss at level 0.90 (lower is better). 

 

Figure 2. Rolling empirical coverage (window 1,500) of the four 
bounds on the Olist stream. Shading marks the three regimes used 
in the scheduling study. The frozen bounds swing between 63% 

and 98%; the rolling calibration tracks the nominal 90% line 
throughout. 

Table II reports the calibration layer. On the drifting Olist 

stream the conditional model is worth having: median 

absolute error falls from 7.396 to 5.607 days (-24.2%) against 

a constant trained median. But conditioning alone does not 

deliver calibration. The frozen split-conformal bound attains 

85.3% marginal coverage and, more damagingly, block 

coverages between 76.8% and 97.3%; a global buffer is worse 

still at 75.4% marginal and 55.0% worst-block. Refreshing 

the calibration window recovers marginal coverage (89.0%) 

and cuts the block deviation by a factor of six. Adding the 

adaptive level closes the gap almost exactly: ACI attains 90.0% 

marginal coverage with block coverages confined to [0.899, 

0.901], a mean absolute block deviation of 0.0004, and the 

lowest pinball loss (1.719, i.e. 12.7% below static CP and 24.7% 

below the global buffer). Sharper and better calibrated is 

unusual; it happens here because the frozen bound is 

simultaneously too tight in some months and too loose in 

others, so a bound that tracks the regime wins on both counts. 

 

Figure 3. Protective buffer above the median forecast, against the 
local oracle 0.90 residual quantile. The ACI buffer follows the 

oracle almost exactly (correlation 0.986) and moves between 3 and 
28 days; the frozen conformal buffer barely moves (correlation 

0.345). 

Figures 2 and 3 make the mechanism visible. The frozen 

bound is not merely biased, it is alternately over- and under-

protective, and the transitions are fast. The ACI buffer, in 

contrast, tracks the local oracle 0.90 residual quantile with 

correlation 0.986 against 0.345 for the frozen bound, 

expanding to 28 days during the December-January crunch 

and contracting below 4 days in the July calm. This is the 
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quantity a planner would actually reserve, so its accuracy 

translates directly into either protected or wasted capacity. 

The DataCo panel is the negative control and answers the 

natural objection that an adaptive method might simply be 

adding slack. This stream is stationary and, notably, our 

pipeline reproduces the published static result on it: the 

median absolute error is 0.984 days against 0.983 reported in 

[4], and the split-conformal correction is again exactly zero 

because the raw discrete-target upper quantile is already 

conservative. The frozen bound over-covers at 96.1%, and 

ACI tightens it to exactly 90.0% at essentially unchanged 

pinball loss. Rolling calibration therefore does not act as a 

blanket safety margin; it moves the bound in whichever 

direction the data require, and where the data require nothing 

it converges to the nominal level. 

6.2. Sensitivity of the Rolling Calibration 

Table III shows that the calibration layer is not delicately 

tuned. Across step sizes from 0.005 to 0.05 and windows from 

500 to 4,000 records, marginal coverage stays within [0.898, 

0.900] and the worst block coverage never falls below 0.896. 

Only an aggressive step of 0.10 begins to over-react, widening 

the buffer by 20% and losing a little coverage precision, 

which is the expected behaviour of a first-order online update. 

The full 15-cell grid is in the released artefacts. In the 

scheduling experiments the plant-side loop uses a shorter 

window (400) and a larger step (0.08) because a single plant 

observes far fewer arrivals per horizon than the global stream. 

 

Table III. Sensitivity of ACI to Step Size and Window 

gamma W Cov. Worst MAD Buf. Pinb. 

0.005 1500 0.900 0.896 0.0017 12.43 1.699 

0.010 1500 0.900 0.898 0.0011 12.51 1.703 

0.020 500 0.900 0.898 0.0007 12.66 1.722 

0.020 1500 0.900 0.898 0.0008 12.68 1.719 

0.020 4000 0.900 0.896 0.0012 12.73 1.727 

0.050 1500 0.898 0.896 0.0015 13.67 1.821 

0.100 1500 0.892 0.887 0.0074 15.19 2.001 

 

6.3. Dynamic Rescheduling Performance 

Table IV. Rolling-Horizon Results, Means over Nine Instances per Regime 

Policy Cmax WT Energy Wait R I 

R1-STRESS (frozen-bound miscoverage 0.305) 

SB-STATIC 45.39 617.3 1531 33.80 0.00 0.0 

CP-STATIC 45.94 620.7 1519 35.05 0.00 0.0 

CP-DEV 42.32 446.0 1432 33.05 9.00 26.1 

CP-PER 41.98 444.4 1429 37.06 9.89 29.6 

CP-DRIFT 42.86 485.4 1440 34.96 6.89 22.3 

ACI-PER 42.41 440.4 1420 33.98 10.11 26.0 

RCDR 42.51 430.0 1443 31.83 6.11 16.9 

R2-NOMINAL (miscoverage 0.115) 

SB-STATIC 42.09 508.5 1508 38.41 0.00 0.0 

CP-STATIC 43.44 574.6 1519 33.48 0.00 0.0 

CP-DEV 41.35 475.4 1434 30.91 5.44 18.4 

CP-PER 41.01 430.5 1443 32.72 9.67 27.2 

CP-DRIFT 42.65 483.5 1449 32.34 2.89 9.5 

ACI-PER 41.03 410.2 1439 32.80 10.00 26.0 

RCDR 41.33 419.2 1437 32.57 8.11 24.3 

R3-SLACK (miscoverage 0.027) 

SB-STATIC 41.78 484.0 1503 32.88 0.00 0.0 

CP-STATIC 42.22 540.0 1518 29.32 0.00 0.0 

CP-DEV 42.03 501.6 1453 28.56 1.89 6.9 

CP-PER 40.02 374.3 1439 29.33 9.56 28.7 

CP-DRIFT 40.57 465.6 1446 28.45 2.22 8.1 

ACI-PER 40.20 370.8 1448 30.98 9.56 30.2 

RCDR 39.54 385.1 1454 27.89 5.33 15.6 

Cmax realised makespan (h), WT realised weighted 

tardiness (h), Energy kWh, Wait realised material waiting (h), 

R reoptimisations per horizon, I instability index. 
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Figure 4. Realised weighted tardiness and realised material waiting 
by policy and regime; error bars are standard deviations over the 

nine instances of each regime. 

Table IV and Fig. 4 give the operational picture. 

Rescheduling of any kind is worth far more than the choice of 

static plan: the two frozen policies lose 23% to 29% of 

weighted tardiness relative to every adaptive policy, in all 

three regimes. Among adaptive policies the ranking depends 

on the regime in an interpretable way. In R1-STRESS, where 

the frozen bound under-covers, RCDR delivers the lowest 

realised tardiness (430.0 h) and the lowest realised material 

waiting (31.83 h) of all seven policies while reoptimising 6.11 

times against 9.89 for the periodic policy. In R2-NOMINAL, 

where the frozen calibration is already correct, the advantage 

of adapting it shrinks as expected and RCDR is statistically 

indistinguishable from the periodic policies. In R3-SLACK it 

recovers the leading position on makespan (39.54 h) and 

waiting (27.89 h) with 5.33 reoptimisations against 9.56. 

Energy varies by less than 2% across adaptive policies, 

which is consistent with the structure of the problem: energy 

is fixed by the machine assignment, and all policies face the 

same speed-versus-power trade-off. The ex-post CVaR of the 

delivered plan likewise differs little between the adaptive 

policies (45.0 to 46.2 h pooled, no significant pairwise 

difference), and we report this plainly: the benefit of rolling 

calibration in our setting shows up in realised timeliness, 

realised waiting and rescheduling effort rather than in the 

stress-tested tail of the final plan, because by the end of the 

horizon most gates are already revealed and the remaining 

uncertainty is small for every policy. 

6.4. Effort, Stability and Significance 

Table V. RCDR against Each Baseline, Pooled over 27 Instances 

Baseline dWT% p dR% p dI% p 

SB-
STATIC 

-23.3 0.000 n/a - n/a - 

CP-

STATIC 
-28.9 0.000 n/a - n/a - 

CP-DEV -13.3 0.005 +19.7 0.094 +10.7 0.301 

CP-PER -1.2 0.750 -32.8 0.000 -33.4 0.000 

CP-

DRIFT 
-14.0 0.001 +63.0 0.003 +42.8 0.032 

ACI-PER +1.1 0.645 -34.1 0.000 -30.8 0.000 

 

Relative differences of RCDR minus baseline for weighted 

tardiness (dWT), reoptimisation count (dR) and instability 

(dI); negative favours RCDR on dWT, and lower dR and dI 

mean less effort and less nervousness. Paired Wilcoxon 

signed-rank p-values; n/a marks baselines that never 

reschedule. 

 

Figure 5. Effort-benefit plane. RCDR (large markers) sits at the 
knee: it reaches the score of the periodic policies with roughly one 

third fewer reoptimisations, and clearly dominates the sparser 
triggers. 

Table V quantifies the central claim. Against the two frozen 

plans, RCDR reduces weighted tardiness by 23.3% and 28.9% 

(both p < 0.001) and the composite score by about 35%. 

Against the periodic policies it is statistically 

indistinguishable on tardiness (-1.2%, p = 0.750 versus CP-

PER; +1.1%, p = 0.645 versus ACI-PER) while using 32.8% 

and 34.1% fewer reoptimisations and producing 33.4% and 

30.8% less nervousness, all four differences significant at p < 

0.001. In other words, monitoring the calibration state buys 

back a third of the rescheduling effort and a third of the 

schedule churn at no measurable cost in performance. 

Against the classical deviation trigger the comparison is 

even clearer: RCDR improves tardiness by 13.3% (p = 0.005) 

while the extra effort it spends is not statistically 

distinguishable (+19.7%, p = 0.094). The reason is visible in 

the regime breakdown. The deviation trigger is driven by 

individual breaches, so it fires nine times in R1-STRESS, 

where breaches are frequent, and only 1.9 times in R3-

SLACK, where the frozen bound almost never breaches even 

though it has become far too conservative and is quietly 

costing 23% in tardiness there. A trigger that watches only for 

failures is blind to over-protection; a trigger that watches the 

calibration sees both. 

 

Figure 6. Nervousness against the tardiness improvement over the 

static conformal plan. Policies towards the upper left convert less 
schedule churn into more benefit; RCDR occupies that region in all 

three regimes. 
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6.5. Ablation 

The two components contribute differently. Replacing 

rolling calibration by the frozen one while keeping the 

composite trigger (CP-DRIFT) costs 14.0% in tardiness (p = 

0.001); the trigger still saves effort, but it now protects a 

scenario set that is itself wrong, and in R3-SLACK it 

converges to a very sparse schedule of 2.2 revisions that 

leaves most of the available improvement on the table. 

Conversely, keeping rolling calibration but firing periodically 

(ACI-PER) recovers the performance, and indeed is 

marginally the best single policy on tardiness in R2 and R3, 

but pays 34.1% more reoptimisations and 30.8% more 

nervousness. Only the combination sits at the knee of the 

effort-benefit curve in Fig. 5, and it is the only policy that is 

simultaneously in the top group on realised waiting in all three 

regimes. 

7. Discussion 

7.1. Managerial Implications 

Three practical conclusions follow. First, the value of a 

predictive layer in scheduling lies as much in its calibration 

as in its accuracy. Our conditional model improves median 

error by 24% over a constant, but the difference between a 

frozen and a rolling calibration of the same model changes 

realised tardiness by up to 14%. A plant that deploys a delay 

model and never re-examines its coverage is running an 

uncontrolled process. 

Second, the coverage chart is a cheap and interpretable 

early-warning device. It is computed from data the plant 

already has, it has a natural target, it is symmetric in the two 

failure modes, and at 0.28% of the cost of a reoptimisation it 

can run continuously. It also gives planners a defensible 

reason to not reschedule, which is organisationally valuable: 

a periodic policy provides no argument against churn. 

Third, over-protection deserves the same attention as 

under-protection. The R3-SLACK regime is the one in which 

a conventional deviation trigger performs worst, precisely 

because nothing appears to be going wrong. A buffer inherited 

from a bad season silently consumes capacity, and only a two-

sided calibration test detects it. 

7.2. Validity Boundaries 

Four limitations bound these conclusions. First, the 

inbound datasets are general logistics streams, not battery-

component inbound logistics; they support the 

methodological claim about calibration and triggering, not a 

transfer of effect sizes to a specific plant. Second, the shop-

floor layer, including processing times, power, setups, due 

dates and families, is synthetic and seeded, and energy is an 

internally consistent processing-power proxy that excludes 

HVAC, standby and demand charges. Third, delays are 

recorded in whole or fractional days and rescaled to 

production hours by a fixed constant; event-level timestamps 

would allow a direct calibration. Fourth, the evaluation 

protocol freezes decisions rather than replaying a full 

discrete-event execution, and the base learner is not retrained 

during the horizon, so the reported gains isolate the 

calibration and triggering layers rather than the combined 

effect of retraining and recalibration. 

Natural extensions are to replace each synthetic layer 

independently: supplier advance-shipping notices for the 

arrival model, manufacturing-execution-system logs for 

processing and setup distributions, meter data for energy, and 

contractual penalties for objective weighting. Coupling the 

coverage chart to a model-retraining decision, so that 

persistent drift triggers relearning rather than only 

recalibration, is a further step, as is extending the trigger to 

multivariate calibration statistics when several material 

classes drift independently. 

8. Conclusion 

We proposed RCDR, a rolling-conformal and trigger-aware 

framework for rescheduling battery-pack production under 

material-arrival uncertainty. Its two ideas are that the arrival-

uncertainty model should be recalibrated online rather than 

fitted once, and that the calibration state of that model, rather 

than the realised deviations of the schedule, is the right signal 

for deciding when to reschedule. On 67,138 real held-out 

inbound records containing genuine distribution shift, rolling 

calibration held 90.0% coverage with a worst half-month 

block coverage of 89.9%, against 85.3% and 76.8% for a 

frozen split-conformal bound, while also reducing pinball 

loss by 12.7%; on a stationary control stream it tightened an 

over-conservative bound to the nominal level instead of 

adding slack. Across 189 rolling-horizon runs in three real 

inbound regimes, RCDR matched periodic rescheduling on 

realised weighted tardiness while using a third fewer 

reoptimisations and generating a third less schedule 

nervousness, and improved on a classical deviation trigger by 

13.3% in tardiness. The claim is not that more rescheduling is 

better, but that rescheduling should be governed by a statistic 

that knows when the uncertainty model has stopped being true. 
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