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Abstract

High renewable penetration makes day-ahead operation sensitive to the directional effects
of wind and photovoltaic forecast errors. Conventional prediction intervals mainly evaluate
coverage and sharpness, but lower- and upper-boundary violations correspond to differ-
ent operational risks: shortage-side supply-adequacy pressure and accommodation-side
curtailment pressure. This paper proposes context-aware asymmetric conformal quantile
regression (CA-ACQR) to construct directional renewable-power risk intervals. The method
builds separate conformal scores for the two interval sides, estimates context-dependent
boundary corrections, and reallocates the tail-risk budget under supply-priority, balanced,
and accommodation-priority profiles. Case studies use regional wind and photovoltaic
power data, with contextual groups defined by renewable type, lead-time block, forecast dif-
ficulty, weather-risk regime, and output level. CA-ACQR increases the prediction interval
coverage probability (PICP) from 91.11% to 94.07% and reduces the accommodation-side
violation rate from 4.37% to 1.44%. The results demonstrate selectable directional risk
postures and quantify trade-offs among interval width, directional violations, normalized
stress cost, and the 95% conditional value-at-risk stress cost.

Keywords: renewable power forecasting; prediction interval calibration; conformal quantile
regression; asymmetric risk allocation; day-ahead operation; renewable accommodation

1. Introduction

With the increasing penetration of wind and photovoltaic (PV) generation, renewable-
power uncertainty has become a critical factor affecting day-ahead operation. Since renew-
able output is not yet realized at the scheduling stage, system operators must determine
generation schedules, reserve margins, balancing resources, and market submissions in
advance, making forecast errors directly relevant to both power balance and operating
cost. More importantly, renewable forecast errors have clear directional operational im-
plications. When actual output falls below the forecasted level, the system may face
shortage-side pressure, increased reserve activation, and supply-adequacy risks, which
have been closely related to unit commitment and reserve scheduling in wind-rich sys-
tems [1] and to spinning-reserve requirement estimation under wind uncertainty [2]. By
contrast, when actual output exceeds the forecasted level, downward-regulation capability
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may become insufficient, renewable accommodation may become difficult, and surplus-
side pressure may appear in the form of wind and solar curtailment, reflecting the balancing
challenges introduced by variable renewable generation [3] and the practical curtailment
events observed in power systems with high renewable penetration [4]. Therefore, day-
ahead operation requires not only a characterization of the uncertainty range of renewable
output, but also an identification of the risk direction embedded in the prediction interval.
In this sense, the lower boundary of the interval can be interpreted as a shortage-side
supply-adequacy risk boundary, whereas the upper boundary can be interpreted as an
accommodation-side renewable-accommodation risk boundary.

Renewable-power forecasting has gradually evolved from deterministic point predic-
tion to probabilistic forecasting, in which future output uncertainty is commonly repre-
sented by quantiles, prediction intervals, probability densities, or scenario sets [5]. Existing
studies have shown that uncertainty information plays an important role in the operational
management of wind-power integration [6], while probabilistic forecasting theory provides
the statistical foundation for calibrated predictive distributions and uncertainty-aware
decision support [7]. A variety of methods have been developed for renewable-power
probabilistic forecasting, including parametric error modeling, nonparametric prediction
intervals, quantile regression, kernel-density estimation, numerical-weather-prediction
ensemble post-processing, and machine learning models. Among them, quantile regression
provides a classical statistical framework for conditional quantile estimation [8] and has
been widely used in nonparametric probabilistic forecasting of wind power [9]. Optimal
and nonparametric prediction intervals have also been developed for wind-power genera-
tion uncertainty [10], and related linear-programming formulations have been proposed
for wind-power prediction interval construction [11]. For solar generation, Bayesian model
averaging provides another route for probabilistic power forecasting [12]. Prediction in-
tervals are typically evaluated in terms of reliability and sharpness, where the former
reflects empirical coverage and the latter measures interval compactness. In recent years,
conformal prediction has provided a distribution-free route for interval calibration [13],
and distribution-free predictive inference has extended this idea to regression settings [14].
Conformalized quantile regression (CQR) further combines conditional quantile modeling
with finite-sample coverage adjustment [15], while jackknife-based predictive inference
provides a related refinement for uncertainty quantification [16].

Although existing probabilistic forecasting methods provide a solid basis for repre-
senting renewable-power uncertainty, the connection between prediction interval quality
and day-ahead operational risk still requires further development. Conventional prediction
intervals mainly focus on overall coverage and interval width, whereas in power-system
operation, lower-boundary and upper-boundary violations correspond to different correc-
tive actions, economic consequences, and operational risks. A lower-boundary violation
indicates that actual renewable output is below the lower limit of the interval, requiring
upward reserves, conventional-unit ramping, or other balancing resources to compensate
for the power deficit; therefore, it essentially represents shortage-side supply-adequacy
pressure. This interpretation is consistent with reserve scheduling and reserve adequacy
analysis under wind uncertainty [1,2]. By contrast, an upper-boundary violation indicates
that actual renewable output is above the upper limit of the interval, which may lead to
insufficient downward-regulation resources, constrained renewable accommodation, and
wind or solar curtailment risk; therefore, it essentially represents accommodation-side
operational pressure. This surplus-side interpretation is closely related to balancing re-
quirements under variable renewable generation [3] and to curtailment experience and
prediction studies in renewable-rich systems [17]. Moreover, the system tolerance to these
two types of directional risks varies with operating contexts such as renewable type, lead
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time, prediction difficulty, and weather-risk regime. Hence, renewable-power prediction
intervals for day-ahead operation should not be regarded merely as statistical coverage
bands, but should be further developed into directional operating risk boundaries that can
support tail-risk allocation under different operational preferences.

To this end, this paper proposes a context-aware asymmetric conformal quantile re-
gression method, denoted as CA-ACQR, for constructing renewable-power directional risk
intervals. The proposed method takes a base quantile forecasting model as input, treats
lower- and upper-boundary violations as shortage-side and accommodation-side calibra-
tion signals, respectively, and estimates boundary corrections by incorporating context in-
formation such as renewable type, lead time, prediction difficulty, and weather-risk regime.
On this basis, a profile-dependent tail-risk allocation mechanism is introduced, allowing
the prediction interval to switch among supply-priority, balanced, and accommodation-
priority operating modes. Case studies on a regional wind and PV dataset show that the
proposed method yields interpretable trade-offs among directional violation rates, interval
width, normalized stress cost, and the 95% conditional value at risk (CVaRgs) stress cost,
thereby supporting day-ahead renewable-power risk assessment, reserve-aware analysis,
and accommodation-risk screening.

2. Directional Risk Intervals for Renewable-Power Forecasting
2.1. Day-Ahead Renewable-Power Forecasting Setting

In day-ahead operation, renewable-power forecasting uses information available be-
fore real-time operation to characterize wind and PV uncertainty over future dispatch
periods. The renewable output at target time ¢ is normalized by the installed capacity or
aggregation base so that interval metrics are comparable across station sizes and renew-
able types:

V= o pE01] )

Here, P; is the observed renewable-power output at forecasting instance ¢, and P™%* is
the corresponding installed capacity or aggregation base. Equation (1) therefore maps the
observed output to the common range [0, 1].

The day-ahead information vector x; includes historical renewable output, numerical
weather prediction (NWP)-derived variables, time features, renewable type, and lead-time
indicators. These inputs follow the operational information structure commonly used
in wind-power forecasting [6]. For PV generation, probabilistic solar forecasting studies
also emphasize weather-dependent inputs and forecast post-processing [12]. The base
probabilistic forecaster produces uncalibrated quantiles and the associated initial interval as

iy = fe(xt), T€(0,1),
I? = [LO, u?} - [quL/t’ éi(l)*ﬂéu,t]’ (2)

& = ap, + ayg.

Here, t indexes the forecasting samples, x; is the day-ahead feature vector, and f(-) is
the base forecasting model trained for quantile level T. The output ﬁg,t is the corresponding
uncalibrated conditional-quantile estimate, where the superscript 0 denotes the interval
before conformal calibration. The initial lower and upper boundaries are L? = ﬁgbt and
ap =49 ay,+» Tespectively. The quantities ay and ayy are the lower- and upper-tail miscov-
erage probabilities, « = & 4 «y; is the total miscoverage rate, and 1 — & is the nominal
coverage probability. Equation (2) thus constructs the initial uncalibrated prediction inter-
val from the lower- and upper-tail quantiles produced by the base probabilistic forecasting
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model. A central interval is obtained when a; = ay;; otherwise, the two sides receive
different portions of the same total miscoverage budget.

2.2. Directional Interpretation of Prediction Interval Boundaries

A conventional prediction interval describes the statistical range in which renewable
output may fall. In day-ahead operation, the two sides of this range imply different operat-
ing actions. Output below the lower boundary indicates unexpected renewable shortage
and can increase upward reserve use, conventional-unit ramping pressure, and supply-
adequacy risk. Output above the upper boundary indicates unexpected renewable surplus
and can increase downward-regulation pressure, renewable accommodation difficulty, and
curtailment exposure.

For the calibrated interval, the directional violation events and violation magnitudes
are defined jointly as

Z)tL = ]I(]/t < tt), U%I = H(yt > l:lt), (3)
A I o S

where [} is the calibrated interval, L; and U; are its lower and upper boundaries, I(-) is
the indicator function, and [x]; = max(x,0). The binary variables vF and 0! identify
lower- and upper-boundary violations, while d- and d! measure their normalized magni-
tudes. Equation (3) therefore separates whether a directional violation occurs from how
far the observed output lies outside the corresponding boundary. The lower-boundary
quantities describe shortage-side exposure, whereas the upper-boundary quantities de-
scribe accommodation-side exposure. Under supply stress or insufficient upward flexibility,
stronger lower-side protection is preferred. Under renewable surplus, low load, or insuffi-
cient downward flexibility, stronger upper-side protection is preferred. Figure 1 illustrates
this directional interpretation.

1.0 7
Accommodation-side risk

Normalized renewable power

Shortage-side risk

0.0 T T T T T 1
0 4 8 12 16 20 24

Day-ahead target hour

Figure 1. Schematic illustration of a calibrated renewable-power prediction interval. Here, y; denotes
the observed normalized renewable-power output at forecasting instance ¢. The lower boundary L;
is related to renewable shortfall and upward-reserve pressure, whereas the upper boundary Uy is
related to renewable surplus and accommodation pressure. The trajectories illustrate the method and
do not represent a specific test day; shaded areas mark the two directional violations.

2.3. Evaluation Metrics

Directional risk intervals are evaluated through reliability, sharpness, directional viola-
tion rates, and normalized operating pressure. The reliability and sharpness terminology
follows the general theory of proper probabilistic forecasting evaluation [18]. Prediction-
interval evaluation in wind-power forecasting uses the same empirical coverage and width
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logic [10]. Reliability is measured by the prediction interval coverage probability (PICP),
while sharpness is measured by the prediction interval normalized average width (PINAW):

1 & .
PICP = — (L < < U),
Ng(t_yt_ t)

1 N
PINAW = NE, Y (U — Ly).

Here, N is the number of test samples, y; is the observed normalized output, L; and
U, are the calibrated boundaries, and I(-) equals one when its condition is satisfied and
zero otherwise. The normalization range is Ry = Ymax — Ymin; because renewable output is
normalized to [0, 1] in Equation (1), R, = 1in the case study. At a fixed nominal target 1 —«,
higher PICP indicates stronger empirical coverage, whereas lower PINAW indicates sharper
intervals. The two metrics are therefore interpreted jointly as a coverage—sharpness trade-
off. Since overall coverage does not identify which boundary is violated, the directional
violation rates are computed separately:

1N .
VRE = N Y Iy < Ly),
= 5)
u_ 1 I U
VR™ = Ntzzl (yt > t)-

The quantities VR" and VRY denote the shortage-side and accommodation-side vi-
olation rates, respectively. Equation (5) reveals how the total miscoverage is distributed
between the two operational risk directions.

To compare directional exposure under consistent assumptions, a normalized stress-
cost indicator is used. The shortage-side component is motivated by adequacy and
reliability-cost studies, including value-of-lost-load reviews [19] and service-reliability
estimates [20]. The accommodation-side component reflects balancing pressure from vari-
able renewables [3] and the operational relevance of wind and solar curtailment [4]:

Ct=crlli —wi]+, CH=culy:— W4,

L - N (6)
Cr=CF+CY, C:NZQ.

Here, c; and ¢y are normalized penalties for shortage-side and accommodation-
side violation magnitudes. The terms C and C}! are the corresponding sample-level
components, C; is their sum, and C is the mean stress cost over the N test samples. In
the case study, fixed symmetric normalized penalties are used, i.e., c; = cy = 1. The
stress cost is therefore a diagnostic score based on directional violation magnitudes under
common weights; it is not a physical dispatch cost and does not include interval width
directly. Interval width is reported separately by PINAW. The upper tail of the stress-cost
distribution is measured using value at risk (VaR) and CVaR:

VaR95(C) = il’lf{C : PI‘(Ct S C) Z 095},

CVaRos5(C) = E[C; | Ct > VaRo5(C)]. 7

Equation (7) defines VaRos5 as the 95th percentile of sample-level stress cost and CVaRos
as the mean within the largest 5% of costs. Thus, CVaR describes the most severe stress-cost
outcomes rather than average performance. The same stress-cost weights and test samples
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are used for all compared methods and operating profiles. Table 1 summarizes the metrics
used in the case study.

Table 1. Evaluation metrics for directional renewable-power risk intervals.

Metric Risk Meaning

PICP Overall interval reliability

PINAW Normalized interval sharpness
VRE Shortage-side violation rate

VRY Accommodation-side violation rate

Mean stress cost ~ Average operating pressure under fixed weights
CVaRgs stress cost  Tail operating pressure

3. Context-Aware Asymmetric Conformal Quantile Regression
3.1. Base Quantile Forecasting Model

CA-ACQR is designed as a post-processing and calibration framework rather than as
a new base forecasting architecture, so that it can be integrated with existing probabilis-
tic renewable-power forecasting models without changing their internal structures. The
framework follows the modular use of quantile models, in which conditional quantiles are
learned as forecasting primitives [8]. In renewable-power forecasting, direct quantile re-
gression has provided an established implementation path for producing such probabilistic
outputs [9]. Within the proposed framework, the base model first learns the conditional
quantile structure from day-ahead information, while the conformal calibration layer subse-
quently adjusts the interval boundaries according to calibration samples, context conditions,
and operating profiles. For a given feature vector, the base quantile and interval outputs
are expressed as
‘?(T),t = fe(xt), T€(0,1),
I = 12, 0] = [0, 07y )

(8)

Equation (8) restates the base-model interface used by the calibration framework: f:
maps the day-ahead features x; to the uncalibrated conditional quantile ﬁg/t, and the two
selected tail quantiles form [{. Because the proposed calibration layer only requires these
quantile forecasts as inputs, it can be coupled with quantile regression, gradient boosting
trees, random forests, neural networks, or any other learning model capable of producing
conditional quantile estimates.

3.2. Asymmetric Conformal Scores

Although the base interval provides a preliminary description of the conditional dis-
tributional structure of renewable output, its empirical coverage may still deviate from the
nominal level because of model error, finite-sample bias, and changes in forecast conditions.
Conformal prediction addresses this calibration issue by constructing data-driven correc-
tion terms from held-out calibration scores [13], and distribution-free predictive inference
provides the regression perspective for finite-sample uncertainty calibration [14]. CQR
further connects conformal calibration with conditional quantile models, thereby enabling
finite-sample coverage adjustment for quantile-based prediction intervals [15].

For the global CQR benchmark, the two interval sides are pooled into one nonnegative
score and one shared correction:

s¢ = max{ [ﬁgbt — Ytl+, [yt — ﬁ?—au,t]Jr}f
A = Q1 W({5 1 eC)), ©)

I7 = 18R, = A% 41y + A%
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Here, C = {(x¢, yt) }’;;1 is the held-out calibration set with 1. samples, stG is the pooled
global score, and Q, () denotes the empirical y-quantile. The shared correction A® expands
both interval sides equally. In the reported experiment, A® = 0 because the uncalibrated
interval already satisfied the nominal calibration requirement, which explains the identical
Base-QR and CQR results.

CA-ACQR instead calibrates the lower and upper sides separately because their
violations correspond to different operational consequences. The side-specific conformal
scores on C are defined as . o

St = [QaL,t - yt]-‘rr

) (10)
sit = [y — q(l)—au,t]+'

The nonnegative scores s- and s/ quantify the shortage-side and accommodation-side
exceedance magnitudes for calibration sample £, respectively. Based on these two score
sets, the side-specific correction terms and the calibrated interval are obtained as

AL:Ql,D‘L({stL:tEC}), AU:Ql,aU({stu:tGC}),
Li=aq3 ,—aAh, Ui =Y o, + 0%, (11)
I = [Ls, Ty).

For side k € {L, U}, the finite-sample quantile Q;_,, is the ordered score with rank
e = min{[(n. +1)(1 — a;)], nc}. Thus, AL moves the lower boundary downward and AY
moves the upper boundary upward. Equation (11) converts the two score distributions
into separate shortage-side and accommodation-side protection levels.

3.3. Context-Aware Calibration

Renewable-power forecast errors are condition-dependent, and wind-power forecast-
ing studies have long emphasized the role of lead time and weather regime [6]. Solar-power
probabilistic forecasting shows similar dependence on meteorological inputs and post-
processing choices [12]. Recent wind-speed and wind-power forecasting studies further
highlight the value of probabilistic error modeling under changing forecast conditions [21].
Distribution-learning approaches provide another example of modeling residual uncer-
tainty in renewable-power forecasting [22]. Error distributions vary with renewable type,
lead time, output level, weather regime, and prediction difficulty. A single global correction
can therefore be too coarse: larger corrections may be required under high weather risk or
long lead times, while smaller corrections can preserve sharpness under stable conditions.

CA-ACQR introduces a context variable z; = h(x;), which is constructed from day-
ahead information related to the forecast-error state. In this framework, z; includes re-
newable type, lead-time group, prediction-difficulty regime, weather-risk regime, and
output-level bin. The context variables do not change the base model directly; instead, they
partition calibration samples so that conformal corrections reflect local error regimes. With
context group g = G(z;), the group-specific corrections and calibrated boundaries are

By =Qio({si =8 t€C}), A =0 ({si:g1=g1tC}), 12)
i't = th(J)cL,t - Aéﬂ Ut = qg—“ui + A}S'lt‘

In Equation (12), h(-) extracts the context vector z; from day-ahead features, G(-)

maps that vector to group g, and Aét and Ag

outputs L; and Uy are therefore conditioned on the forecast-error regime represented by

are the corrections selected for sample t. The

the context group.
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Overly fine context partitioning can make empirical quantiles unstable. Therefore, a
minimum calibration sample count 1y, is used, and the correction reverts to the global
estimate when a group has too few samples:

_ k . =9, t e C ’ > ins
Ak = fl w((st:8r =g LECY, g 2ty gy (13)

k .
global” ng < Nmin,

Here, n¢ is the number of calibration samples assigned to group g, 7min is the min-

k
globa

ibration samples. Equation (13) uses a group-specific correction when ngy > npyi, and

imum admissible group size, and A, , ., is the side-k correction obtained from all cal-
the global correction otherwise. For an admissible group, the ordered-score rank is
rex = min{[(ng +1)(1 — ax) |, ng}. The resulting guarantee is marginal within fixed cali-
bration partitions under exchangeability; context grouping improves local adaptation but
should not be interpreted as exact conditional coverage for every context state.

3.4. Profile-Dependent Tail-Risk Allocation

In a directional risk interval, the lower and upper sides are operating boundaries
rather than purely statistical tails. Under a fixed coverage target, the total tail-risk budget

is allocated as
o +ay =«, 0<A<l,

A="L,
& (14)
ap = Aw,
ay = (1—A)a.

The allocation parameter A = ay /« is the fraction of the fixed total miscoverage budget
assigned to the lower tail. Equation (14) keeps a; + ayy = a and the nominal coverage
1 — a unchanged while reallocating risk tolerance between the two sides. A supply-priority
profile sets A < 0.5 to strengthen the lower boundary, a balanced profile sets A = 0.5, and
an accommodation-priority profile sets A > 0.5 to strengthen the upper boundary. Table 2
summarizes these three profiles.

Table 2. Operating profiles and tail-risk allocation.

Profile Operating Condition Tail-Risk Allocation Expected Effect

Supply-priority Upward flexibility pressure or ap < ay Lower shortage-side violation
supply-adequacy concern

Balanced Normal operating condition ap =ay =a/2 Balanced directional protection

Accommodation-priority Downward flexibility pressure or xr > ayp Lower accommodation-side violation

renewable accommodation concern

After an operating profile is selected, CA-ACQR computes Aéf(ocL) and Ag(au)
and forms . 0 .
Lt = ‘?aL,t - Agt (DCL)’

N (15)
Us = q(l)—au,t + Ag(“U)-

Equation (15) is the final CA-ACQR output: each boundary depends on the base
quantile, the context group g, and the profile-specific tail probability. Because the ini-
tial lower quantile does not exceed the initial upper quantile and both corrections are
nonnegative, the calibrated boundaries preserve L; < U;. The profile design converts a
single statistical coverage requirement into a directional risk-control problem aligned with
day-ahead operation.
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ChatGPT-5.5 was used to assist with drafting and language refinement of selected
explanatory passages, which were subsequently reviewed and edited by the authors.

4. Case Study
4.1. Description of Experimental Data

The method is evaluated using a regional wind and PV power dataset. The target
variable is renewable output normalized by installed capacity, which makes interval met-
rics comparable across station sizes and renewable types. The day-ahead input features
include historical renewable output, NWP-derived variables, time features, renewable
type, and lead-time indicators. Weather-related features represent the influence of wind
speed, irradiance, temperature, cloud cover, and other external drivers on renewable
variability. Time features represent diurnal cycles, seasonal patterns, and PV night-time
zero-output behavior.

The samples are split chronologically into training, calibration, and test sets. The
training set fits the base quantile model, the calibration set estimates conformal corrections,
and the test set evaluates the final intervals. All compared methods use the same data split
and input feature set.

4.2. Description of Case Studies

The evaluation uses a controlled comparison design. All methods share the same
chronological training, calibration, and test split; the same base quantile forecasts; the
same nominal 90% coverage target; and the same test samples. Directional stress costs
are also evaluated with the common weights c; = c;; = 1. Consequently, performance
differences arise from the calibration mechanism rather than from data partitions, base
forecasts, test composition, or evaluation weights. The three operating profiles preserve the
total miscoverage rate « = 0.10 and differ only in how that budget is allocated between the
lower and upper tails.

Four methods are selected as component benchmarks: base quantile regression (Base-
QR), global CQR, asymmetric conformal quantile regression (ACQR), and context-aware
conformal quantile regression (CA-CQR). Base-QR evaluates the uncalibrated interval,
CQR isolates the effect of a shared global correction, ACQR isolates side-specific calibration,
and CA-CQR isolates context grouping. CA-ACQR combines context grouping with
asymmetric calibration and profile-dependent tail-risk allocation.

Base-QR directly outputs renewable-power quantiles and is used to evaluate raw
interval performance before conformal calibration. CQR applies the global correction in
Equation (9). ACQR estimates the two side-specific corrections in Equation (11), whereas
CA-CQR incorporates context grouping into a shared interval adjustment. The proposed
CA-ACQR jointly integrates side-specific scores, context-aware corrections, and operating-
profile-dependent tail-risk allocation, allowing its boundaries to reflect local forecast-error
regimes and directional operating preferences.

In practical day-ahead operation, different system states may imply different risk
preferences, even when the same nominal coverage target is required. To represent this
feature, three operating profiles are considered under a fixed total coverage level. The
supply-priority profile reduces the lower-tail risk level to strengthen protection against
renewable shortfall and supply-adequacy pressure. The balanced profile adopts symmetric
tail-risk allocation and is used as the reference setting for normal operating conditions. The
accommodation-priority profile reduces the upper-tail risk level to strengthen protection
against renewable surplus, downward-regulation scarcity, and accommodation pressure.
Since the three profiles share the same total coverage target, their differences mainly reflect
how the same tail-risk budget is redistributed between the two interval sides.

https://doi.org/10.3390/en19153575
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The context variables used by CA-CQR and CA-ACQR are summarized in Table 3.
The prediction-difficulty proxy is constructed from pre-target indicators of short-term
renewable variability and NWP-derived ramp intensity, while the weather-risk regime is
derived from the variability in NWP-based wind speed, irradiance, temperature, and cloud-
cover variables. Both variables are discretized according to the tertiles of the calibration set.
The lead-time group divides the 96 day-ahead 15 min targets into four 6 h blocks, and the
output-level bin is determined from the uncalibrated median forecast and is also discretized
by calibration-set tertiles. To prevent unstable empirical quantile estimates caused by overly
sparse context groups, the minimum context-group size is set to #yin = 200 station-time
calibration samples; groups with fewer samples fall back to the global correction.

Table 3. Context variables used for CA-ACQR calibration.

Context Key Definition Number of Groups Purpose
Renewable type Wind or PV station label 2 Separate§ resource-dependent
error regimes
Lead-time erou 15 min day-ahead targets Captures horizon-dependent
roup aggregated into four 6 h blocks uncertainty
Pre-target variability and
- oo . NWP-derived ramp-intensity Distinguishes low-, medium-,
Prediction-difficulty regime proxy, split by calibration-set and high-difficulty samples
tertiles
NWP-derived wind-speed,
Weather-risk reeime irradiance, temperature, and Represents weather-driven
& cloud-cover variability, split forecast-risk conditions
by calibration-set tertiles
Uncalibrated median forecast Accounts for
Output-level bin level, split by calibration-set 3 output-dependent error

tertiles behavior

For the stress-cost comparison, all strategies are evaluated on the same test samples
with fixed symmetric weights, i.e., c; = ¢y = 1. The fixed-reserve strategy uses a constant
symmetric margin determined from the empirical 90% interval width of the calibration
set, whereas the historical-quantile strategy uses empirical lower and upper renewable-
output quantiles estimated from the calibration split. Vanilla CQR denotes the global COR
interval reported in Table 4, while CA-ACQR denotes the proposed profile-dependent
context-aware asymmetric interval. The mean stress cost is averaged over all station-time
test samples, and CVaRgs is computed from the upper 5% tail of the same test-sample
cost distribution.

Table 4. Overall performance comparison of prediction intervals on the test set.

Method PICP (%) PINAW VRL (%) VRY (%) Mean Stress Cost CVaRgs
Base-QR 91.11 0.459 452 437 0.332 0.816
COR 91.11 0.459 452 437 0.332 0.816
CA-CQR 91.64 0.412 4.11 425 0.333 0.816
ACQR 93.45 0.487 452 2.03 0.356 0.824
CA-ACQR 94.07 0.367 4.49 1.44 0.360 0.836

4.3. Analysis of Experimental Results

Table 4 and Figure 2 summarize the overall calibration performance of the compared
interval methods. Base-QR and CQR obtain the same PICP of 91.11%, with shortage-
side and accommodation-side violation rates of 4.52% and 4.37%, respectively, because
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the global CQR correction is inactive when the raw qg05—40.95 interval already satisfies
the calibration requirement. This result is therefore used as the reference performance
before introducing context-aware and asymmetric calibration. As shown by the coverage-
gap panel, all methods exceed the nominal 90% level, while the reliability—sharpness
panel further reveals how the methods differ in terms of coverage improvement and
interval width.

Introducing context-aware calibration changes the interval structure in a more adap-
tive manner. CA-CQR increases PICP from 91.11% to 91.64%, reduces PINAW from 0.459
to 0.412, and decreases the shortage-side and accommodation-side violation rates to 4.11%
and 4.25%, respectively. These results indicate that context grouping does not simply widen
the prediction interval to increase coverage; instead, it adjusts the correction according
to renewable type, prediction difficulty, weather-risk regime, and lead time, thereby im-
proving reliability while reducing the average interval width. Asymmetric calibration
has a more pronounced effect on directional violation control. ACQR increases PICP to
93.45% and reduces the accommodation-side violation rate from 4.37% to 2.03%, while
the shortage-side violation rate remains at 4.52%. By further combining context-aware
adjustment with asymmetric side-specific calibration, CA-ACQR increases PICP to 94.07%
and reduces the accommodation-side violation rate to 1.44%, corresponding to a reduction
of 2.93 percentage points relative to Base-QR. Meanwhile, CA-ACQR achieves the lowest
PINAW among the compared methods, which shows that the improved coverage and
directional protection are not obtained by a simple expansion of the interval. This reliability
and sharpness advantage, however, should be interpreted together with the stress-cost
results because the proposed method is designed for selectable risk posture rather than for
uniformly minimizing all cost-related indicators.

(a) b) .
Coverage gap Reliability-sharpness

CA-ACQR
4.07 94 *

4
ACQR
345
93
3
II 92 7

2 CA-CQR
164 o Base-QR
1 111 1.11 II 91 4 cor

Base-QR/CQR overlap
nominal 90%
90 -
0 T T T T T T T T T T

Base- CQR CA- ACQR CA- 0.350 0.375 0.400 0.425 0450 0475 0.500
QR CQR ACQR PINAW

PICP — (1 — a) (percentage points)
PICP (%)

Figure 2. Reliability—sharpness comparison of the interval calibration methods. Panel (a) reports the
coverage gap relative to the nominal 90% level, PICP — (1 — «), in percentage points. Panel (b) shows
the PICP-PINAW trade-off and explicitly marks the overlap between Base-QR and CQR.

Figure 3 illustrates how CA-ACQR redistributes directional risk through the tail-
allocation parameter A = a1, /a. In the continuous allocation panel, increasing A transfers
protection from the lower boundary to the upper boundary: VR’ increases from 0.86%
to 4.02%, whereas VRY decreases from 4.31% to 0.69%. This trend is consistent with
the proposed boundary interpretation, because reducing «; strengthens shortage-side
protection, while reducing a; strengthens accommodation-side protection.

The representative operating profiles further show the practical meaning of this contin-
uous allocation mechanism. Under the supply-priority profile, the shortage-side violation
rate is reduced to 0.86%, which is 2.83 percentage points lower than the balanced value
of 3.69%. Under the accommodation-priority profile, the accommodation-side violation
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rate is reduced to 0.69%, which is 2.96 percentage points lower than the balanced value
of 3.65%. These reductions are accompanied by a shift of risk to the opposite side, as
reflected by the higher accommodation-side violation under supply priority and the higher
shortage-side violation under accommodation priority. The width and stress-cost panels
show that PINAW and mean stress cost remain relatively low around the supply-priority to
balanced region, but increase under the strongest accommodation-priority setting. There-
fore, operating-profile selection should be understood as choosing a point on a trade-off
surface among supply-adequacy risk, accommodation risk, interval width, and stress cost,
rather than as selecting a universally dominant interval.

—@— VR  —@— VRY Representative profile

. . b . )
@ Continuous allocation (b) Representative profiles

1
Supply Balanced Accommodation
5 431
4.02
—~ |e =41 N 369 365
8 44 |_g—o—e—¢ ®
Y . Y
g 5 g1 . .
c c
Ke] [}
T 2 A T2
8 <]
14 4 .
e (]
0 T T T T 0 -
0.2 0.4 0.6 0.8 Supply Balanced Accommodation
A=aa 0.10 0.50
C . d
© Interval width (d) Stress cost
0.39
0.58 -
0.56 > _ 0381 4
3
0.54 c 0.37 7
B 2
< . ® 0.36
z 0.52 £ 0.36
& 050 < 035
]
0.48 + = 0.34
@ [ J L
O——o0—C —C—c——0—
0.46 0.33 1
T T T T T T T T
0.2 0.4 0.6 0.8 0.2 0.4 0.6 0.8
A=a/a A=a/a

Figure 3. Operating profiles and tail-risk allocation in CA-ACQR: (a) continuous changes in the
shortage-side violation rate VR" and accommodation-side violation rate VRY with the tail-allocation
parameter A = &y /&, where the vertical dashed lines mark the representative profiles; (b) directional
violation rates under the supply-priority, balanced, and accommodation-priority profiles, where the
blue bars denote VRL and the red bars denote VRY; (¢) variation in PINAW with A; and (d) variation
in mean stress cost with A.

The stress-cost trade-off in Figure 4 provides a complementary view of the operating
implications of directional protection. The two conventional strategies, fixed reserve and
historical quantile, show much larger tail stress-cost values, indicating that static margins
or historical quantiles may be insufficient for controlling difficult test periods under the
adopted normalized penalty assumptions. Vanilla COR and CA-ACQR are located in the
lower-cost region of the trade-off space, but CA-ACQR is not the minimum point for every
cost metric. Its mean stress cost is 0.360, higher than that of Base-QR/CQR (0.332), and its
CVaRgs is 0.836, slightly higher than that of Base-QR/CQR (0.816). This result indicates
that stronger directional boundary protection can reduce the selected violation rate, but
the corresponding boundary shifts and fixed normalized penalty weights may increase
aggregate stress-cost indicators. Therefore, CA-ACQR should be interpreted as a risk-
posture selection mechanism that supports directional protection under a fixed coverage
target, rather than as a method that uniformly minimizes all average and tail cost measures.
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Figure 4. Trade-off between mean stress cost and CVaRgs stress cost across operating-risk strategies.
Each point represents one strategy evaluated on the same test samples; movement toward the
lower-left direction indicates lower average and tail stress-cost values under the adopted normalized
penalty assumptions.

Figure 5 decomposes the tail-allocation response by renewable type. Wind and PV
stations exhibit the same qualitative profile-control pattern: as A increases from the supply-
priority side to the accommodation-priority side, lower-side protection becomes weaker
and VR! increases, while upper-side protection becomes stronger and VRY decreases.
The shared y-axis makes the difference between the two resource types more explicit.
Wind stations show a higher accommodation-side violation rate under supply-priority
allocation and a larger reduction as A increases, whereas PV stations exhibit a lower but
more gradual accommodation-side response. These differences in curve levels and slopes
indicate resource-dependent error regimes, supporting the use of context-aware calibration
rather than a single global correction.

—-@— VR: —@— VRY

(a) (b)

Wind stations ) Photovoltaic stations

I
1

Violation rate (%)
w
1

N
1

Balanced
0 T T L T T T

Balanced
1

0.2 0.4 0.6 0.8 0.2 0.4 0.6 0.8
A=a/a A=q/a

Supply-priority — Accommodation-priority
Figure 5. Directional violation response to tail-risk allocation for wind and photovoltaic stations:
(a) violation-rate responses for wind stations; and (b) violation-rate responses for photovoltaic
stations. In both panels, the blue curve denotes the shortage-side violation rate VRL, the red curve

denotes the accommodation-side violation rate VRY, and the vertical dashed line marks the balanced
allocation A = 0.5.
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4.4. Discussion

The experimental results demonstrate that CA-ACQR provides an effective mechanism
for converting prediction intervals into directional operating risk boundaries. Traditional
probabilistic interval methods mainly evaluate overall coverage and width, which are
necessary for assessing reliability and sharpness but are insufficient for identifying whether
violations occur on the shortage side or on the accommodation side. CQR improves the
conformal-calibration baseline by applying a global correction, but it does not distinguish
the two directions of operational risk. ACQR separates lower- and upper-side violations but
still relies on global side-specific corrections, whereas CA-CQR accounts for forecast-error
heterogeneity through context grouping but does not allocate tail risk according to operating
profiles. CA-ACQR combines these elements and produces calibrated interval boundaries
that depend jointly on local forecast-error regimes and operational risk preferences.

From an operational perspective, the three profiles correspond to different day-ahead
risk postures. Supply-priority intervals are more suitable when supply pressure, upward
flexibility scarcity, or reserve adequacy is the main concern, whereas accommodation-
priority intervals are more suitable when renewable surplus, downward-regulation scarcity,
or accommodation pressure becomes dominant. Balanced intervals provide a reference
posture for regular operating conditions. These profiles do not imply a fixed performance
ranking; instead, they provide selectable risk postures under the same total coverage target,
allowing operators to choose the interval boundary configuration that is more consistent
with the prevailing operational concern.

It should also be emphasized that CA-ACQR provides day-ahead probabilistic risk
boundaries rather than replacing unit commitment, economic dispatch, or security-checking
models. Its role is to generate directional uncertainty inputs that can support downstream
reserve scheduling, dispatch decision-making, and renewable accommodation assessment.
The detailed operating-cost impacts of the proposed intervals should therefore be evaluated
after embedding these calibrated boundaries into downstream optimization or security-
analysis models.

5. Conclusions

This paper proposed CA-ACQR, a context-aware asymmetric conformal calibration
framework for constructing directional renewable-power risk intervals. The method in-
terprets the lower boundary as a shortage-side supply-adequacy risk boundary and the
upper boundary as an accommodation-side renewable-accommodation risk boundary.
It uses side-specific conformal scores, context-aware corrections, and profile-dependent
tail-risk allocation to adjust the two interval boundaries under supply-priority, balanced,
and accommodation-priority operation.

The regional wind and PV case study shows that CA-ACQR improves interval reliabil-
ity and directional violation control while exposing measurable stress-cost trade-offs. In the
component comparison, CA-ACQR increases PICP to 94.07% and reduces accommodation-
side violation from 4.37% to 1.44%. Along the operating-profile frontier, supply-priority
operation reduces shortage-side violation to 0.86%, whereas the strongest accommodation-
priority setting reduces accommodation-side violation to 0.69%. These results indicate that
the proposed directional intervals can support day-ahead risk screening, reserve awareness,
renewable-accommodation assessment, and operating-profile selection, while downstream
operational optimization remains necessary for detailed dispatch decisions.
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