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Abstract

High Speed 2 (HS2) is a major UK railway infrastructure project with substantial economic
and transport benefits. However, its scale and operational complexity have potentially cre-
ated environmental impacts. Thus, forecasting air quality and noise levels may support
more informed site management. Nevertheless, existing Machine Learning models do not
reveal the uncertainty of their predictions, limiting their reliability in such high-stakes envi-
ronments. Therefore, we propose a state-conditioned conformal prediction (CP) framework
that uses recent operational-state information to produce reliable and adaptive prediction
intervals. Experiments on real-world HS2 air-quality and noise monitors show that state-
conditioned calibration reduced mean interval width by up to 40.38%.

1. Methodology

Conventional rolling CP pools recent residuals without accounting for operational state
changes. This can yield inefficient intervals or coverage under temporal dependence and
distribution shifts (Gibbs and Candès (2021); Zaffran et al. (2022)). Thus, we propose a
state-conditioned calibration framework inspired by change-point detection that estimates
intervals from residuals of the current operational state (Sun and Yu (2025)).

Instead of assuming that all recent observations follow the same calibration distribution,
the proposed approach divides the time series into two states. For state-detection method

(m), each observation is assigned a binary label S
(m)
t ∈ {0, 1} where S

(m)
t = 1 denotes an

active or high-intensity construction-work state, whereas S
(m)
t = 0 denotes an inactive or

low-intensity construction-work state. Let yt denote the observed hourly environmental tar-
get at time t, and let ŷt = f(Xt) denote its point forecast, generated using only information
available before time t. The absolute prediction error is defined as et = |yt − ŷt|, where
et is used as the nonconformity score for conformal calibration. For residual-based state
detection, the same error sequence is also used to identify model-specific error regimes.

For state-detection method m and a rolling calibration window of length W , the state-

matched calibration index set is defined as I(m)
t = {i : t−W ≤ i < t, S

(m)
i−1 = S

(m)
t−1} where

S
(m)
t−1 denotes the state assigned by method m at time t − 1. The corresponding set of

state-matched nonconformity scores is E(m)
t = {ei : i ∈ I(m)

t }. Let n = |E(m)
t | denote the

number of effective calibration scores. For a confidence level of 1 − α, the finite-sample
conformal rank is k = ⌈(n+ 1)(1− α)⌉. The state-conditioned conformal quantile is then
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defined as the k-th ordered value of the calibration scores with q
(m)
t,1−α = Quantilek

(
E(m)
t

)
.

The resulting prediction interval is C
(m)
t,1−α =

[
ŷt − q

(m)
t,1−α, ŷt + q

(m)
t,1−α

]
.

We investigated three state-detection methods: K-means, measurement-level, and residual-
level, which identify operational states from working schedules, environmental measurement
patterns, temporal segments, recent measurement levels or prediction-error regimes.

2. Empirical results

The framework was evaluated on two HS2 monitors in Birmingham: BCC WHD001 for air qual-
ity and BCC TOS N1 for noise. Four hourly targets were considered: PM10, LpAeq,T , LpA90,T ,
and LpAF,max, representing particulate concentration, average noise exposure, background
noise, and maximum short-duration noise, respectively. ARIMAX was used as the main
forecasting model, trained on data from 8/25 to 11/25, with 12/25 used for validation and
initial conformal calibration and 1/26 for evaluation. A rolling 30-day conformal interval
served as the baseline, empirical coverage and mean interval width assessed reliability.

Table 1: State-conditioned CP results (ARIMAX) at 90% and 95% confidence. MAE and
RMSE are in µgm−3 for PM10 and dB(A) for noise targets. Width reduction is
measured relative to the rolling 30-day calibrated conformal baseline.

Target Monitor State method MAE RMSE Conf. (%) Coverage (%) Width Red. (%)

PM10 BCC WHD001 Residual-level 3.54 5.95 90 83.74 40.38
PM10 BCC WHD001 Residual-level 3.54 5.95 95 93.15 10.90

LpAeq,T BCC TOS N1 Residual-level 3.14 3.84 90 90.99 14.31
LpAeq,T BCC TOS N1 Residual-level 3.14 3.84 95 95.70 19.49

LpA90,T BCC TOS N1 Measurement-level 4.47 5.31 90 90.99 -0.40
LpA90,T BCC TOS N1 Measurement-level 4.47 5.31 95 95.43 -2.59

LpAF,max BCC TOS N1 K-means 4.27 5.45 90 94.76 16.53
LpAF,max BCC TOS N1 K-means 4.27 5.45 95 97.45 14.58

Table 1 shows that residual-level gave the strongest reliable improvement for LpAeq,T

and K-means maintained coverage for LpAF,max. Figure 1 illustrates that at both the 85%
and 95% confidence levels, residual-level intervals remain tighter than the rolling 30-day
baseline whilst maintaining strong coverage.

Figure 1: Interval comparison for LpAeq,T at 85% and 95% confidence using ARIMAX.
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