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Abstract. High Speed Two (HS2) is Britain’s current largest rail infras-
tructure project. However, its delivery has faced significant operational
challenges, leading to lengthy delays. The ability to forecast environ-
mental impacts could support more effective site management, resource
allocation, and mitigation strategies. Thus, we investigate whether air
quality and noise monitoring data from HS2 construction sites can be
predicted ahead of time. We implemented several state-of-the-art time-
series models and benchmarked them against statistical models. To ad-
dress volatile environmental conditions, we proposed a Conformal Pre-
diction based time-series approach to provide statistically valid predic-
tion intervals. The results demonstrated that background noise was the
most forecastable target, predictable one-hour ahead achieving RMSE
1.35 dB(A). Surprisingly, we found no correlation between air and noise
measures. To the best of our knowledge, this was the first work to apply
Machine Learning to forecast HS2 construction environmental impacts.
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1 Introduction

HS2 promised to bridge the UK North-South divide by producing long-term
benefits for employment, regional connectivity and economic growth. However,
given the scale of this construction project, environmental impacts including air
quality and noise require careful management. As construction activity intensi-
fies, the increased presence of people and equipment on site may lead to higher
levels of noise and particulate matter. Under the Government’s Environmental
Minimum requirements Act1, HS2 are required to measure these environmental
effects and ensure the limits are not exceeded.

However, the difficulty with current environmental monitoring is that it only
reports exceedances after they have occurred. This limits managers’ ability to

1 https://www.gov.uk/government/publications/environmental-minimum-
requirements - last accessed on July 1st 2026.

https://www.gov.uk/government/publications/environmental-minimum-requirements
https://www.gov.uk/government/publications/environmental-minimum-requirements


allocate resources whilst remaining compliant with regulations. If future condi-
tions could be anticipated in advance, managers could identify sites capable of
additional construction activities or take measures to maintain safety thresholds.

More importantly, air quality and noise measures are highly volatile in con-
struction sites. The environmental conditions may change rapidly due to weather,
traffic, and other external factors. As a result, traditional Machine Learning
(ML) approaches may struggle to provide reliable estimations.

Therefore, to examine the environmental forecast accuracy and uncertainty,
we compared statistical modelling baselines against advanced ML models. Each
model was evaluated across multiple air and noise quality targets monitored
around HS2 construction sites. We also proposed a Conformal Prediction (CP)
time-series approach to generate prediction intervals with guaranteed coverage.
Figure 1 illustrates the result of our method on forecasting HS2 noise level,
showcasing the prediction interval that guaranteed to include the true noise
measure.

Fig. 1: An example of our approach for predicting hourly noise level on HS2
construction site. While traditional ML models struggle to predict the noise
measures, our approach correctly captured the true measure 90% of the time,
for a 90% prediction interval.

Specifically, our paper makes the following contributions:

– We compare statistical baseline methods against ML models, and apply Con-
formal Prediction to quantify forecasting uncertainty.

– We evaluate the predictability of multiple environmental indicators, identi-
fying which air quality and noise targets can be predicted reliably.

– We present the first study, to the best of our knowledge, that applies ML for
forecasting HS2 construction conditions, demonstrating how such predictions
may support operational planning and environmental compliance.

The remaining of the paper is structured as follows. Section 2 reviews the
related work on air quality and noise prediction. Section 3 describes the HS2 en-
vironmental data. Section 4 defines our forecasting framework. Section 5 presents
the experimental results. Lastly, Section 6 concludes our work.



2 Related work

This section compares existing work on ML approaches for air quality and noise
forecasting (see Table 1). Crucially, existing studies do not provide reliable pre-
dictions with statistical coverage guarantees for construction-related environ-
mental impacts, which our work addresses.

Table 1: Summary of the related work reviewed in this study.
Paper
Reference

ML Model
Employed

Performance Notes

[1] DTR, LNR,
RFR.

DTR AQI MAE 2.02%, RMSE
9.94%.

Cloud computing reduced model
execution time.

[3] SWR, SVR. SVR PM2.5 R2 0.78-0.97, RMSE
5.62-22.21.

Suggests we can use data from
surrounding stations to predict a
station’s own PM2.5.

[7] MLP, KNN,
RF, XGB.

RF PM10 R2 = 0.953, RMSE
0.032, MAE 0.019.

All struggled to predict black
carbon PM10. The best R2 =
0.585 by RF.

[9] R, SVR, RFR,
ETR, XGB.

All PM2.5 MAE < 2,
RMSE < 2.5.

As more input features were
added, the performance improved.

[11] GBM, MLR. GBM Noise RMSE < 1dB(A),
R2 > 0.7.

Historical features were more
informative than time features.

[12] KNN, RF, NB. RF overall accuracy 0.95, AUC 1
for the “Good” PM10

concentration range

The most impactful features were
proximity to transport, urban and
industrial activity.

[14] LTSM, RW,
SAE, SVM.

LTSM Noise 10 min interval -
RMSE 0.48-0.93, MAE 0.31-0.69.

Larger intervals generally improve
accuracy as randomness is
averaged out.

Model: AQI=Air Quality Index; DTR=Decision Tree Regression; ETR=Extra Trees Regres-
sor; XGB=Extreme Gradient Boosting; GBM=Gradient Boosting; KNN=K-Nearest Neighbours ;
LNR=Linear Regression; LSTM=Long Short Term Memory Network; MLP=Multi-layer Perceptron;
MLR=Multiple Linear Regression; NB=Naïve Bayes; RF=Random Forest; RFR=Random Forest
Regressor; RW=Random Walk; R=Ridge Regression; SAE=Stacked Autoencoder; SWR=Stepwise
Regression; SVM=Support Vector Machine; SVR=Support Vector Regression.
Metrics: MAE=Mean Absolute Error; RMSE=Root Mean Square Error; AUC=Area Under the
Curve.

3 HS2 environmental monitoring data

This section describes the HS2 environmental monitoring data, its transforma-
tion from heterogeneous raw workbooks into a unified dataset, and the prepro-
cessing applied before Machine Learning modelling.

3.1 Air quality and noise monitoring

To assess construction impacts and support compliance with environmental re-
quirements, HS2 collects air-quality and noise data around active construction
sites. These measurements are recorded by fixed monitoring instruments installed
at specific locations near the worksites. Each instrument is treated as one mon-
itor and provides an independent environmental time series.



In this study, six monitors from three HS2 construction areas were selected
to represent contrasting environments. The London Borough of Camden (LBC)
and Birmingham City Council (BCC) were chosen as major urban areas with
intensive construction activity, while Buckinghamshire Council (BC) provided a
more rural setting (see Figure 2).

Fig. 2: Locations of the six HS2 monitors used in this study. Red markers indi-
cate air quality monitors and blue markers indicate noise monitors. Camden
sites comprise AQ005 (Stephenson Way) and N051 (Adelaide Road Ventila-
tion Shaft). Buckinghamshire sites are CHStG-AQMP1 (Hobbs Hole Cottage)
and SE-NMP1 (School End, Chetwode). Birmingham sites consist of WHD001
(Washwood Heath Depot) and TOS-N1 (Birmingham Road, Water Orton).

Air monitors are AQ005, CHStG-AQMP1, and WHD001. Each has one pre-
diction target PM10, the particulate matter PM10 concentration in micrograms
per cubic metre µg/m3.

Noise monitors are fitted with a windshield protected microphone and are
installed at approximately 4 m above ground level in a free field area. Its cali-
bration is checked at the start and end of each measurement. Each monitor has
three prediction targets, all measured in A-weighted decibels dB(A), which rep-
resents sound pressure levels adjusted to reflect human hearing. LpA90,T is the
level exceeded for 90% of the period (i.e. the background noise), LpAeq,T is the
continuous sound pressure level over the period (i.e. the average), LpAF,max is
the maximum fast time sound pressure level (i.e. short time high noise events).

The final audit checked metadata, schemas, timestamps, chronological order,
missing measurements, and duplicated records (see Table 2). The final dataset
contains 6 monitor keys, 26,546 rows, and 52,976 finite environmental readings,
with an overall capture rate of 99.88%. The audit also identified 66 missing
source values and 48 additional duplicate monitor-timestamp records.



Table 2: Overview of the HS2 environmental dataset used.
Feature Value

Monitor-level files 6
Councils included Buckinghamshire (BC), Birmingham (BCC), and Camden (LBC)
Number of monitors by council BC: 2; BCC: 2; LBC: 2
Physical data records 26,546
Air-quality measurement type PM10
Noise measurement types LpAeq, T , LpA90,T , and LpAF,max

Finite environmental readings 52,976
Nominal monitoring duration 184 calendar days
Nominal sampling interval 1 h

4 Reliable HS2 environmental forecasting

This section outlines the forecasting framework used to predict HS2 environ-
mental data, particularly, the baseline models, machine learning models, the
evaluation metrics and the conformal prediction framework.

Throughout, yt symbolises the true value of the target at hour t, ŷt is the
models predicted value for that hour, and n is the number of predictions being
evaluated. The forecast horizon h is the number of hours ahead being predicted,
where h = 1 is adopted. Moreover, x is the input feature vector for a single
prediction i.e. the flattened lag window of recent target values together with the
calendar features. xi, yi, ŷi are the feature vector, true value, and prediction for
the i-th sample. The i index represents training samples and t is time.

4.1 Baseline models

Two baselines were evaluated on the January test set to provide a reference point
for comparing against more complex models.

– Persistence (lag) - The value h hours ago is used as the prediction ŷt =
yt−h, where yt−h is the observed value h hours before t. This naive forecast
is used as it is strong and hard to beat for short term forecasts. [4].

– Rolling mean - The mean of the previous window size w is used ŷt =
1
w

∑︁w
i=1 yt−h−i, where w is the number of past hours i.e. window size and

yt−i is the observed value i hours before t. This is included as a smoothed
model capturing the average while ignoring momentary spikes.

4.2 Machine Learning models

Four ML models were evaluated in this study.

– Linear regression predicts the target as a weighted combination of the
input features, ŷ = β⊤x + b, where β contains the learned coefficients and
b is the intercept. It provides a simple and interpretable model of linear
relationships but can be affected by multicollinearity. [8].



– Gradient boosting combines regression trees sequentially according to
Fm(x) = Fm−1(x) + νhm(x), where hm is the tree added at iteration m
and ν is the learning rate. It can capture nonlinear relationships and inter-
actions between temporal and environmental features. [2].

– ARIMA represents the differenced time series using autoregressive and
moving-average terms. An ARIMA(p, d, q) model uses p autoregressive lags,
differences the series d times, and includes q lagged forecast errors. The
model was repeatedly refitted using all observations available before each
forecast cut-off and then used to generate multi-step forecasts. [6].

– ARIMAX extends ARIMA by estimating with exogenous inputs. The term
β⊤xt is added, where xt is the feature at hour t. [5].

4.3 Conformal Prediction

With traditional ML models, a single predicted value does not show how cer-
tain the result is. This is a serious concern for a large and complex project as
HS2, where unreliable forecasts could lead to poor site management, inefficient
resource allocation, and greater disruptions.

Therefore, we adopted conformal prediction (CP) to complement each fore-
cast with a prediction interval and provide an explicit assessment of reliability.
CP is a model-agnostic method that uses calibration errors to quantify fore-
cast uncertainty. It provides finite-sample marginal coverage without assuming
a specific error distribution [10].

For HS2 environmental data, we used a rolling window of recent out-of-sample
errors, allowing interval widths to adapt over time [13]. The required reliability
is defined by the nominal coverage level 1− α, where α is the significance level.
For example, α = 0.10 gives a 90% prediction interval, meaning that the target
is expected to fall inside the interval, 90% of the time.

For a calibrated forecast at hour t, the absolute residual is used as the non-
conformity score et = |yt − ŷt|. A larger score means less accurate forecast. For
a rolling calibration window of W hours, the scores before forecasting hour t are:

Et = {ei : t−W ≤ i < t} (1)

Let mt = |Et| be the number of available calibration scores. These scores are
then sorted. For nominal coverage 1− α, the selected position is:

kt = min {mt, ⌈(mt + 1)(1− α)⌉} (2)

This rank selects an error threshold large enough to cover approximately the
required proportion of previous calibration errors. If et,(1) ≤ · · · ≤ et,(mt) are the
ordered scores, the conformal error quantile is qt,1−α = et,(kt).

The value qt,1−α is used as the half-width of the prediction interval. The
symmetric interval for hour t is therefore:

Ct,1−α = [ŷt − qt,1−α, ŷt + qt,1−α] (3)

Under exchangeability, CP guarantees that the true value yt falls within
Ct,1−α with marginal probability of at least 1− α.



5 Experimental results

This section presents our experimental results, which were organised around the
following research questions:

– Can air and noise targets be forecast from historical monitoring
data and calendar features? It is believed that targets dominated by reg-
ular daily cycles will be forecastable, whereas targets dominated by random
events will not.

– Which of the targets are predictable? We expect air, background noise
and average noise to be the most predictable whilst the loud short event
noises will be random.

– Are the air and noise monitors at the same area correlated? In one
instance, they are both in Camden Borough so we expect some correlation.

– How reliable and informative are our proposed prediction inter-
vals? It is expected that conformal prediction intervals will achieve stated
coverage levels while remaining sufficiently narrow.

5.1 Baseline results

To evaluate the performance of the ML models, we employed Mean Absolute Er-
ror (MAE), Root Mean Squared Error (RMSE), and symmetric Mean Absolute
Percentage Error (sMAPE). MAE measures the average magnitude of the pre-
diction errors, while RMSE gives greater weight to larger errors and is therefore
more sensitive to substantial deviations. sMAPE expresses the prediction error
as a symmetric percentage of the observed and predicted values, enabling com-
parisons across measurements with different scales. For all three metrics, lower
values indicate better forecasting performance.

Across all three air quality monitors, the rolling mean typically outperforms
the seasonal persistence baseline at both forecast horizons (see Table 3). For
the 168-hour window, the rolling mean achieves lower MAE and RMSE overall.
Similarly, for the 720-hour window, the rolling mean records lower MAE, RMSE,
and sMAPE overall than the monthly seasonal persistence baseline.

Table 3: 168-hour and 720-hour window PM10 baseline forecasting performance
of each monitor (all MAE and RMSE values in µg/m3).

Baseline AQ005 CHStG-AQMP1 WHD001

MAE RMSE sMAPE MAE RMSE sMAPE MAE RMSE sMAPE

168-hour rolling mean 5.97 10.10 44.36 3.54 5.05 56.86 1.30 1.86 106.08
Weekly seasonal persistence 8.19 12.13 61.09 5.73 10.58 69.07 2.47 5.85 100.70

720-hour rolling mean 6.84 10.87 50.05 3.36 4.66 56.50 0.87 0.95 88.12
Monthly seasonal persistence 9.38 13.48 61.12 6.18 11.46 71.09 2.25 5.40 97.50

Furthermore, the three noise monitors mostly suggest LpAF,max as the hard-
est target to forecast, with the highest absolute errors in both baselines and both



horizons (see Table 4). At TOS-N1 in Birmingham, the 168-hour rolling mean
generally dominates across all targets. Contrastingly, at SE-NMP1 in Bucking-
hamshire, the weekly seasonal persistence is overall the best baseline. Interest-
ingly, at N051 in Camden, the results are mixed where on the whole, 168-hour
rolling mean is best for LpAeq,T and LpAF,max but weekly seasonal persistence
is better forLpA90,T .

Table 4: 168-hour and 720-hour noise forecasting baseline performance for mon-
itors SE-NMP1, TOS-N1, and N051 (all MAE and RMSE values in dB(A)).

Monitor Baseline LpAeq,T LpA90,T LpAF,max

MAE RMSE sMAPE MAE RMSE sMAPE MAE RMSE sMAPE

SE-NMP1

Weekly seasonal persistence 5.32 7.26 12.19 4.08 5.17 11.33 6.88 8.96 11.26
Monthly seasonal persistence 7.44 9.80 16.32 4.25 5.55 11.77 8.87 11.18 14.08
168-hour rolling mean 8.60 10.04 19.26 4.25 5.08 12.13 10.49 12.09 16.56
720-hour rolling mean 8.53 10.18 19.10 4.20 5.07 12.00 10.35 12.26 16.34

TOS-N1

Weekly seasonal persistence 3.39 4.17 5.41 3.31 4.15 5.55 6.26 8.42 7.84
Monthly seasonal persistence 4.92 6.01 7.78 4.60 5.59 7.60 8.90 11.16 11.20
168-hour rolling mean 2.98 3.63 4.62 3.20 3.88 5.22 4.63 5.82 5.64
720-hour rolling mean 3.42 4.25 5.31 3.50 4.28 5.70 5.99 6.96 7.31

N051

Weekly seasonal persistence 2.53 3.36 3.77 2.77 3.64 5.68 7.81 9.99 8.58
Monthly seasonal persistence 2.75 3.54 4.11 4.24 5.32 8.58 8.18 10.44 8.98
168-hour rolling mean 2.51 3.31 3.78 4.91 5.82 9.97 6.90 7.96 7.64
720-hour rolling mean 2.54 3.33 3.83 5.16 6.09 10.46 6.92 7.96 7.66

5.2 Air forecasting

At the one-hour horizon, gradient boosting and linear regression are generally
the best models for PM10 forecasting whilst ARIMA and ARIMAX mostly un-
derperform (see Table 5). Overall, gradient boosting achieves the best MAE,
RMSE, sMAPE at both AQ005 and WHD001. Linear regression is typically
the best performing at CHStG-AQMP1 where it achieves the lowest MAE and
RMSE of any model across the three monitors. For the most part, ARIMA and
ARIMAX both produce similarly higher errors. Thus altogether, incorporating
exogenous features in ARIMAX does not provide meaningful improvement over
ARIMA.

Table 5: One-hour-ahead PM10 forecasting performance of each monitor (all
MAE and RMSE values in µg/m3).

Model AQ005 CHStG-AQMP1 WHD001

MAE RMSE sMAPE MAE RMSE sMAPE MAE RMSE sMAPE

Linear Regression 3.11 6.38 23.82 1.63 2.83 26.27 2.41 4.75 96.33
Gradient Boosting 2.56 5.04 19.45 3.37 8.76 37.37 1.83 4.42 79.82
ARIMA 6.46 10.84 47.80 4.59 10.46 53.58 2.31 4.89 97.00
ARIMAX 6.27 10.57 46.80 4.68 10.44 59.58 3.54 5.95 107.54



5.3 Noise forecasting

Gradient boosting is generally the best model at the one-hour horizon across
all three monitors and noise targets (see Table 6). Linear regression is usually
consistently second for LpA90,T and LpAeq,T . Overall, at every monitor LpAF,max

is the toughest target with high absolute errors that are similar across models.
ARIMA typically produced the poorest performance, particularly at SE-NMP1,
although integrating exogenous features in ARIMAX improved accuracy at this
site, this was not the case at TOS-N1 where instead the performance reduced.

Table 6: One-hour-ahead noise forecasting performance for monitors N051, SE-
NMP1, and TOS-N1 (all MAE and RMSE values in dB(A)).

Monitor Model LpAeq,T LpA90,T LpAF,max

MAE RMSE sMAPE MAE RMSE sMAPE MAE RMSE sMAPE

N051

Linear Regression 1.94 3.31 2.94 1.25 2.12 2.58 6.79 9.50 7.52
Gradient Boosting 1.62 2.21 2.41 1.20 1.57 2.45 6.24 7.40 6.90
ARIMA 2.52 3.31 3.79 4.36 5.44 8.88 6.42 7.50 7.10
ARIMAX 2.05 2.66 3.07 3.04 3.86 6.08 6.16 7.40 6.80

SE-NMP1

Linear Regression 2.88 4.63 7.11 1.69 2.86 4.87 5.12 8.46 9.08
Gradient Boosting 2.31 3.04 5.28 1.44 1.97 3.99 4.18 5.46 6.90
ARIMA 8.37 9.69 18.73 4.10 4.96 11.67 9.97 11.53 15.73
ARIMAX 5.11 6.29 11.51 3.06 4.00 8.63 6.30 7.92 10.16

TOS-N1

Linear Regression 1.39 2.37 2.18 1.04 1.76 1.71 4.33 6.73 5.35
Gradient Boosting 1.22 1.61 1.89 1.02 1.35 1.66 3.67 4.65 4.46
ARIMA 2.87 3.57 4.43 3.52 4.30 5.74 5.01 6.40 6.14
ARIMAX 3.14 3.84 4.97 4.47 5.31 7.53 4.27 5.45 5.21

Figure 3 shows the ARIMAX prediction results for LpAeq,T at TOS-N1
throughout 1/2026. The predicted pattern broadly captures the true daily mea-
sure. Despite this, it generally underestimates the true values in the first week.

Fig. 3: Actual and ARIMAX predicted LpAeq,T noise levels for Birmingham City
Council monitor TOS-N1.



5.4 Air and noise correlation

The two monitors assessed were in Camden. Thus, we initially expected air and
noise to correlate on hourly and weekly scales which would have shown up as
shared peak periods. However, the peaks did not overlap. PM10 peaks during
7:00-17:00 whereas noise peaks from 5:00 to late in the evening. Additionally, the
weekday and weekend contrast was strong for air but weak for noise. Further-
more, PM10 against LpA90,T , LpAeq,T and LpAF,max give Spearman’s correlation
rank results ≤ 0.15 (see Figure 4). Thus, knowing the PM10 value at a given
hour indicated nothing about the noise levels at that hour and vice versa.

Fig. 4: Spearman correlation between air quality and noise levels (AQ005 & N051,
8/2025-1/2026).

5.5 Evaluation of conformal prediction intervals

Traditional ML models provide a single predicted value for each future time
point, without any uncertainty associated with each prediction. Thus, we evalu-
ate our proposed Conformal Prediction intervals to assess both their reliability
and efficiency.

A rolling 30-day calibration window was used to estimate predictive uncer-
tainty from recent forecasting errors. Nineteen miscoverage levels were evaluated:

A = {0.05, 0.10, . . . , 0.95} (4)

where α ∈ A corresponds to a nominal coverage level of 1 − α, ranging from
5% to 95%. The prediction interval for hour t at nominal coverage level 1−α is
denoted by Ct,1−α.

Interval reliability was evaluated using the prediction interval coverage
probability (PICP):

PICP1−α =
1

n

n∑︂
t=1

1 {yt ∈ Ct,1−α} (5)



where n is the total number of predictions being evaluated, t indexes the pre-
diction hours, and 1{·} equals one when the observed value lies within the cor-
responding prediction interval and zero otherwise. A reliable prediction interval
should achieve a PICP1−α close to the nominal coverage level 1− α.

Interval efficiency was evaluated using the mean prediction interval width
(MPIW):

MPIW1−α =
1

n

n∑︂
t=1

(Ut,1−α − Lt,1−α) (6)

where Lt,1−α and Ut,1−α denote the lower and upper bounds of the prediction
interval for hour t. A smaller MPIW1−α indicates a more informative interval,
provided that the required coverage level is maintained. Together, PICP1−α and
MPIW1−α were used to evaluate the reliability and efficiency of the conformal
prediction intervals generated from the rolling calibration residuals.

The evaluation included all six monitors mentioned above. Four forecast-
ing models were evaluated: linear regression (LNR), gradient boosting (GB),
ARIMA, and ARIMAX. The target measurements included PM10, LpAeq,T ,
LpA90,T , and LpAF,max.

Fig. 5: Nested conformal prediction intervals for hourly LpA90,T forecasts at mon-
itor N051 in London Camden from 1–7 January 2026. The gradient boosting
model captured the daily noise pattern, with 90% and 95% PICP values of
88.84% and 95.03%, respectively.

The one-week example in Figure 5 provides a clear view of the nested intervals
around the hourly forecasts. A clear coverage–width trade-off is demonstrated,
with interval widths increasing consistently as the nominal coverage level rises.

The complete PICP and MPIW results are reported in Table 7. It is observed
that the noise intervals generally achieved coverage close to or above their nom-
inal levels. For example, GB achieved 90% and 95% PICP values of 90.32% and
95.30% for LpAeq,T at SE-NMP1, and 90.05% and 95.97% at TOS-N1. Air-quality
intervals, on the other hand, showed greater under-coverage, particularly at the
90% level. However, air-quality coverage consistently increased for the 95% in-



tervals. Overall, ARIMAX provided the strongest coverage, whereas LNR and
GB achieved a better balance between coverage and interval width.

Table 7: Conformal prediction intervals for noise monitors N051, SE-NMP1, and
TOS-N1 in January 2026. PICP is reported as a percentage and MPIW in dB(A).

Monitor Model
LpAeq,T LpA90,T LpAF,max

90% interval 95% interval 90% interval 95% interval 90% interval 95% interval

PICP MPIW PICP MPIW PICP MPIW PICP MPIW PICP MPIW PICP MPIW

N051

LNR 89.38 7.80 93.95 10.89 90.19 4.87 95.70 7.06 89.92 24.84 94.35 30.15
GB 90.19 6.77 94.09 9.27 88.84 4.91 95.03 6.28 90.19 23.38 95.03 26.89
ARIMA 90.59 11.22 94.76 13.45 88.31 18.14 94.49 21.13 88.98 22.85 95.16 27.00
ARIMAX 89.52 8.45 95.16 10.77 87.50 12.50 94.76 15.24 90.05 23.52 94.09 27.65

SE-NMP1

LNR 92.34 12.87 95.83 16.32 90.46 6.93 95.03 9.58 92.20 21.76 95.97 27.49
GB 90.32 10.45 95.30 13.26 88.58 6.18 94.62 7.71 93.68 20.14 97.18 24.45
ARIMA 83.74 26.92 91.53 31.25 88.58 15.52 94.49 18.23 88.71 34.62 93.01 39.11
ARIMAX 95.30 23.81 97.04 27.82 92.47 14.23 96.10 17.65 93.95 28.96 97.85 35.58

TOS-N1

LNR 90.99 5.61 95.70 7.09 88.17 3.68 94.62 5.13 94.09 19.50 96.37 24.32
GB 90.05 5.14 95.97 6.65 86.69 3.94 93.82 5.07 96.64 20.05 98.39 23.44
ARIMA 94.49 13.82 98.66 17.57 88.04 13.36 94.62 15.93 97.18 28.72 98.66 32.22
ARIMAX 96.91 15.14 99.73 18.20 89.52 17.51 94.89 20.20 98.12 25.87 99.46 30.11

5.6 Discussion

A consistent finding from all our initial hypotheses is that the predictability of
a target is determined by how cyclical or event driven it is. Thus, we find that
background noise LpA90,T is the most forecastable target, reaching R2 = 0.73
with gradient boosting, because it is stable and strongly cyclical so its historical
value holds real meaning. The average LpAeq,T is only partially predictable and
the loud short event is essentially unpredictable since they are random in real-
world construction sites. Similarly, the best model for PM10 barely matches the
mean and its largest errors trace to a pollution episode rather than construction.
Furthermore, the 1 hour persistence baseline is very strong for the cyclical targets
PM10 R2 = 0.82 and LpA90,T R2 = 0.84 however, a 1-hour lead time is not useful
in practice. Surprisingly, the air and noise data were not correlated.

Overall, the results indicate that meaningful short-term forecasting is attain-
able. However, predictability varies between targets. For noise, RMSE scores of
1.61 for LpAeq,T and 1.35 for LpA90,T were achieved with gradient boosting at
TOS-N1. Overall, this suggests that predicting LpAeq,T and LpA90,T provides
reliable results. Contrastingly, LpAF,max is typically the toughest noise target to
forecast, its overall best RMSE 4.65 with gradient boosting at TOS-N1. More-
over, we found that PM10 reaches its best RMSE of 2.83 at CHStG-AQMP1
with linear regression. Despite this, even at its best performance across all mon-
itors with gradient boosting and linear regression, PM10 sMAPE values range
19.45-79.82 %. Where as across all noise targets sMAPE values range 1.66-6.90
%. Overall, it is evident that gradient boosting is largely the strongest model,
followed by linear regression. Surprisingly, the air and noise data were generally
not correlated.



6 Conclusion

We set out to determine whether HS2 construction-period air quality and noise
monitoring data can be forecast. This was motivated by the limitation of cur-
rent environmental monitoring only reporting exceedances after they have oc-
curred. Thus, we compared statistical baselines with ML models to assess the
predictability of different air quality and noise indicators. Strikingly, we found
no holistic correlation between air and noise measures. Additionally, we provided
reliable predictions with statistical coverage guarantees. This work will poten-
tially enable HS2 construction site teams to initiate mitigation strategies to meet
environmental obligations. Future work may be directed by incorporating addi-
tional pollutants such as PM2.5, NO2, NOx, and adaptive conformal methods
across more sites and longer monitoring periods.
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