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systems: Conformal water-quality risk and rainfall-forced early 
warning from live sensor telemetry 
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ABSTRACT
Digital twins for wastewater systems are normally fitted once and then frozen. That is a reasonable simplification 
while process conditions, sensor behaviour and weather patterns remain close to the training period, but it can fail si-
lently when they move. This paper reports RT-ReGenTwin, an online digital twin that learns continuously from pub-
lic sensor telemetry and reports threshold-exceedance risk as a calibrated probability rather than as a point forecast. 
Fifteen-minute water-quality records covering 2026-03-13T05:00 to 2026-09-09T05:00 were obtained from two 
continuous monitoring stations of the United States Geological Survey on effluent-influenced reaches downstream 
of large municipal treatment works, with matched hourly rainfall from Open-Meteo. Two further stations were 
probed and not used, one because it reports no continuous water-quality determinand and one because it had no cur-
rent record. Turbidity, dissolved oxygen and specific conductance were used as receiving-water surrogates for solids 
loading, oxygen-demand effects and effluent fraction. The twin couples an adaptive random-forest regressor with 
drift detectors and an adaptive conformal layer. Across four station–determinand combinations, empirical coverage 
was closer to the nominal 0.90 level for the online calibrator than for the frozen reference in all four cases. Only one 
of the four combinations recorded any threshold exceedance during the window, so the probabilistic scores and the 
dispatch analysis rest on that stream alone; for it, coverage was 0.898 versus 0.595 and the Brier score 0.0472 ver-
sus 0.0345. Risk-triggered regenerative-capacity dispatch avoided 337 of 590 threshold-exceedance hours at a duty 
cycle of 0.163, compared with 414 avoided under continuous operation. The results support calibrated risk reporting 
for streaming environmental monitoring, while the receiving-water surrogates and dispatch simulation should not be 
interpreted as direct permit-compliance measurements or a treatment experiment.

Keywords: online digital twin, concept drift, conformal prediction, water-quality risk, real-time monitoring, na-
ture-based solutions, wastewater resilience.
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INTRODUCTION

Frozen models and moving plants

A treatment works is not a stationary process. 
Sewer catchments gain households, industrial 
dischargers change product lines, sludge inven-
tories are rebuilt after a washout, probes foul and 
are cleaned, and rainfall arrives in a pattern that 
no longer matches the one a model was calibrated 
against. Mechanistic descriptions of the activated 
sludge process handle much of this through their 
kinetic structure, but only after a calibration exer-
cise that presumes stable influent characterisation 
and high-resolution measurement (Gernaey et al., 
2014; Henze et al., 2000). Data-driven surrogates 
are cheaper to build and often more accurate over 
short horizons, and they have become the standard 
companion to process models in the water sector 
(Corominas et al., 2018; Newhart et al., 2019).

What almost all of them share is a training 
protocol borrowed from static supervised learn-
ing. A historical record is split, a model is fitted 
on one part, accuracy is reported on the other, and 
the fitted model is then treated as though it will 
remain valid. Our own earlier offline twin fol-
lowed exactly this pattern, and reported that ran-
dom forest regression tracked the biochemical de-
terminands well while suspended solids resisted 
point prediction altogether (Rao et al., 2026). The 
multi-site extension of that work broadened the 
design to several plants and added economic and 
climate-resilience layers, which improved trans-
ferability across space (Archana et al., 2026). 
Neither version updates itself once deployed, and 
neither carries a statement about how much of its 
accuracy survives a shift in operating regime.

This matters more for threshold-based en-
vironmental monitoring than for average per-
formance reporting. Environmental limits are 
thresholds. A model that is unbiased on average 
but poorly calibrated in the upper tail will sys-
tematically misjudge the frequency of exceed-
ance, and a model that has silently drifted will do 
so without any external signal that it has stopped 
being trustworthy.

Concept drift in environmental telemetry

Streaming machine learning has developed a 
mature vocabulary for this problem. A change in 
the joint distribution of predictors and target over 
time is termed concept drift, and the literature 

distinguishes abrupt, gradual, incremental and re-
curring forms of it (Gama et al., 2014; Lu et al., 
2019). Detection methods range from the classical 
cumulative sum procedure (Page, 1954) to adap-
tive windowing schemes that maintain a variable-
length reference window and split it when the two 
halves become statistically distinguishable (Bifet 
and Gavaldà, 2007). Adaptive ensembles com-
bine detection with repair: the adaptive random 
forest grows background trees when a warning 
fires and swaps them in when the warning is con-
firmed, so the ensemble replaces the affected part 
of its structure rather than being retrained from 
scratch (Gomes et al., 2017; Gomes et al., 2018).

Water-quality telemetry is a natural candidate 
for these methods and has been slow to adopt 
them. Sonde records combine seasonal cycles, 
storm-driven transients, calibration steps intro-
duced by routine servicing, and occasional sensor 
faults (Wagner et al., 2006). All four look like drift 
to a learner, and only some of them should trigger 
a structural update. A twin that never adapts in-
herits every one of these changes as unexplained 
error; a twin that adapts to all of them will chase 
sensor artefacts.

From accuracy to calibrated risk

The second gap is what the twin reports. Point 
forecasts and their error statistics say nothing di-
rectly about the quantity an operator needs, which 
is the probability that a limit will be breached in 
the next few hours. Conformal prediction supplies 
that missing piece. Given any underlying regres-
sor, it converts residuals from a calibration set 
into prediction sets with finite-sample coverage 
guarantees under exchangeability, without distri-
butional assumptions (Lei et al., 2018; Shafer and 
Vovk, 2008; Vovk et al., 2005). Conformal pre-
dictive systems go further and return a full pre-
dictive distribution, from which an exceedance 
probability follows directly (Vovk et al., 2019).

The exchangeability requirement is precisely 
what a drifting stream violates. Two lines of work 
address this. Adaptive conformal inference treats 
the nominal miscoverage level as a control vari-
able and updates it online from realised coverage 
errors, which restores long-run coverage under 
arbitrary distribution shift (Gibbs and Candès, 
2021). Complementary theory bounds the cov-
erage gap in terms of how far the data depart 
from exchangeability (Barber et al., 2023). The 
combination suits a digital twin, because it turns 
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the very drift that degrades point accuracy into a 
signal that widens the reported uncertainty rather 
than an unannounced failure.

Regenerative capacity as a dispatchable 
asset

Nature-based solutions such as constructed 
wetlands, biofiltration beds and riparian buffers 
attenuate solids and oxygen demand and add eco-
system value (Kadlec and Wallace, 2009; Oral 
et al., 2020; Vymazal, 2014). Assessment frame-
works generally treat their performance as a fixed 
removal efficiency applied uniformly across the 
record, which is the assumption we ourselves used 
in the offline twin (Rao et al., 2026). Under that as-
sumption the sensitivity analysis reduces to a sin-
gle curve of threshold-exceedance benefit against 
efficiency, and the practical conclusion was that 
returns saturate near sixty to seventy per cent.

That framing hides an operational question. 
Much regenerative capacity is at least partly dis-
patchable through flow splitting, pump schedul-
ing or bypass control, and hydraulic retention in 
a wetland cell is finite. If threshold-exceedance 
risk is available as a calibrated probability, the in-
teresting design variable is not only how efficient 
the unit is but how often it needs to be engaged. 
Stormwater practice has moved in this direction 
for detention control (Kerkez et al., 2016); waste-
water operational planning has not.

Research gaps

Three gaps follow from the discussion above.
	• Wastewater digital twins are validated with 

static train and test splits and are not evaluated 
prequentially, so their reported accuracy does 
not describe what a deployed model would de-
liver as conditions move away from the train-
ing period.

	• Threshold-exceedance risk is usually reported 
as a deterministic comparison of a point fore-
cast against a limit. This study instead attaches 
empirical coverage assessment to the predic-
tive interval and scores the exceedance prob-
ability with a proper scoring rule.

	• Regenerative capacity is evaluated as a fixed 
efficiency envelope rather than as a dispatch-
able asset, so the analysis cannot say what 
fraction of the threshold-exceedance benefit 
survives intermittent operation.

Objectives and contributions

This study addresses those three gaps with a 
framework we call RT-ReGenTwin. The contri-
butions are as follows.
	• An online digital twin driven by public high-

frequency telemetry rather than an archived 
plant dataset. Fifteen-minute records are 
merged with matched hourly rainfall and re-
played in temporal order, and the learner is up-
dated observation by observation under a strict 
test-then-train protocol.

	• An adaptive conformal predictive layer that 
converts each point forecast into a calibrated 
exceedance probability. The nominal miscov-
erage level is updated online, so the calibra-
tion target is adjusted rather than left fixed 
under drift.

	• A risk-triggered dispatch rule for nature-based 
capacity, evaluated on the trade-off between 
threshold exceedances avoided and duty cy-
cle. This generalises the fixed efficiency en-
velope used previously (Rao et al., 2026) and 
turns the saturation result reported there into 
an operating policy.

	• A rainfall-forced early-warning analysis that 
reports lead time as a function of the false-
alarm budget, so a plant can choose an oper-
ating point rather than accept a single alarm 
threshold.

	• A descriptive comparison against a frozen 
random forest built on identical features, 
matching the offline and multi-site twin de-
signs (Archana et al., 2026; Rao et al., 2026), 
together with a single-tree streaming ablation 
and a persistence baseline.

MATERIALS AND METHODS

Framework overview

RT-ReGenTwin has four layers. An acqui-
sition layer pulls telemetry and meteorological 
forcing from public services. A feature layer 
builds a strictly causal design matrix at hourly 
resolution. A learning layer maintains an adap-
tive ensemble and a conformal calibrator that are 
updated after every observation. A decision lay-
er converts the calibrated predictive distribution 
into an exceedance probability, an early-warning 
alarm and a dispatch signal for regenerative ca-
pacity. Nothing in the pipeline uses information 



482

Ecological Engineering & Environmental Technology 2026, 27(11), 479–492

that would be unavailable at the moment a deci-
sion has to be taken.

Data acquisition

Water-quality telemetry was obtained from 
the Instantaneous Values service of the National 
Water Information System operated by the United 
States Geological Survey (U.S. Geological Sur-
vey, 2026). The service publishes sonde readings 
at a nominal fifteen-minute interval with a latency 
of roughly one hour, which makes it one of the 
few openly licensed water-quality feeds of suffi-
cient length and resolution for streaming experi-
ments. Station operation, sensor servicing and 
record computation follow published national 
procedures (Wagner et al., 2006), so the record 
carries documented quality-control conventions 
rather than undocumented local practice.

Meteorological forcing was obtained from the 
Open-Meteo service (Zippenfenig, 2023), which 
exposes hourly precipitation without registration 
and blends reanalysis for older periods (Hersbach 
et al., 2020) with near-real-time fields for the last 
few days. The pipeline requested the reanalysis-
based archive for the whole window and the 
forecast service’s past-day fields for the final 92 
days, and merged them to one value per hour. The 
merged series lacks 309 of its 4.344 hours (7.1%), 
all between 9 June and 6 July 2026 and at iden-
tical hours at all three stations, which points to 
the merge rather than to the precipitation record. 
The first three hours of each gap are interpolated 
linearly and later hours are forward-filled for at 
most six hours, so between 261 and 302 modelled 
hours per series carry filled rainfall and six hours 
per series that neither rule bridges are dropped. 
Station coordinates for the rainfall query were 
read from the site service rather than entered by 
hand, so the forcing is co-located with the sonde 
by construction.

The pulled record was replayed in tempo-
ral order under a prequential protocol. This is 
the standard evaluation design in the streaming 
learning literature (Bifet et al., 2010; Gama et al., 
2014) and is equivalent to live operation from the 
learner’s point of view, since at every step the 
model has seen only observations that precede the 
one it is asked to predict. Archiving the pull also 
makes the reported run reproducible after the fact, 
which a purely live evaluation would not be.

Before any modelling, the pipeline probes 
each candidate station to establish which 

determinands it is currently reporting and how 
complete the record is. Stations whose sondes 
were offline or whose record was shorter than the 
warm-up requirement were dropped. This inven-
tory step is part of the analysis pipeline and is re-
ported in Table 1, so the study design is verifiable 
against the state of the monitoring network at the 
time of the run rather than assumed.

Study reaches and water-quality surrogates

Effluent quality itself is not published as a 
public high-frequency stream anywhere at the 
resolution this study needs; regulatory reporting 
is monthly and aggregated. The design therefore 
moves the observation point downstream and 
treats the receiving water immediately below 
major outfalls as the screening surface, not as a 
permit-compliance location. Three determinands 
were used as receiving-water surrogates. Turbid-
ity stands for solids loading, a substitution sup-
ported by an established national procedure for 
computing suspended-sediment series from in-
stream turbidity and discharge (Rasmussen et al., 
2009). Dissolved oxygen stands for exerted oxy-
gen demand and is itself the subject of a widely 
applied ambient criterion (Helsel et al., 2020). 
Specific conductance stands for effluent fraction, 
since municipal effluent is typically more conduc-
tive than the ambient flow it joins.

This is a deliberate trade. The study gains an 
independently operated and publicly auditable 
data stream, and loses direct correspondence to 
a permit parameter measured at the outfall. The 
thresholds were configured as a dissolved oxygen 
minimum of 5.0 mg L⁻¹ following the ambient 
aquatic-life criterion (U.S. Environmental Pro-
tection Agency, 1986), a turbidity screening limit 
of 25 FNU and a specific-conductance screen-
ing limit of 1200 µS cm⁻¹. These are screening 
thresholds, not permit limits, and can be replaced 
by site-specific permit or regulatory values with-
out changing the rest of the pipeline.

Feature construction

The record was aggregated to hourly means, 
which suppresses the highest-frequency sonde 
noise while preserving storm response. For each 
determinand the design matrix carries lags at 1, 2, 
3, 6, 12 and 24 hours, six-hour and twenty-four-
hour rolling means computed from lagged values 
only, and a first difference. Rainfall enters as the 



483

Ecological Engineering & Environmental Technology 2026, 27(11), 479–492

hourly depth, as three-, six-, twenty-four- and 
seventy-two-hour accumulations, and as a recur-
sive antecedent precipitation index

	 APIₜ = k · APIₜ₋₁ + Pₜ, k = 0.92	 (1)

which summarises catchment wetness with a 
single state variable. Diurnal and seasonal posi-
tion are encoded as sine and cosine pairs so that 
the tree ensemble sees them as continuous rather 
than as an arbitrary integer ordering. The concur-
rent reading of the target determinand is excluded 
from its own feature set. Remaining gaps are for-
ward-filled for at most six hours, which reflects 
what a control room would actually have during a 
short telemetry outage.

Streaming learner and drift handling

The core regressor is an adaptive random forest 
for regression (Gomes et al., 2018), implemented in 
the river library (Montiel et al., 2021), with twenty-
five Hoeffding trees, adaptive leaf prediction and 
a grace period of fifty instances. Each tree carries 
an adaptive windowing detector on its own error 
stream (Bifet and Gavaldà, 2007). When a warning 
fires the tree begins growing a background replace-
ment; when the drift is confirmed the replacement 
is promoted. Adaptation is therefore local to the af-
fected part of the ensemble.

Two ensemble-level detectors are main-
tained purely as diagnostics. One monitors the 
absolute residual, which flags periods the learn-
er has not yet absorbed. The other monitors the 
target series, which flags regime shifts in the 
process itself. Reporting both matters, because 
a well-adapting ensemble can pass through a 
large regime change with an almost unchanged 
residual distribution, and a residual-only moni-
tor would then show nothing.

Adaptive conformal threshold-exceedance 
risk

Let ŷₜ be the forecast issued at time t before 
yₜ is observed. The conformity score is the signed 
residual

	 sₜ = yₜ − ŷₜ	 (2)

and the calibrator holds the most recent w = 720 
scores, a thirty-day window at hourly resolution. 
Writing F̂ₜ for the empirical distribution function 
of that window, the predictive interval at effective 
level αₜ is

	 Cₜ = [ ŷₜ + F̂ₜ⁻¹(αₜ/2), ŷₜ + F̂ₜ⁻¹(1 − αₜ/2)]	 (3)

and the shifted window is a conformal predictive 
distribution (Vovk et al., 2019), from which the 
threshold-exceedance risk follows directly. For 
an upper limit and for a lower limit respectively,

	 πₜ = P(yₜ > Cᴸᴵᴹ) = 1 − F̂ₜ(Cᴸᴵᴹ − ŷₜ)	 (4)

	 πₜ = P(yₜ < Cᴸᴵᴹ) = F̂ₜ(Cᴸᴵᴹ − ŷₜ)	 (5)

After the observation arrives, the effective 
level is updated by the adaptive conformal infer-
ence recursion (Gibbs and Candès, 2021),

	 αₜ₊₁ = αₜ + γ (α − errₜ), errₜ = 1{ yₜ ∉ Cₜ }	 (6)

with target level α = 0.10 and step size γ = 0.01, 
and αₜ clipped to [0.001, 0.5]. The recursion is a 
simple integral controller on realised coverage. 
When the residual distribution widens the recent 
miscoverage rate rises, αₜ falls, and the interval 
widens until coverage is recovered. The adaptive 
recursion is intended to control long-run miscover-
age under distribution shift; the coverage reported 
here is empirical and should not be interpreted as a 
finite-sample guarantee after abrupt changes (Bar-
ber et al., 2023; Gibbs and Candès, 2021).

Risk-triggered dispatch of regenerative 
capacity

The offline twin applied a constant attenuation 
η to every time step (Rao et al., 2026). Here the 
attenuation is gated by the calibrated risk. With an 
engagement indicator gₜ = 1{πₜ ≥ τ} for a trigger τ, 
the regenerated series for an upper limit is

	 yₜʳᵉᵍ = yₜ ( 1 − η gₜ )	 (7)

and for a lower limit, where regeneration lifts 
the determinand towards the standard rather than 
suppressing it,

	 yₜʳᵉᵍ = yₜ + η gₜ max(0, Cᴸᴵᴹ − yₜ)	 (8)

Two resilience measures are carried over from 
the earlier work so that the comparison is direct. 
Writing δ = +1 for an upper limit and δ = −1 for 
a lower one, threshold-exceedance frequency and 
the threshold-exceedance magnitude index are

	 V = Σₜ 1{ δ (yₜ − Cᴸᴵᴹ) > 0 }, 

	 VMI = Σₜ max(0, δ (yₜ − Cᴸᴵᴹ))	 (9)

and the duty cycle, which the earlier framework 
had no way to express, is

	 D = ( 1 / T ) Σₜ gₜ	 (10)
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The quantity of engineering interest is the 
ratio of threshold exceedances avoided to duty 
cycle, which measures how much threshold-ex-
ceedance benefit each hour of engaged regenera-
tive capacity buys. Sweeping τ from 0.05 to 0.95 
traces a frontier between the two, and the fixed 
envelope of the earlier design is the single point 
on that frontier where D = 1.

Early warning

An alarm is raised when the calibrated risk 
crosses a threshold. For each observed threshold-
exceedance episode, defined as the first hour of a 
contiguous run of exceedance, the lead time is the 
number of hours between the earliest alarm within 
a twenty-four-hour look-back and the onset of the 
episode. The false-alarm rate is the proportion of 
hours without threshold exceedance carrying an 
alarm. Sweeping the threshold produces a lead-
time against false-alarm curve, which is the form a 
plant needs in order to choose an operating point.

Baselines, ablation and evaluation

Three comparators were run on identical fea-
tures. The first is a frozen random forest with two 
hundred trees and a maximum depth of ten, fitted 
on the first sixty per cent of the record and nev-
er updated, with static split-conformal intervals 
from its training residuals. This reproduces the 
design of the offline and multi-site twins (Arch-
ana et al., 2026; Rao et al., 2026) and is the main 
point of comparison. The second is persistence, 
the last observed value carried forward, which is 
the floor any twin must beat. The third is an abla-
tion in which the online learner is a single Hoeffd-
ing tree; it still updates incrementally but never 
repairs its structure. Because it also differs from 
the adaptive forest in ensemble size, the contrast 
does not isolate the contribution of drift handling 
(see Results).

Point accuracy is reported as prequential root 
mean square error and coefficient of determina-
tion over the post-warm-up stream. Uncertainty 
quality is reported as prediction interval coverage 
probability against the nominal 0.90. Probabi-
listic threshold-exceedance forecasts are scored 
with the Brier score (Brier, 1950), which is proper 
(Gneiting and Raftery, 2007), together with a Bri-
er skill score against the climatological exceed-
ance rate. Because exceedance is rare, discrimina-
tion is reported as area under the precision-recall 

curve (Saito and Rehmsmeier, 2015). A warm-up 
of fourteen days precedes all scoring.

Implementation and reproducibility

The pipeline is a single Python module using 
river for the streaming components (Montiel et 
al., 2021), scikit-learn for the frozen baseline (Pe-
dregosa et al., 2011) and requests for the service 
calls. Random seeds are fixed. The script writes 
every reported number to a machine-readable re-
sults file. A value map deposited with the code 
links every reported value in this manuscript to 
its field in that file, and the reproduction script 
checks each one against a fresh replay. Package 
versions are pinned in the deposit; the frozen 
reference is reproduced exactly only with scikit-
learn releases 1.6.1 to 1.7.2 (1.7.2 is pinned), be-
cause tree construction differs between releases. 
Because the input is a live service, a re-run at a 
later date will cover a different window and will 
not reproduce these numbers exactly; it will re-
produce the analysis. The exact window is stated 
below and the raw pull is archived with the code.

RESULTS

Monitoring inventory and acquisition 
window

Telemetry was pulled for the period 2026-
03-13T05:00 to 2026-09-09T05:00. Four sta-
tions were probed, in the order of the pipeline’s 
candidate list. Two met the inclusion criteria and 
contributed results, giving four station–determi-
nand combinations; the other two are listed as not 
retained. The first candidate, USGS 05536357 
(Grand Calumet River at Hammond, Indiana), 
was passed over before any data were requested. 
Its probe was not logged, so this outcome is in-
ferred from the candidate order and the inventory 
the run recorded; USGS holds no continuous re-
cord for the site after November 2020. A station 
is included only if it reports at least one continu-
ous water-quality determinand among turbidity 
(USGS parameter code 63680), dissolved oxygen 
(00300) and specific conductance (00095). USGS 
01646500, Potomac River near Washington DC, 
reports only discharge and gage height and there-
fore carries no determinand this study models. 
A determinand is modelled only if it has at least 
2000 valid readings in the window and at least 
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836 usable hours after feature construction. Table 
1 records the outcome for every station probed. 
The deposited acquisition audit trail records each 
decision with the requests and evidence behind it, 
and the station_screening block of the results file 
records the decisions for the three stations whose 
data were downloaded. The short codes assigned 
in Table 1 are used in Tables 2 to 4.

Predictive performance under a streaming 
protocol

Table 2 reports post-warm-up prequential 
accuracy for the online twin, the ablation and 
persistence, alongside the frozen random-forest 
reference. For turbidity at S2 (Chattahoochee 
River at Atlanta, GA), the online twin reached 
R² = 0.557 and RMSE = 18.19; the frozen refer-
ence reached R² = 0.745 and RMSE = 13.97 on its 
held-out final 40% of the record. Those two fig-
ures are not comparable as they stand: the online 
model is scored prequentially across the whole 
post-warm-up stream, while the frozen reference 

is scored only on the final 40% it never saw. To 
compare them we restrict both to the rows they 
have in common. On that matched window, cov-
ering the 1,551 hours both models were scored 
on (the whole of the frozen reference’s held-out 
period, so only the online figures change), the 
online twin gives R² = 0.658 against 0.745 for 
the frozen reference, while empirical coverage is 
0.892 against 0.595. The matched values are re-
ported for every combination in Table 2 and are 
the basis for any statement here about one design 
relative to the other; the full-stream figures are re-
tained as diagnostics of each model under its own 
protocol. On point accuracy the online twin does 
not exceed the frozen reference in any of the four 
combinations, matched or unmatched.

The ensemble-level detectors raised 51 drift 
alarms over the window for the leading case. The 
ablation using a single Hoeffding tree reached 
RMSE = 24.71 against 18.19 for the adaptive 
forest. That contrast varies ensemble size as 
well as drift handling, so it does not isolate the 

Table 1. Stations probed, with the inclusion decision for each. Record lengths are given per modelled determinand

Code Station USGS 
number

Latitude, 
longitude Determinands reported

Usable record 
(h), per modelled 

determinand
Decision

S1 Sacramento R A 
Freeport Ca 11447650 38.4557, 

-121.5016

water_temp_c, discharge_cfs, 
gage_height_ft, spc_uscm, 

do_mgl, do_pct_sat, ph

4,289 (do_mgl); 
4,289 (spc_uscm) Retained

S2 Chattahoochee River 
at Atlanta, Ga 02336000 33.8592, 

-84.4544

water_temp_c, discharge_cfs, 
gage_height_ft, spc_uscm, 

turbidity_fnu

3,876 (turbidity_
fnu); 3,889 (spc_

uscm)
Retained

—
Potomac River Near 
Wash, Dc Little Falls 
Pump Sta

01646500 38.9498, 
-77.1276 discharge_cfs, gage_height_ft —

Excluded — no 
water-quality 
determinand

—
Grand Calumet River 
at Hohman Av at 
Hammond, In

05536357 — not recorded (probe not logged) —

Not retained 
— no current 

record at probe 
(inferred)

Figure 1. Observed and one-step-ahead predicted dissolved oxygen at S1 (Sacramento River at Freeport, CA), 
with the 5.0 mg L⁻¹ screening threshold marked
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contribution of drift repair, and we do not at-
tribute the difference to it. A matched-capacity 
ablation — twenty-five bagged Hoeffding trees 
without drift detection — is provided in the de-
posited code, as part of the alternative configu-
ration described below, for readers who wish to 
separate the two. Persistence gave R² = 0.934 
for the leading case, showing that short-horizon 
temporal persistence is a strong benchmark and 
that the learned model does not automatically add 
point-forecast skill.

Calibration of the threshold-exceedance 
risk

Coverage is where the two designs separate 
most clearly. Against a nominal 0.90, the adap-
tive conformal layer held empirical coverage at 
0.898 for the leading case, while the static split-
conformal intervals of the frozen reference gave 
0.595. Across all four combinations, adaptive 
calibration was closer to nominal coverage. Inter-
val width must be read alongside coverage. For 
the two S1 streams the mean width is dominated 
by a small number of extreme intervals — 1.3 × 
10⁷ mg L⁻¹ for dissolved oxygen and 2.2 × 10⁸ µS 
cm⁻¹ for specific conductance — and is not a us-
able summary. The median width is 0.36 mg L⁻¹ 
against an interquartile range of 0.47 mg L⁻¹ for 
dissolved oxygen, and 13.9 against 29.5 µS cm⁻¹ 
for conductance, so over the great majority of the 
record the intervals are narrower than the spread 
of the determinand itself. Intervals wider than 
ten times the interquartile range occur in 0.28% 
and 0.33% of hours respectively; excluding them 
moves empirical coverage from 0.9008 to 0.9006 
and from 0.8978 to 0.8975, so the coverage re-
sults are not an artefact of those few intervals. The 
extreme values arise because the adaptive random 
forest fits linear models in its leaves, which on 
unstandardised inputs can extrapolate far outside 

the physical range of the target during the open-
ing of the stream and after a regime change; such 
a residual then remains in the 720-hour confor-
mity window until it ages out. Table 3 reports the 
median width as a multiple of each determinand’s 
interquartile range, which is the appropriate sum-
mary for this diagnostic, alongside the mean for 
comparability. An alternative configuration that 
removes the extreme intervals — standardised in-
puts, mean leaf prediction, a calibration burn-in 
and a forecast support clip — is included in the 
deposited code; it stabilises width at some cost 
in point accuracy, and the configuration reported 
here remains the primary one.

Figure 2 shows rolling coverage against the 
nominal level for dissolved oxygen at S1, the 
stream of Figure 1. Its mean rolling coverage was 
0.901 and it sat within three percentage points of 
nominal for 51.2% of the record, with a median 
excursion lasting 97.0 hours across 15 excur-
sions. For the leading S2 turbidity stream the cor-
responding values were 0.902, 48.5%, 50.0 hours 
and 12 excursions. For that stream, the online 
exceedance forecast had a Brier score of 0.0472 
versus 0.0345 for the frozen reference and a Brier 
skill score of 0.660. The Brier score did not fa-
vour the online design, so the value of the online 
layer is not claimed to be superior on every prob-
abilistic metric. Discrimination, measured as area 
under the precision-recall curve on an exceedance 
base rate of 0.167, was 0.896.

Three of the four combinations recorded no 
threshold exceedance at all during the window. 
Dissolved oxygen at S1 never fell below the 5.0 
mg L⁻¹ criterion, and specific conductance never 
exceeded 1200 µS cm⁻¹ at either station; the ex-
ceedance-hour counts are 0, 0 and 0, against 590 
for turbidity at S2. Three statistics degenerate 
when the outcome vector contains no positive 
case. The Brier score is then evaluated against 
a vector of zeros, so a value near zero records 

Table 2. Predictive performance and streaming diagnostics

Station and 
determinand n (h) Online 

R²
Online 
RMSE

Ablation 
R²

Persistence 
R²

Frozen 
RF R²

Frozen 
RMSE

Drift 
alarms

Matched 
R² online

Matched 
R² frozen

S1 — Dissolved 
oxygen 4,289 0.883 0.14 -0.143 0.991 0.950 0.03 18 0.790 0.950

S1 — Specific 
conductance 4,289 0.896 6.22 -0.083 0.995 0.995 0.90 53 0.893 0.995

S2 — Turbidity 3,876 0.557 18.19 0.183 0.934 0.745 13.97 51 0.658 0.745

S2 — Specific 
conductance 3,889 0.881 4.35 0.023 0.988 0.951 2.60 61 0.876 0.951
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the absence of events rather than forecast skill; 
the Brier skill score has no finite climatologi-
cal reference, because the reference forecast has 
zero variance; and the precision-recall curve has 
no positive class, so the area beneath it is unde-
fined. Table 3 reports these cells as not defined 
rather than as 0.0000, and carries the exceed-
ance-hour count for each stream so that the rows 
supported by a positive class can be identified 
at sight. We did not lower the thresholds until 
exceedances appeared: choosing a threshold af-
ter seeing the exceedance count would make the 
base rate a tuned quantity rather than a property 
of the reach. The finding is that three of these 
reaches did not approach their screening thresh-
olds during this window.

Rainfall-forced early warning

The leading stream contained 30 distinct ex-
ceedance episodes. At a trigger of 0.30 the twin 
detected 14 of them, a detection rate of 0.467, 
with a median lead time of 24.0 hours and a false-
alarm rate of 0.032 on hours without threshold 
exceedance. Raising the trigger to 0.50 changed 
the false-alarm rate to 0.029 and left the me-
dian lead at 24.0 hours. That value is censored 
rather than measured: the search looks back 24 

hours before each episode, so a median of 24.0 
means the alarm was already raised at the start 
of the search window, and the true lead is greater 
than 24 hours by an amount this procedure can-
not determine. The insensitivity of the median 
to the trigger is a further symptom of the same 
saturation. The result establishes that warning is 
available at a stated false-alarm cost; it does not 
establish how much warning.

Figure 3 shows the full lead-time trade-off as 
the trigger is swept from 0.05 to 0.95. The curve 
reports warning lead against false-alarm burden 
rather than defining a single universally optimal 
threshold.

Risk-triggered dispatch of regenerative 
capacity

Under baseline conditions the leading 
stream contained 590 threshold-exceedance 
hours with a threshold-exceedance magnitude 
index of 20425.4. Applying a sixty per cent at-
tenuation envelope continuously reduced these 
to 176 hours and 3202.9 at a duty cycle of 1.0. 
Engaging the same capacity only when calibrat-
ed risk crossed 0.30 gave 253 threshold-exceed-
ance hours and a magnitude index of 5594.8 at 
a duty cycle of 0.163.

Table 3. Calibration and discrimination of threshold-exceedance risk, nominal coverage 0.90

Station and 
determinand

PICP 
online

PICP 
frozen

Brier 
online

Brier 
frozen

BSS 
online

AUPRC 
online

Exceedance 
hours

Median 
width ÷ 

IQR

Mean 
width ÷ 

IQR

S1 — Dissolved 
oxygen 0.901 0.650 Not 

defined
Not 

defined
Not 

defined
Not 

defined 0 0.76 2.7 × 10⁷

S1 — Specific 
conductance 0.898 0.707 Not 

defined
Not 

defined
Not 

defined
Not 

defined 0 0.47 7.6 × 10⁶

S2 — Turbidity 0.898 0.595 0.0472 0.0345 0.660 0.896 590 1.11 2.88

S2 — Specific 
conductance 0.899 0.511 Not 

defined
Not 

defined
Not 

defined
Not 

defined 0 0.92 1.06

Figure 2. Rolling empirical coverage for dissolved oxygen at S1 over a fourteen-day window a
gainst the nominal 0.90 level
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Figure 3. Median lead time against false-alarm rate as the alarm trigger is swept

Figure 4. Threshold exceedances avoided against nature-based-solution duty cycle as the dispatch trigger is 
swept. The fixed 60% attenuation envelope is the reference point at a duty cycle of 1.0

Table 4. Early warning and risk-triggered regenerative-capacity dispatch, attenuation envelope η = 0.60, trigger 
τ = 0.30

Station and 
determinand Episodes Detection 

rate
Median 
lead (h)

False-
alarm rate

Base 
threshold 

exceedances

Fixed-
envelope 
threshold 

exceedances

Triggered 
threshold 

exceedances

Duty 
cycle

S1 — Dissolved 
oxygen No threshold-exceedance episode in the window; early-warning and dispatch metrics not applicable.

S1 — Specific 
conductance No threshold-exceedance episode in the window; early-warning and dispatch metrics not applicable.

S2 — Turbidity 30 0.47 24.0 0.032 590 176 253 0.163

S2 — Specific 
conductance No threshold-exceedance episode in the window; early-warning and dispatch metrics not applicable.
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Triggered dispatch therefore retained 81.4% 
of the threshold-exceedance benefit of continuous 
operation while the unit was engaged for 16.3% 
of the hours. Figure 4 traces the frontier as the 
trigger is swept. Ninety per cent of the maximum 
achievable benefit is reached at a duty cycle of 
0.321. This is an engagement-dimension result 
and should be interpreted as a screening simula-
tion rather than as a treatment demonstration.

DISCUSSION

What online adaptation actually buys

The comparison against the frozen model 
should be read carefully. The separation appears 
first in coverage rather than in error, and that order-
ing has a practical consequence: a plant that moni-
tors only point accuracy will not notice its twin 
degrading until the degradation is large, whereas 
realised coverage against a nominal level provides 
a running signal that is interpretable without any 
diagnosis of why the process changed.

The single-tree ablation changes ensemble 
size together with drift handling, so it cannot show 
how much drift repair adds to online updating 
alone. Adaptive ensembles are more complex to 
operate and tune than a single incremental learner, 
so that increment is worth measuring on any new 
record, against a matched-capacity ensemble, be-
fore committing to the more complex design.

Why calibrated risk matters more than 
point accuracy

The offline version of this twin reported a co-
efficient of determination near zero for suspended 
solids and treated that as a limitation to be ac-
knowledged (Rao et al., 2026). The framing here 
changes what such a result means. A conformal 
predictive system built on a weak regressor can 
still provide an empirical coverage assessment; 
the resulting intervals may simply be wide, and 
the exceedance probabilities may remain near the 
climatological base rate. That is an honest and us-
able answer. It tells an operator that the twin can-
not resolve that determinand at that station and 
that decisions should not lean on it, which is more 
useful than a confident point forecast with no er-
ror statement attached.

This is the substantive methodological argu-
ment of the paper. Threshold-exceedance control 

is a threshold-crossing problem, and threshold-
crossing problems are properly expressed as 
probabilities with stated coverage. Reporting a 
coefficient of determination and then comparing 
a point forecast against a limit conflates two dif-
ferent questions, and it produces the odd situation 
in which a determinand can be declared unmodel-
lable and simultaneously be used to count thresh-
old exceedances.

Implications for regenerative system design

The dispatch results add a dimension to the 
sizing question. Earlier analysis, ours included, 
asked how efficient a nature-based unit must be 
and found that returns saturate (Rao et al., 2026). 
Once risk is calibrated, a second question opens: 
how often does the unit need to be engaged. 
The frontier in Figure 4 shows that much of the 
threshold-exceedance benefit is achievable at a 
duty cycle well below one, because threshold ex-
ceedances cluster into a small number of storm-
driven episodes and the periods between them 
contribute little.

For a scheme with flow splitting or bypass 
control this has direct capital implications, since 
a unit that is engaged intermittently can be sized 
against episode volume rather than continuous 
flow. It also has ecological ones that this study 
does not address. Constructed wetlands and bio-
filtration beds depend on continuous hydraulic 
and biological conditioning, and a unit that sits 
idle between storms may not deliver its nominal 
efficiency when it is called on (Kadlec and Wal-
lace, 2009; Oral et al., 2020; Vymazal, 2014). The 
dispatch frontier presented here is an upper bound 
on what intermittent operation could achieve, and 
it should be read as a screening tool that identifies 
where detailed process design is worth doing.

Relation to the offline and multi-site 
versions of this twin

The three studies form a progression along 
different axes. The offline twin established the re-
silience metrics and the stress-testing protocol on 
an archived single-plant record (Rao et al., 2026). 
The multi-site version addressed transferability 
across plants and added economic and climate 
layers (Archana et al., 2026). The present work 
addresses time rather than space: it asks what 
happens to a twin as the process moves under-
neath it, and it replaces deterministic threshold 
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comparison with calibrated risk. The threshold-
exceedance frequency and threshold-exceedance 
magnitude index are retained unchanged, so re-
sults are comparable across all three.

One difference in data strategy should be 
stated openly. The two earlier studies used plant 
records with effluent determinands measured at 
the outfall. This study uses receiving-water te-
lemetry as a surrogate, because no public high-
frequency effluent feed exists at the resolution 
streaming methods require. The methods trans-
fer to outfall data without modification, and a 
utility with SCADA access can run the same 
pipeline on its own tags. What the public data 
buys is that the whole analysis is reproducible 
by anyone.

Limitations

Four limitations bound the conclusions. First 
and most important, turbidity, dissolved oxygen 
and specific conductance in the receiving water 
are surrogates. They respond to the outfall but 
also to upstream loading, in-stream processes and 
dilution, so the threshold-exceedance statistics 
describe the state of the reach and not the state 
of any permit. The threshold-exceedance counts 
reported here must not be read as regulatory find-
ings about any named plant.

Second, the attenuation model is an efficiency 
envelope, as it was in the earlier work (Rao et al., 
2026). It does not represent hydraulic residence 
time, vegetation seasonality, substrate clogging or 
the reduced performance of a unit brought online 
from idle. Third, adaptive conformal inference 
targets long-run coverage under distribution shift 
but does not prevent short intervals of under-cov-
erage immediately after an abrupt change; Figure 
2 shows that behaviour directly, and the median 
excursion length is reported rather than smoothed 
away. Fourth, the acquisition window covers 179 
days of record at two stations, so seasonal gen-
eralisation is untested; the window supports a 
streaming-method demonstration but not a claim 
of full seasonal generalisation. Fifth, only one of 
the four station–determinand combinations re-
corded any threshold exceedance during the win-
dow, so every probabilistic and dispatch result 
rests on that single stream, and the three remain-
ing combinations contribute to the calibration 
analysis alone. Sixth, the mean prediction-inter-
val width for the two S1 streams is dominated by 
a small number of extreme intervals and should 

not be used as a summary; the median width re-
ported in Table 3 is the appropriate statistic, and 
the coverage results are insensitive to the extreme 
values. Seventh, the reported early-warning lead 
times are censored at the 24-hour search window 
and are therefore lower bounds.

CONCLUSIONS

This study set out to test whether a waste-
water digital twin can be operated as a continu-
ously learning system on public high-frequency 
telemetry, and whether reporting threshold ex-
ceedance as a calibrated probability changes 
what such a twin is useful for. The main findings 
are the following.
1.	On point accuracy, the online twin did not ex-

ceed the frozen random-forest reference in R² 
in any of the four combinations, on the full 
stream or on the matched rows both models 
were scored on. The online design is not pro-
posed as the more accurate one; its advantage 
is in calibration, which the matched compari-
son measures on identical rows.

2.	Adaptive conformal calibration was closer to 
the nominal 0.90 coverage than static split-
conformal calibration in all four combinations; 
in the leading case, empirical coverage was 
0.898 versus 0.595 for the frozen reference.

3.	Calibrated threshold-exceedance risk gave ear-
ly warning of the leading stream’s exceedance 
episodes at a stated false-alarm cost: detec-
tion rate 0.467, median lead 24.0 h, and false-
alarm rate 0.032 on hours without threshold 
exceedance.

4.	Engaging regenerative capacity only when cal-
ibrated risk crossed a threshold retained 81.4% 
of the threshold-exceedance benefit of continu-
ous operation at a duty cycle of 0.163 in the 
screening simulation.

5.	The results also show that useful threshold-
exceedance uncertainty can be assessed even 
when point-prediction skill is not dominant; 
however, the public receiving-water surro-
gates should not be interpreted as direct permit 
measurements.

6.	The broader methodological result is that a 
streaming digital twin should be evaluated pre-
quentially, should report empirical coverage 
against a nominal level, and should express 
threshold crossing as a probability scored by a 
proper scoring rule.
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