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Abstract8

Some regulatory load-accounting programs credit distributed stormwater best management prac-9
tices (BMPs) using standardized, type-based nitrogen-removal efficiencies, yet field records show10
highly variable removal with at most a weak age signal. Earth observation (EO) can map as-11
pects of a practice’s physical condition, such as open-water extent and vegetation, and may12
provide indirect storage-related proxies, but it cannot directly observe the pollutant removal13
that regulation credits. This paper asks whether assimilating observed condition through a pro-14
cess model may recover otherwise unobservable performance, and it advances a single principle.15
On a proper, held-out score, assimilating remotely observed condition appears to recover treat-16
ment performance according to how much of that performance is routed through observable17
condition, and little beyond it. The principle is examined with a calibrated observing-system18
simulation experiment in which a known synthetic truth is observed with noise and recon-19
structed. On disjoint held-out seeds, the observability-budget skill, defined as the CRPS skill20
gain, the fraction of the gap to a perfect-performance reference that assimilation closes, rises21
with the observable share of hidden-rate-driven performance. It is only about 16% when the22
rate modifier is fully hidden. It reaches about 65 to 76% where the rate modifier is fully ex-23
plained by observed condition, although those fully observable cells are overconfident under the24
known-forcing idealization and are read as an upper bound. Storage-routed aging performance25
is separately recovered from about 24% to 68%, because storage is observed. Because these26
are properties of the simulated system under stated assumptions, they are intended to bound27
rather than measure the operational budget, positioning the observability budget as a design28
quantity that targeted monitoring investment could enlarge.29

Keywords: Best management practices; treatment wetlands; nitrogen removal; data assim-30
ilation; Earth observation; observability; predictive maintenance; stormwater monitoring.31

Practical Applications32

Agencies increasingly hope to check nitrogen removal at their many stormwater ponds and33
wetlands from satellite imagery, since sampling each with field crews is impractical. A satellite34
sees a pond’s condition, not its nitrogen removal, and feeding condition into a process model35
may recover removal only where observable condition governs the removal rate, so elsewhere36
field measurement would remain necessary. This paper offers a way to quantify, for a given37
asset class, how much of performance might be recoverable from EO under stated assumptions,38
and suggests that the recoverable fraction is set by an observability budget whose operationally39

1



recoverable share targeted calibration could enlarge. In a simulated demonstration, it also points40
to a potentially usable result, that EO-tracked condition could support preemptive, condition-41
based maintenance that helps keep ponds below the maintenance threshold and protect removal,42
and appears to match a perfect-state threshold rule within the tested policy class while spending43
a comparable number of interventions. Realizing this in practice would require validation before44
operational use, including validated EO condition products and field testing.45

Introduction46

Some watershed load-accounting and nutrient-credit programs assign standardized pollutant-47
removal efficiencies by BMP category, including wet ponds and wetlands (Commonwealth of48
Virginia 2024; U.S. Environmental Protection Agency and Chesapeake Bay Program 2003).49
Here distributed BMPs are scoped to pond- and wetland-type stormwater BMPs (wet stormwa-50
ter control measures), and extension to other BMP types (infiltration basins, bioretention,51
permeable pavement, hydrodynamic separators) is a hypothesis rather than a demonstrated52
result. Category-level values are useful for accounting, but they should not be interpreted as53
time-invariant, asset-specific performance. Percent removal depends on influent concentration54
and on the selected performance metric, and treatment response also varies with runoff volume55
and site and event conditions (Barrett 2005; Gilliom et al. 2020; Hoss et al. 2016; Lenhart56
and Hunt 2011; U.S. Environmental Protection Agency 2026). Available field records likewise57
show highly variable nitrogen removal: one synthesis found a weak decline in ammonium re-58
moval with BMP age but insufficient age information for nitrate and total nitrogen (Koch et al.59
2014), and a recent two-pond study found that wet-pond removal varied with meteorological,60
hydrologic, and hydraulic conditions (Yang et al. 2023). Sediment accumulation can reduce61
storage and alter long-term pond function (Ahilan et al. 2019; Drake and Guo 2008), sediment62
properties influence nitrogen cycling within wet ponds (Gold et al. 2017), and heterogeneous63
vegetation can alter routing and contaminant removal (Min and Wise 2009; Sabokrouhiyeh et64
al. 2020). Maintenance is therefore necessary to sustain treatment function, particularly where65
sediment and debris accumulate (Erickson et al. 2010, 2018). In a phosphorus analog, nearly66
40% of 98 Minnesota stormwater ponds had median summer total-phosphorus concentrations67
above typical runoff, consistent with internal phosphorus loading (Taguchi et al. 2020). A gen-68
eral BMP lifecycle-modeling framework represents efficiency as changing between maintenance69
events, declining with aging processes such as sediment accumulation or clogging, and improv-70
ing after maintenance; its demonstrations concern total-phosphorus reduction by bioretention71
and grass buffer strips rather than nitrogen removal by ponds or wetlands (Liu et al. 2018).72
Motivated by that general framework, we idealize the condition and performance trajectory as73
a saw-tooth pattern between maintenance events: it declines as storage fills and short-circuiting74
develops, then partially recovers after each maintenance action, so a single credited efficiency75
stands in for a quantity that drifts continuously between interventions.76

Repeated in situ monitoring does not readily scale across a large, distributed BMP pop-77
ulation. EO is the measurement approach most likely to provide consistent population-scale78
coverage, and a recent preprint argues that, in many settings, public imagery can support ex-79
traction of per-asset footprints, types, and condition departures, with the binding constraint80
arguably shifting toward community benchmark data rather than satellite data (Kumar 2026).81
EO can map aspects of condition, including surface-water extent (Huang et al. 2018; Pekel et82
al. 2016) and vegetation greenness (Tucker 1979), but hydraulic storage loss would have to be83
inferred indirectly. Throughout, EO is treated as an idealized storage-related condition proxy84
at monthly resolution that represents an upper-bound observing system. A validated monthly85
retrieval of hydraulic storage loss at the assumed error level is not yet established, and the86
analysis assumes regular observations without cloud gaps, mixed pixels, registration error, or87
persistent bias. EO also does not directly measure performance, the in-water removal efficiency88
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used in load accounting. The line between observable condition and unobservable performance89
is an observability frontier, and the central question is where, and how far, assimilation can90
move it.91

The question of how much of this drifting performance a condition-only sensor can recover92
is well suited to an observing-system simulation experiment (OSSE), or twin experiment. In an93
OSSE, a known synthetic truth is generated from a process model, sampled through a simulated94
observing system with realistic noise, and then assimilated; because the truth is known by95
construction, the information the observing system recovers can be measured directly rather96
than inferred from scarce field records. The design originated in numerical weather prediction,97
where OSSEs have long been used to evaluate proposed observing systems before they are built98
(Arnold and Dey 1986), and the same reasoning now underpins data assimilation across the99
Earth sciences (Evensen 2003; Reichle 2008). Applied to distributed BMPs, an OSSE makes it100
possible to ask, before committing monitoring resources, how much treatment performance a101
satellite that sees only condition can recover through a process model, and where that recovery102
reaches its limit.103

Against this background, the study pursues three connected aims. The first aim is concep-104
tual. It defines the observability budget as the fraction of the attainable probabilistic improve-105
ment in performance inference that assimilating observable condition recovers, for a specified106
sensor suite, process model, and prior, so the complement is a largely irreducible gap under those107
same assumptions rather than a fundamental limit on what any instrument could measure. The108
second aim is quantitative. It explores that observability budget with a calibrated OSSE and109
suggests that recovery is partial and appears to be governed by the degree to which observable110
condition is assigned control of the removal rate in the simulation, a pattern that seems to111
persist across process structures and aging mechanisms. The third aim is practical. It asks112
whether, although performance itself is only partially recoverable, condition might be recovered113
well enough to support condition-based maintenance that helps protect the performance the114
sensor never measures.115

Two questions organize the study. First, for a given asset class, how much of drifting treat-116
ment performance can a condition-only observing system recover, and what sets that share?117
Second, even where performance itself is only partially recoverable, can observed condition be118
recovered well enough to support condition-based maintenance that helps protect the perfor-119
mance the sensor never measures? Developed here for nitrogen, the framework may extend to120
other pollutants whose removal is condition-governed, which we offer as a hypothesis rather121
than a demonstrated result.122

Methods123

The overall approach is summarized in Fig. 1, and the complete experimental design is laid out in124
the Supplementary Material (Fig. S1). EO supplies noisy observations of BMP condition, which125
are assimilated with an ensemble Kalman filter, an ensemble method that updates model states126
from noisy observations while tracking their uncertainty, into a condition-dependent process127
model to infer the unobservable nitrogen-removal performance; a hidden biogeochemical forcing128
governs the removal rate but is never observed.129
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130
Fig. 1. Method overview and the observability frontier. EO measures a practice’s condition131
(open-water extent, vegetation greenness, storage loss), which lies on the observable side of132
an observability frontier; treatment performance (nitrogen-removal efficiency 𝜂) lies on the133
unobservable side, together with the hidden biogeochemical forcing 𝑐 that co-determines it and134
is never observed. A condition-dependent process model with ensemble Kalman assimilation135
infers performance from condition, crossing the frontier only partially. The recovered fraction136
of attainable probabilistic forecast improvement is the observability budget, and the remainder137
is largely irreducible within the stated observing system, set by the hidden forcing (bottom138
bar). Supplementary Fig. S1 details the full experimental design.139

Inference problem140

A simple wetland or vegetative BMP is described at a monthly step 𝑡 by a state x𝑡 = [𝑠𝑡, 𝑣𝑡, ln 𝑘𝑡],141
comprising the sediment-induced storage-loss fraction 𝑠, the dimensionless fractional loss of de-142
sign hydraulic storage capacity due to sediment filling (𝑠 = 0 no loss, 𝑠 = 1 complete loss,143
remaining capacity 1 − 𝑠); the vegetation density 𝑣, a normalized vegetation-condition state144
whose observation operator assumes a calibrated one-to-one mapping to a normalized EO vege-145
tation index that in practice would need a site- or asset-class-specific retrieval; and a first-order146
areal removal-rate 𝑘. A hidden biogeochemical forcing 𝑐𝑡, a dimensionless composite biogeochem-147
ical rate multiplier representing unresolved rate controls (electron-donor supply, redox, nitrate148
speciation, microbial state, none remotely sensed), modulates the rate, and its linear decline149
over the record is a stress scenario rather than a mechanistic carbon, redox, or microbial model;150
flow 𝑄𝑡 and temperature 𝑇𝑡 are exogenous. Performance is the nitrate-nitrogen removal effi-151
ciency 𝜂𝑡, never observed. Here 𝜂 is a fractional concentration-removal efficiency, a normalized152
treatment-efficiency proxy, not load-weighted mass removed. Observations map condition only,153
y𝑡 = [(1 − 𝑠𝑡)(1 − 𝑣𝑡), 𝑣𝑡, 𝑠𝑡] + e𝑡, with e𝑡 Gaussian measurement error, where (1 − 𝑠𝑡)(1 − 𝑣𝑡) is154
an idealized normalized open-water proxy (not a literal geometric area fraction) that decreases155
with both sediment encroachment and vegetation occupation, 𝑣𝑡 represents vegetation index,156
and 𝑠𝑡 is a storage proxy.157

Two structural facts organize the result. First, the rate 𝑘 does not appear in y. A dy-158
namically coupled rate could in principle be constrained indirectly through its covariance with159
observed states, subject to practical-identifiability limits (Walter and Pronzato 1997), but here160
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we deliberately set the log-rate gain to zero. The independent latent-rate residual is therefore not161
learned from the condition observations. Second, in experiment configurations that retain the162
generic forcing 𝑐𝑡, 𝑘 and 𝑐𝑡 enter the removal law through their product, so they are structurally163
non-identifiable as separate factors (Bellman and Åström 1970). Recoverable performance is164
therefore the part that observable condition explains, and its complement is largely irreducible165
within the stated observing system.166

Synthetic truth and observation operator167

Two synthetic truths are used. An idealized truth isolates the inference mechanism, and a168
literature-parameterized simplified truth tests transfer to a more environmentally plausible pa-169
rameterization; both are run over 120 monthly steps (10 years). Complete model equations, all170
parameter values with their literature or illustrative basis, the assimilation filter algorithm step171
by step, and a worked single-realization example (truth, open-loop, assimilation, and oracle)172
are provided in the Supplementary Material.173

Idealized truth. The condition states evolve by prescribed dynamics that are illustrative of174
documented sediment accumulation, vegetation effects, and maintenance behavior rather than175
fitted to a site (Ahilan et al. 2019; Drake and Guo 2008; Erickson et al. 2018). Sediment storage176
fills through a flow-driven increment that accelerates as storage fills, because the denominator177
shrinks as 𝑠 grows, and is capped at 𝑠max, 𝑠𝑡 = min[𝑠𝑡−1 + 𝑎 𝑄𝑡/(1 − 𝑠𝑡−1 + 𝑏), 𝑠max], with178
𝑎 = 0.011, 𝑏 = 0.2, and 𝑠max = 0.92, a fill law that treats normalized flow as a sediment-delivery179
proxy and is illustrative rather than a sediment mass balance; vegetation drifts upward as a180
genuine random walk, 𝑣𝑡 = clip(𝑣𝑡−1 + 0.006 + 𝜉𝑡, 0.05, 0.95) with 𝜉𝑡 ∼ 𝑁(0, 𝜎2

𝑣) and 𝜎𝑣 =181
0.035, whose month-to-month fluctuation the forecast cannot anticipate; and an unscheduled182
maintenance event at month 72 resets storage and vegetation (𝑠 → 0.10, 𝑣 → 0.40) in the truth183
only, so the forecast model does not anticipate it. Flow is log-normal, 𝑄𝑡 = exp(𝑁(0, 0.352)), a184
dimensionless relative-flow multiplier with median one and arithmetic mean slightly above one,185
and temperature is seasonal. The hidden forcing declines linearly over the record, 𝑐𝑡 = clip(1 −186
0.55 𝑡/𝑇 , 0.45, 1.0), representing a stress scenario in which electron-donor support weakens;187
the dependence of wetland denitrification on carbon supply motivates that interpretation, not188
the imposed linear trajectory (Lu et al. 2009). In this notation the bare symbol 𝑇 = 120189
is the horizon, the record length in monthly steps, whereas the seasonal water-temperature190
factor carries a subscript, written 𝑇𝑡 here and 𝑇𝐶 in the literature-informed model, so 𝑇 in191
𝑡/𝑇 is not a temperature. Removal efficiency follows a first-order kernel, 𝜂𝑡 = clip[0.90 (1 −192
𝑒−𝐿𝑡), 0, 0.95], in which the upper clip at 0.95 is not binding, since the ceiling here is 0.90,193
with a loading 𝐿𝑡 = 𝑘 𝑇𝑡 𝑐 ((1 − 𝑠)/𝑄) 𝑔(𝑣) that couples the rate to temperature 𝑇𝑡, the hidden194
forcing 𝑐, remaining capacity (1 − 𝑠), flow, and a vegetation-contact term 𝑔(𝑣) whose rising195
branch represents increasing vegetative drag followed by saturation, and whose falling branch196
is an illustrative stress representation of preferential routing around spatially heterogeneous197
dense vegetation rather than a fitted universal density-response curve (Min and Wise 2009;198
Nepf 2012; Sabokrouhiyeh et al. 2020) (full forms in the Supplementary Material). Here 𝐿𝑡 is a199
dimensionless treatment-exposure number, a reaction-to-hydraulic-loading ratio and the analog200
of 𝑘/𝑞, with the leading constants absorbed as scalings, where larger 𝐿 means more reaction201
opportunity relative to hydraulic throughput, so only its relative variation carries meaning.202
Condition observations carry additive Gaussian noise of standard deviation 0.04 to 0.05 on the203
0 to 1 scale.204

Literature-informed simplified truth. The kernel is replaced by a k-C* treatment-wetland205
model combined with a tanks-in-series hydraulic representation (Kadlec and Wallace 2009; Mer-206
riman et al. 2017). The calculation prescribes a condition-derived effective tank count 𝑁eff as207
an illustrative mapping rather than fitting the relaxed P parameter, and applies the resulting208
model to nitrate-nitrogen (Eq. 1).209
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𝜂 = (1 − 𝐶∗

𝐶in
) [1 − (1 + 𝑘

𝑁eff 𝑞 )
−𝑁eff

] , 𝑘 = 𝑘20 𝜃 𝑇𝐶−20 𝑐 (1)

in which the effective number of tanks and the hydraulic loading are explicit functions of210
the observable state, 𝑁eff = 1 + 3(1 − 𝑠) ̃𝑔(𝑣), with ̃𝑔(𝑣) = clip(contact(𝑣)/0.39, 0.3, 1.3) a211
normalized vegetation-contact factor, and 𝑞 = 𝑞0 𝑄/(1 − 0.6 𝑠). Here 𝑄 is the dimensionless212
relative-flow multiplier defined above and 𝑞0 is the median-flow hydraulic loading. If 𝐴0 is the213
nominal treatment area, the corresponding physical flow is 𝑄phys = 𝑞0𝐴0𝑄; defining an effective214
treatment area 𝐴eff = 𝐴0(1 − 0.6 𝑠) then gives 𝑞 = 𝑄phys/𝐴eff = 𝑞0𝑄/(1 − 0.6 𝑠). This is an215
illustrative mapping from sediment filling to reduced effective treatment opportunity rather216
than a literal loss of plan area, while ̃𝑔(𝑣) modulates hydraulic efficiency. In this model 𝑘 is a217
first-order areal rate constant (velocity units, m/yr), distinct from the idealized dimensionless218
rate multiplier 𝑘 of about 1.7 that absorbs scalings in the kernel above, so the carried log-rate219
is an effective rate multiplier whose physical interpretation depends on the kernel; 𝐶∗ is the220
irreducible background concentration to which removal asymptotes; and 𝑁eff is the effective221
number of continuously stirred tanks in series, a compact descriptor of hydraulic efficiency222
obtainable from a residence-time tracer study (Persson, J et al. 1999; Werner and Kadlec 2000).223
In plain terms 𝑁eff is a dimensionless hydraulic-efficiency indicator, with 𝑁eff = 1 a completely224
mixed tank and larger values approaching plug flow and indicating less short-circuiting. Its225
dependence on sediment and vegetation is an illustrative mapping from observable condition to226
hydraulic efficiency rather than a calibrated universal law. Parameter values combine literature-227
supported and illustrative choices. 𝐶∗ = 0.6 and 𝐶in = 1.5 mg/L are an illustrative high-nitrate228
scenario chosen to impose a 60% asymptotic removal ceiling; 𝑘20 = 25 m/yr is the reported229
median annual-average nitrate rate at 20 deg C (Kadlec 2012); 𝑞0 = 30 m/yr is an illustrative230
median-flow hydraulic loading; and 𝜃 = 1.10 is close to the reported modified Arrhenius factor231
of 1.106 for nitrate-removal wetlands (Kadlec 2012). Simulated removals span 2% to 53% (mean232
16%), within reported stormwater ranges (Koch et al. 2014). Both the k-C* and tanks-in-series233
expressions form a monthly quasi-steady treatment model, not an event-scale hydrologic or234
biogeochemical mass-balance model; event-scale loading, bypass, and internal pools are future235
work.236

Observation operator. In both truths, the observation vector is a function of condition only,237
y𝑡 = [(1 − 𝑠𝑡)(1 − 𝑣𝑡), 𝑣𝑡, 𝑠𝑡] + e𝑡, with e𝑡 ∼ 𝑁(0, R) and R = diag(𝜎2) the observation-error238
covariance, matched to the truth-generating noise. The open-water and vegetation channels239
represent established optical or radar retrieval targets, while the storage channel is an idealized240
remotely sensed footprint and storage-loss proxy whose assumed accuracy has not yet been241
demonstrated for this application; the removal efficiency 𝜂 is never part of y. The per-channel242
noise standard deviations (an absolute standard deviation of 0.04 to 0.05 on the normalized243
0-1 scale) are a designed upper-bound OSSE error level for an idealized observing system, with244
surface water and vegetation broadly retrievable from satellite imagery (Huang et al. 2018;245
Pekel et al. 2016; Tucker 1979), although the same accuracy has not been demonstrated for an246
indirect storage-loss retrieval; R is diagonal (independent channels) and correctly specified, and247
the sensitivity of the results to the noise level is examined in the robustness analysis (Fig. S3).248

Assimilation, calibration, and skill249

At each month, the ensemble represents 400 plausible combinations of pond condition and latent250
rate. The model advances each member and converts it into the EO quantities that would be251
observed. Differences between the actual and predicted EO observations then correct storage252
and vegetation according to their forecast covariances. We deliberately prevent the observations253
from updating the independent latent-rate residual by setting its Kalman-gain row to zero. EO254
can nevertheless improve estimated removal because the corrected storage and vegetation enter255
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the performance model directly and determine the prescribed condition-dependent portion of256
the rate.257

Filter. Condition is assimilated with a stochastic (perturbed-observation) ensemble Kalman258
filter (Evensen 2003) of 𝑁 = 400 members. We use a controlled synthetic OSSE in which259
the truth and the assimilation filter share the same condition and treatment functional ker-260
nels, while the assimilation filter represents unresolved process and latent-rate uncertainty and261
does not anticipate the maintenance reset. The open-loop and assimilation arms share initial262
ensembles and forecast random-number streams and differ only through the analysis update.263
A matched-structure sensitivity that varies the reactor form is examined separately (Fig. 4).264
Each member carries the condition states and, for the identifiability analyses, an augmented265
latent-rate ensemble whose propagated spread is deliberately excluded from analysis contrac-266
tion and is not estimated from the observations, rather than a dual state-parameter update267
(Moradkhani et al. 2005). Each month proceeds in two steps. In the forecast step, every mem-268
ber is advanced by the process model with additive process noise. In the analysis step, each269
member’s predicted observation y𝑓

𝑖 = ℎ(x𝑓
𝑖 ) is formed, and the ensemble-estimated cross- and270

observation-covariances,271

P𝑥𝑦 = 1
𝑁 − 1 ∑

𝑖
(x𝑓

𝑖 − x̄𝑓)(y𝑓
𝑖 − ȳ𝑓)⊤, P𝑦𝑦 = 1

𝑁 − 1 ∑
𝑖

(y𝑓
𝑖 − ȳ𝑓)(y𝑓

𝑖 − ȳ𝑓)⊤ + R (2)

give the Kalman gain and the perturbed-observation update,272

K = P𝑥𝑦 P−1
𝑦𝑦 , x𝑎

𝑖 = x𝑓
𝑖 + K (y𝑡 + 𝜀𝑖 − y𝑓

𝑖 ), 𝜀𝑖 ∼ 𝑁(0, R) (3)
with the updated states clipped to physical bounds. The log-rate row of the Kalman gain273

K is set to zero, a prescribed gain constraint, so condition observations do not update the rate;274
spatial localization is not needed at this state dimension.275

Representing the unobserved rate. In configurations that retain the generic forcing 𝑐𝑡, it is276
not observed and enters only through the product 𝑘 𝑐𝑡. In the observability-budget experiment,277
the designed hidden residual 𝑧ℎ replaces this generic forcing; no additional declining 𝑐𝑡 is applied.278
The latent rate is initialized and propagated with experiment-specific spread and jitter settings;279
its analysis gain is constrained to zero, so condition observations do not contract it, and Table280
S10 reports the controls used in each experiment. This encodes the observability structure281
directly. Assimilation refines the observable states, while the latent rate is propagated but not282
contracted by the observations. It also prevents the analysis from collapsing the performance283
band around an unobserved quantity, which would produce apparent but spurious skill.284

Calibration. Two safeguards keep the comparison fair. The open-loop and assimilation arms285
share the same initial ensemble and forecast random-number streams, so their per-seed com-286
parison is paired (Glasserman 2004); only the assimilation arm draws perturbed observations287
for the analysis update. The perfect-performance oracle is instead a deterministic point mass288
at the truth and does not use an ensemble random-number stream. The generative spread on289
the states and the rate is scaled so the open-loop 90% band covers the truth near 0.90 of the290
time, a covariance inflation calibrated to reliability; without this step an overconfident prior291
manufactures apparent contraction. The controls are experiment-specific. Aging uses separate292
state- and rate-spread controls to target storage and performance coverage, respectively; the293
observability-budget experiment instead calibrates one global ensemble-spread inflation; and294
the matched-structure and maintenance experiments use the controls listed in Supplementary295
Table S10. Thus, before assimilation, the ensemble spread is calibrated toward 90% open-loop296
coverage on training seeds, and the reported recovery is what assimilation adds on top of that297
baseline. All arms are then evaluated on disjoint held-out seeds, with paired per-seed uncer-298
tainty for the open-loop versus assimilation comparison. Because the rate is excluded from299
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the observation operator and its gain row is zero, condition innovations cannot identify the300
hidden rate, so setting its prior would require performance data, informative priors, or hierar-301
chical transfer from an instrumented cohort rather than the assimilation filter’s own innovation302
statistics.303

Skill metric. Performance recovery is measured with the continuous ranked probability304
score (CRPS), a proper score sensitive to both ensemble calibration and sharpness, which for305
an 𝑁 -member ensemble {𝑥𝑖} and truth 𝑦 is306

CRPS = 1
𝑁 ∑

𝑖
|𝑥𝑖 − 𝑦| − 1

2𝑁2 ∑
𝑖

∑
𝑗

|𝑥𝑖 − 𝑥𝑗| (4)

(Gneiting and Raftery 2007; Hersbach 2000). CRPS rewards a forecast for being both sharp307
and centered on the truth and penalizes a narrow but incorrect band, so an assimilation filter308
that narrows overconfidently does not gain skill. Recovery is reported as the proper-score skill309
𝐵𝑆. In general form,310

𝐵𝑆 = 𝑆open − 𝑆assim
𝑆open − 𝑆oracle

, 𝑆 = CRPS (5)

where 𝑆open, 𝑆assim, and 𝑆oracle are the per-step-averaged CRPS of the open-loop, assimi-311
lated, and oracle performance forecasts. The oracle is a perfect-performance oracle, a point312
mass at the true efficiency, which sets the denominator. In the special case where the oracle313
CRPS is zero, that is, where the reference collapses to the true performance, 𝐵𝑆 reduces to314
the CRPS-skill fraction 1 − 𝑆assim/𝑆open. We report 𝐵𝑆 on a percentage scale throughout. A315
value of 𝐵𝑆 is a predictive-skill percentage, the fraction of the CRPS gap between the open-loop316
and perfect-information forecasts that assimilation closes; it is not a fraction of nitrogen mass317
removed, of removal efficiency, of performance variance, or of a regulatory load-reduction credit.318
The coverage of the truth by the posterior band is reported alongside as a calibration check.319
Absolute CRPS values and the coverage fields are reported in the Supplementary Material.320
The observability-budget map (Fig. 2) reports 𝐵𝑆 accompanied by the coverage field so that321
overconfident cells are identifiable, and credible-interval width reduction is retained only as a322
diagnostic because it can reward overconfident narrowing.323

Observability-budget, aging, and maintenance experiments324

Three experiment families quantify the framework; the full model and assimilation settings are325
listed in Table 1, with complete configurations in the Supplementary Material.326

Observability-budget experiment. The log removal-rate variation is written as a designed-327
share sum of an observable-vegetation term, an observable-sediment term, and a hidden residual,328 √𝛼𝑣 𝑧𝑣+√𝛼𝑠 𝑧𝑠+√𝛼ℎ 𝑧ℎ, where 𝑧𝑣 is a standardized vegetation-derived signal, 𝑧𝑠 a standardized329
sediment-derived signal, 𝑧ℎ a causal hidden first-order autoregressive series generated indepen-330
dently of the observable signals, and 𝛼𝑣 + 𝛼𝑠 + 𝛼ℎ = 1. In this experiment, this designed-share331
modifier replaces the generic declining forcing 𝑐𝑡 used in the idealized truth; no separate 𝑐𝑡332
multiplier is applied, so 𝑧ℎ is the only hidden rate driver in the budget decomposition. The333
observable signals are standardized on a population law without truth-trajectory look-ahead,334
and the coefficients (𝛼𝑣, 𝛼𝑠, 𝛼ℎ) are designed (expected) variance shares; because the population-335
scaled observable signals carry a modest per-realization cross-covariance, the realized variance336
and covariance decomposition is reported in the Supplementary Material. The shares partition337
variation in the log-rate modifier rather than in total removal efficiency, since observed condition338
still enters the removal kernel directly. The latent-rate ensemble the assimilation filter carries339
is scaled with the hidden share, with no residual floor, so the 𝛼ℎ = 0 edge is fully observable340
for the inference system. The designed expected, or population-level, amplitude is held fixed341
so that only the observability of the rate, not its magnitude, changes across the sweep. The342
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assimilation filter is given the observable relationship, while the independent hidden residual343
remains unupdated because the log-rate gain is zero; sweeping 𝛼𝑣 and 𝛼𝑠 over the simplex maps344
recovered performance against the observable share (Fig. 2). The vegetation random-walk scale345
𝜎𝑣 is treated as a designed stress scale, and the observability budget’s sensitivity to it, together346
with a forcing-uncertainty sensitivity, is reported with the results.347

Aging-mechanism experiment. Six mechanisms by which sediment fill degrades performance348
are compared, each expressed as an explicit modifier of the removal kernel. The six mechanisms349
are capacity loss (the capacity factor scales as 1−𝑠); rate suppression (the rate scales as 1−0.7 𝑠);350
hydraulic short-circuiting (the effective tanks decline, 𝑁eff = 1 + 2(1 − 𝑠)); residence-time loss351
(a milder capacity factor, 1 − 0.6 𝑠); internal loading (capacity loss plus an empirical net-export352
penalty that subtracts removal above a fill threshold, used to allow negative net removal rather353
than a mechanistic sediment nutrient-flux model); and a combined case (capacity, rate, and354
short-circuiting together). Each mechanism is independently calibrated to open-loop coverage355
near 0.90, and recovery is scored with the same proper-score skill 𝐵𝑆, to test whether recovery356
depends on the mechanism.357

Maintenance experiment. A single pond is simulated over a 240-month (20-year) horizon358
with variable log-normal sediment loading, so the storage-fill rate differs from year to year. The359
single unanticipated month-72 event in the 120-month truth resets both storage and vegeta-360
tion, whereas this 240-month maintenance experiment models dredging that resets storage only,361
and they are separate illustrative experiments. Maintenance (dredging) resets storage; the due362
condition is a storage-fill threshold 𝑠∗ (baseline 0.5), the preventive-maintenance trigger. Four363
policies decide when to dredge. They are a fixed calendar (every 60 months); periodic inspec-364
tion (every 24 months, consistent with the EPA one-to-three-year guidance, dredging when a365
noisy field measurement exceeds 𝑠∗); EO assimilation (a monthly noisy condition observation is366
assimilated by a sequential assimilation filter on storage, dredging when the estimate exceeds367
𝑠∗); and a perfect-information oracle (the true storage is known). Nitrogen removal declines368
with fill, 𝜂(𝑠) = 𝜂max (1 − 𝑠/𝑠fail), where 𝑠fail is the assumed functional-failure level, and is369
never observed by any policy. Policies are scored on disjoint held-out seeds, with the storage370
assimilation filter’s spread calibrated to open-loop coverage near 0.90 on training seeds as in the371
other experiments and outcomes reported as means with standard errors, which throughout are372
across-replicate Monte Carlo standard errors conditional on the assumed model and parameters,373
not field-calibrated confidence intervals or a measure of structural uncertainty, on the fraction374
of time the pond is above the maintenance threshold (threshold-exceedance exposure), a mean375
removal-efficiency proxy (the time-averaged efficiency, not load-weighted mass removed), and376
the number of interventions. Structural robustness (reactor form and kinetics) and maintenance377
parameter sensitivity are reported with the results (Figs. 4 and 6).378

Table 1. OSSE model and assimilation settings.379

Setting Value
Monthly steps; unscheduled maintenance
event

120; step 72 (truth only)

Ensemble size 400 (condition experiments); 300 and 200
(maintenance baseline and sensitivity)

Replicates 10 to 40 (per experiment)
Assimilated state [𝑠, 𝑣]; effective log-rate carried with prescribed

hidden-forcing spread, gain row set to zero,
not observation-updated

Observation-noise SD (condition channels) 0.04, 0.05, 0.05 (correctly specified R)
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Setting Value
Generative-spread calibration open-loop coverage near 0.90 on training

seeds; per-experiment controls
(Supplementary Material); evaluation on
disjoint held-out seeds

Effective-rate spread experiment-specific (Supplementary Material,
Table S10); latent rate carried with zero
analysis gain, observability-budget latent
spread scaled with the hidden share

Literature-informed synthetic truth
(nitrate-N)

k-C* tanks-in-series; 𝑘20 = 25 m/yr; 𝑞0 = 30
m/yr; 𝐶∗ = 0.6, 𝐶in = 1.5 mg/L; 𝜃 = 1.10

Maintenance horizon 240 months (20 yr); variable log-normal
sediment loading

Maintenance policies calendar (5 yr); inspection (2 yr); EO
assimilation (monthly); oracle

Results380

The observability budget on held-out seeds381

Assimilating condition appears to constrain the observable states well while recovering rate-382
driven performance according to how much of the rate is explained by observable condition. Par-383
titioning the rate variation into a designed observable-vegetation share, an observable-sediment384
share, and a hidden residual yields a single map (Fig. 2), evaluated on disjoint held-out seeds.385
The three shares (𝛼𝑣, 𝛼𝑠, 𝛼ℎ) are designed (expected) variance fractions rather than exactly real-386
ized ones; the realized variance and covariance decomposition is reported in the Supplementary387
Material, where the observable axes carry a modest realized cross-covariance. These shares388
partition the variation in the log-rate modifier, not the total variation in removal efficiency,389
because observed storage and vegetation still enter the removal kernel directly even when the390
rate modifier is fully hidden. Recoverable performance, measured as the proper-score skill 𝐵𝑆,391
appears to rise broadly with the observable share 𝛼𝑣 + 𝛼𝑠. Where the rate modifier is fully392
hidden, 𝐵𝑆 is only about 16%, with the open-loop band well calibrated (coverage near 0.87);393
this residual recovery comes from the direct condition pathways rather than from learning the394
hidden rate. Through the partly hidden interior, 𝐵𝑆 climbs to roughly 40% at a nominal even395
mix (about 0.4 vegetation, 0.4 sediment, 0.2 hidden). Along the fully observable edge, where396
the rate modifier is entirely explained by observed condition, 𝐵𝑆 reaches about 65% to 76%.397
These fully observable cells are sharp and overconfident, however, with open-loop coverage near398
0.60, so they are flagged rather than read as calibrated. Nine of the twenty-one cells fall inside399
the acceptance band [0.85, 0.95], concentrated among the hidden-dominated and intermediate400
cells; open-loop coverage declines as the observable share grows, reaching about 0.60 at the401
fully observable edge. The map therefore suggests that hidden-rate performance is recovered402
only weakly, about 16% when the rate is fully hidden, and that recovery grows with the ob-403
servable share, becoming large but overconfident where the rate is fully observable under the404
known-forcing idealization. Because the log-rate gain is held at zero, this is recovery through405
better estimation of observed condition under a prescribed no-rate-learning assimilation filter406
rather than learning of the latent rate itself, and 𝐵𝑆 can in principle be negative where assim-407
ilation degrades the forecast. The next section indicates that the edge overconfidence reflects408
the assumption of perfectly known forcing rather than the recovery estimate.409
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410
Fig. 2. Observability-budget map, held-out seeds. Axes are the designed fraction of411

removal-rate variation attributed to observable vegetation and to observable sediment; the hid-412
den share is 1 − 𝛼𝑣 − 𝛼𝑠. Panel A prints the recovered performance, the proper-score skill 𝐵𝑆413
(normalized CRPS reduction, in percent, a predictive-skill percentage rather than a fraction of414
nitrogen removed), which rises with the observable share from about 16 at the fully hidden415
corner to about 65 to 76 along the fully observable edge. Panel B prints the open-loop cover-416
age; cells outside the acceptance band [0.85, 0.95] are marked (overconfident or over-covered).417
Coverage is near 0.90 among the hidden-dominated cells and declines as the observable share418
grows, reaching about 0.60 at the fully observable edge; nine of the twenty-one cells fall inside419
the band. Assimilation coverage is reported in the Supplementary Material.420

The overly narrow uncertainty bands along the fully observable edge appear to come from a421
simplification in the experiment: the model is handed the exact flow and temperature, as if these422
inputs were known without error. When we instead let each ensemble member use a slightly423
different flow and temperature, scattered around the true values rather than fixed at them, the424
𝐵𝑆 at the edge barely changes, but its uncertainty bands widen to a more honest width. Adding425
about 15% scatter in flow and about 1 °C in temperature leaves the sediment-driven edge 𝐵𝑆426
near 74%, down from about 75%, while the fraction of time the true performance falls inside the427
predicted band rises from about 0.71 to about 0.85, back into the acceptable range. A larger428
30% flow scatter lowers the edge 𝐵𝑆 only slightly, to about 71%, and pushes that fraction to429
about 0.96. The vegetation-driven edge is nearly unchanged, and the mostly-hidden middle of430
the map is unaffected by input scatter, as expected, since there the performance swings are431
governed by the unobserved removal rate rather than by flow or temperature. Because this432
test only adds random scatter around the correct flow and temperature, the edge bands are433
best read as a best case that widens to an appropriate width once realistic input uncertainty is434
admitted. It does not test flow or temperature that is systematically biased (consistently too435
high or too low), which we would expect to hurt more and leave to future work.436

Recovery of storage-driven aging performance437

When sediment fill degrades performance by acting through the storage state we observe, recov-438
ery is strong, because storage is observed. We varied the aging mechanism and scored recovery439
with the same proper-score skill 𝐵𝑆 on held-out seeds, and recovery tracks how much each mech-440
anism works through observable condition (Fig. 3). Internal loading recovers most, at about441
68%, followed by rate suppression at about 55%, then capacity loss and residence-time loss at442
about 49% to 50%, and the realistic combined case at about 40%. Hydraulic short-circuiting443
recovers least, at about 24%. Two calibration notes apply. Across mechanisms, the open-loop444
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bands contain the truth about 0.83 to 0.99 of the time and the assimilated bands about 0.99445
to 1.00, so the assimilated bands are wider than they need to be; we flag this as a caveat on446
the exact values, without assuming which way a recalibration would move them. Storage itself447
is recovered consistently across every mechanism, at a skill near 90%, which appears to be448
why the storage-driven mechanisms recover best. That 90% is measured against an open-loop449
storage forecast whose bands are too narrow on the held-out seeds (storage coverage about 0.67,450
rising to about 0.92 once condition is assimilated), with the state-spread setting at the top of451
the tested range, so we read it as indicative rather than exact. In short, the two experiments452
measure different things: the observability-budget experiment measures hidden-rate recovery,453
which grows with the observable share, while this one measures storage-routed recovery, which454
is strong because storage is observed, and we keep them separate rather than merging them455
into a single range.456

457
Fig. 3. Recovered performance by aging mechanism, proper-score skill 𝐵𝑆 (normalized458

CRPS reduction over open-loop, the same metric as Figs. 2 and 4) on held-out seeds. Recovery459
scales with how much each mechanism routes performance through observable condition. Paired460
bars show the storage recovery, consistent across mechanisms at a proper-score skill near 90%,461
measured against an underdispersed open-loop reference (storage coverage about 0.67 open-loop462
and 0.92 assimilated), so this magnitude is indicative rather than fully reliability-controlled.463
Error bars are the across-seed standard error.464

Matched-structure sensitivity465

The observability-budget result appears to be a structural property of the problem, not an arti-466
fact of the one reactor form we happened to choose. To check this, we repeated the experiment467
with the assimilation filter and the truth using the same reactor form, and with the removal468
rate left hidden (its observation update turned off), across five common forms: a single well-469
mixed tank (𝑁 = 1), three tanks in series (𝑁 = 3), near-plug-flow (𝑁 = 8), an exponential470
kernel, and a k-C* form with an effluent floor. Scored on held-out seeds with the same skill471
measure 𝐵𝑆, recovery of the hidden, rate-driven performance was near zero in every case, rang-472
ing from about −13% to +1%. The small negative values mean that in those runs assimilation473
slightly worsened the performance forecast rather than simply failing to help it. Recovery of474
the storage (sediment accumulation) level was also small in these runs (about 2.5%, against475
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a poorly calibrated reference), with one exception: the compounded-aging case, where aging476
works by filling storage, so the observable sediment accumulation carries the signal and storage477
recovery jumps to about 80%. We read this figure qualitatively, for the pattern rather than478
the exact bar heights, because here a single knob sets the spread of both the condition and the479
rate ensembles at once, unlike the two separate knobs used elsewhere, and how well-calibrated480
the results are varies across the reactor forms (the performance bands here are too wide). The481
qualitative conclusion is nonetheless clear and matches the main result: assimilating condition482
does not improve hidden, rate-driven performance for any of the reactor forms tested when the483
rate is left unobserved. Note that this test keeps the assimilation filter and the truth matched484
to the same reactor form; it does not test what happens when the assimilation filter assumes485
the wrong form, which would be a harder case.486

487
Fig. 4. Matched model structure sensitivity. Across reactor structure (𝑁 = 1, 𝑁 = 3, 𝑁 =488

8), kinetic form (exponential kernel), and a k-C* effluent-ceiling factor, condition assimilation489
does not recover hidden-rate-driven performance under a zero-gain rate; paired bars report the490
performance and storage proper-score skill 𝐵𝑆 per scenario, the same metric as Figs. 2 and 3.491
Performance recovery is near zero or negative (forecast degradation), and storage recovery is492
small in these hidden-rate structures. Because a single spread parameter scales the state and493
rate ensembles together here, this sensitivity is read qualitatively rather than as a calibrated494
magnitude comparison. The last group is the compounded-aging case, in which storage is routed495
into performance, so storage recovery is high (near 80%) while performance recovery stays near496
zero or negative. Error bars are the across-seed standard error.497

Robustness of the observability budget to the vegetation stress scale498

One reasonable worry is that our recovery numbers depend on a modeling choice we made: how499
much the vegetation is allowed to wobble unpredictably from month to month. We set that500
wobble with a single knob, 𝜎𝑣, which we treat as a chosen stress level rather than a value tuned501
to make the results look good. To check that the observability budget does not hinge on it, we502
re-ran the experiment across a plausible range of the wobble, from small (𝜎𝑣 = 0.01) to large503
(𝜎𝑣 = 0.05). The proper-score skill 𝐵𝑆 at the fully observable, sediment-driven corner barely504
changed, staying at about 70% to 77% (the same as the fully observable edge in Fig. 2), and505
it did not climb or fall steadily with the wobble; it peaked near 𝜎𝑣 = 0.02. Our working value506

13



of 𝜎𝑣 = 0.035 therefore sits in the middle of the tested range, not at a favorable extreme that507
would flatter the result. Recovery in the mixed, partly hidden interior of the map stayed low508
throughout. In short, the observability budget is set by how much of performance is observable,509
not by how much month-to-month vegetation noise we assumed.510

Recovery is driven by the prescribed hidden share, not the assimilation filter511
prior512

A sharper worry is that the recovery we report simply reflects what we told the assimilation filter513
to assume about the hidden rate, rather than anything physical. Two things could in principle514
drive it: a physical fact, namely how much of the removal rate is genuinely hidden versus visible,515
or a modeling choice, namely how much hidden-rate uncertainty we hand the assimilation filter516
to begin with. This second possibility is a real concern because the assimilation filter is never517
allowed to learn the hidden rate; it simply carries whatever hidden-rate uncertainty we assign,518
and that assigned uncertainty sets a floor on the performance band that no observation can519
reduce. Telling the filter the hidden rate is very uncertain therefore makes recovery look small,520
while telling it the rate is nearly certain makes recovery look large, even though the pond521
itself has not changed. In any single run the physical fraction and our assigned uncertainty522
are thus confounded, since both widen or narrow the performance band, so we separate them523
with two sweeps that each vary one while holding the other fixed. Both use the same tanks-in-524
series model in the truth and the assimilation filter and standardize the signals on population525
statistics rather than by peeking at each simulated trajectory. In the first sweep we varied526
the physical quantity, raising the truly hidden fraction of the rate from 20% to 80% while527
keeping the overall size of the rate swings the same and telling the assimilation filter the correct528
amount of hidden uncertainty at each level; 𝐵𝑆 fell steeply, from about 44% to about 5%, while529
the bands stayed well-calibrated (coverage 0.87 to 0.92), so this decline can only come from the530
hidden fraction itself. In the second sweep we varied the modeling choice, holding the pond fixed531
and instead changing what the assimilation filter assumed about the hidden-rate uncertainty;532
𝐵𝑆 barely moved, staying near 20% to 28% with a gentle peak, and only an unrealistically533
tight assumption was penalized as overconfident bands, so the well-calibrated setting sits in the534
middle of the range. Taken together, 𝐵𝑆 is controlled by how much of performance is genuinely535
hidden, not by how we tuned the assimilation filter, which is what lets us read the observability536
budget as a property of the observing system and the process rather than of the assimilation537
filter’s settings.538

EO assimilation may enable near-oracle preemptive maintenance within the539
tested rule class540

Condition is recovered well across the mechanisms we examined, which points to a practical541
use. In the maintenance experiment, on held-out seeds, EO assimilation tracks storage better542
than a no-assimilation baseline, with a storage 𝐵𝑆 of about 35% (a tracking score measured at543
the known dredging times, separate from the policy comparison below). The open-loop band544
is well-calibrated, containing the truth about 89% of the time, while the assimilated band is a545
little too narrow (about 79%). The estimated storage is accurate enough to call for dredging546
close to the true threshold crossing, coming near the oracle, a benchmark that knows the true547
storage exactly, on every measure. It delivers about 99.6% of the oracle’s average removal548
efficiency (a time-averaged efficiency, not pollutant mass removed), dredges about as often as549
the oracle (roughly 3.5 times in 20 years), and leaves the pond over the dredge threshold only550
about 1.5% of the time (Fig. 5). The two current-practice methods do worse in this synthetic551
experiment. Periodic inspection dredges too rarely, leaving the pond over the threshold about552
16% of the time and delivering about 7% less removal, because it cannot see the pond between553
inspections. A fixed calendar cannot adapt to year-to-year swings in sediment delivery, so in554

14



high-loading years it sits over the threshold about 3% of the time while dredging a similar or555
smaller number of times. This pattern holds even though the actual removal is never observed,556
because the dredging decision needs only condition, which is the part we can recover. Finally,557
the oracle here is a threshold rule with perfect knowledge of storage, not a cost-optimized policy,558
so the comparison shows how good threshold-triggered dredging can get, not the best possible559
maintenance strategy.560

561
Fig. 5. Maintenance policy comparison over 20 years with variable loading, held-out562

seeds. (A) Example storage trajectory by policy against the dredge threshold. (B) Threshold-563
exceedance exposure with standard-error bars (lower is better). (C) Number of interventions564
over 20 years, with the mean removal-efficiency proxy (percent of oracle) annotated. EO assim-565
ilation approaches the perfect-state threshold oracle within the tested rule class, while periodic566
inspection under-maintains and the fixed calendar cannot adapt to variable loading.567

Maintenance robustness568

The maintenance advantage holds up as we vary the operating conditions (Fig. 6). We swept569
five of them: the dredge threshold, how fast the pond fills with sediment (the aging speed), how570
much the sediment loading varies from year to year, the inspection interval, and the observation571
noise. Across all of these, EO assimilation keeps the pond over the threshold only about 0.7%572
to 2.1% of the time (close to the perfect-knowledge oracle) and delivers about 99.6% to 100%573
of the oracle’s average removal efficiency. Periodic inspection does worse, leaving the pond over574
the threshold about 3% to 30% of the time and removing somewhat less. The fixed calendar is575
the most fragile under fast aging: when an unmaintained pond would reach the threshold in just576
three years, the calendar leaves it over the threshold about 39% of the time. These results apply577
to the tested threshold-triggered policies and to a simple straight-line relationship between fill578
and efficiency, whose realism we address in the limitations below.579
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580
Fig. 6. Maintenance sensitivity across operating parameters, held-out seeds with581

standard-error bands. EO assimilation stays near the perfect-state threshold oracle (low582
threshold-exceedance) across every swept parameter, while periodic inspection consistently583
under-maintains and fixed calendar scheduling is fragile under fast aging.584

Discussion585

The results give a graded answer to what EO might deliver for monitoring BMP, particulary586
wetlands and ponds. Condition is recovered well. Removal performance is recovered only587
in the amount set by the observability budget, which is the share of the attainable forecast588
improvement that assimilating condition actually delivers for a given observing system, process589
model, prior, and forcing. On held-out seeds that share is about 16% where the removal rate is590
fully hidden, and it rises with the observable share to about 65 to 76% where the rate is fully591
explained by observed condition, although those fully observable cells are likely overconfident,592
so they are better read as a best case. Where aging degrades performance through the observed593
storage, recovery is larger, from about 24% to 68%, because storage is observed, and storage594
itself is recovered at a 𝐵𝑆 near 90%. The two experiments measure different things, and we595
report them separately rather than merging them. Where the rate is genuinely hidden, the596
part we do not recover is a gap that no amount of additional EO imagery can close on its own;597
closing it requires information the satellite sensor currently does not carry. That turns the hope598
of monitoring treatment performance from space into a design question. For a given asset class,599
what is the observability budget, and where does a given asset sit within it?600

For monitoring-network design, the observability budget could inform how effort is allocated601
rather than prescribe it. Ponds whose removal rate is largely governed by observable condition602
could be tracked from space with real skill, while ponds governed by hidden biogeochemistry603
would still need field measurement. Which case a pond falls into should depend on what limits604
denitrification there. Where nitrate removal is limited mainly by contact, so that the binding605
constraints are residence time, remaining storage, and plant contact, the rate follows quantities606
imagery may help constrain and the budget should be high (Kadlec and Wallace 2009; Nepf607
2012; Sabokrouhiyeh et al. 2020; Werner and Kadlec 2000). Where nitrate removal is limited608
instead by electron-donor supply or redox, as would be expected in catchments delivering little609
labile organic carbon, the rate rides on the hidden forcing, two ponds that look alike from space610
can perform very differently, and the budget should be low (Bachand and Horne 1999; Kadlec611
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2012; Lu et al. 2009). These are expectations to be checked against field data rather than results,612
since our simulation prescribes the observable and hidden shares rather than measuring them at613
real assets. In practice the budget would have to be measured rather than assumed, because in614
this simulation we set the observable and hidden shares ourselves. A small set of instrumented615
sites could give first estimates of how much of the rate variation observed condition explains, and616
process understanding could extend those estimates to similar assets. Because the hidden rate617
is likely not recovered directly from the observations, the assimilation filter cannot learn it from618
imagery alone, so filling the budget would require performance measurements, informative priors,619
or borrowing strength from instrumented sites of the same class. Assembling the benchmark620
performance data that this depends on is arguably the binding constraint on operational EO621
monitoring of stormwater assets (Kumar 2026). The recoverable share is therefore something622
targeted monitoring investment could enlarge, and measuring it is the first step toward that623
investment. This suggests a simple decision structure for an asset class. The first step is to624
estimate its observability budget from a small instrumented cohort. If the budget is high, most625
of the performance variation is routed through condition, EO assimilation can carry much of626
the monitoring load, and field effort can be reserved for periodic checks. If the budget is low,627
the next question is why, because two very different problems produce the same symptom. If628
condition itself is poorly retrieved, the gap is a retrieval problem, and the investment belongs629
in better condition products, such as finer resolution or a validated storage-loss retrieval. If630
condition is retrieved well but performance still does not follow it, the gap is a hidden-rate631
problem that no improvement in imagery can close, and the investment belongs instead in a632
field-instrumented cohort (with occasional inflow and outflow sampling, tracer studies, or redox633
and sediment-chemistry measurements) whose measurements can be transferred to similar assets.634
Separating these two cases matters, because they call for opposite spending decisions.635

The observability budget also bears on how performance is credited. Some load-accounting636
and nutrient-credit frameworks assign standardized, type-based removal efficiencies rather than637
time-varying, asset-specific values (Commonwealth of Virginia 2024; U.S. Environmental Pro-638
tection Agency and Chesapeake Bay Program 2003). The budget indicates where that practice639
might eventually give way to a condition-informed, time-varying credit and where it could not.640
For an asset class with a high budget, an EO-informed estimate could carry information about641
performance beyond the static category value. For a class with a low budget, an EO-derived per-642
formance number would mostly reflect the prior rather than the asset, so a standardized credit643
with periodic field verification would remain more transparent. The same reasoning supports644
triage under a fixed inspection budget, since EO could screen a population for condition while645
field crews are sent to classes with a low budget or to assets whose condition has departed from646
expectation. We offer this as a research direction rather than a regulatory recommendation,647
because it presumes validated EO condition products and a field-estimated budget that this648
study does not supply.649

The maintenance result does not have to wait on filling the observability budget. Condition650
is recovered whatever the observation budget turns out to be, so EO assimilation could support651
condition-based maintenance that keeps ponds below the dredge threshold and protects removal.652
In the simulation it matched a threshold rule that knows the true storage, and it beat the fixed-653
schedule and infrequent-inspection approaches we tested. The apparent value is largest precisely654
where fixed schedules fail, under variable sediment loading, where the timing of capacity loss655
is unpredictable. Because the decision needs only condition, the same logic would extend from656
one pond to a portfolio, although we simulate a single pond here. An agency with more ponds657
than dredging capacity could rank its assets by estimated storage and schedule the few that are658
actually approaching the threshold, instead of running a fixed rotation that is early for some659
ponds and late for others. That ranking should matter most where sediment delivery varies660
between sites and between years, which is where a fixed rotation carries the least information.661
Using this in the field would require validation first, including EO condition products checked662
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against ground data, and field testing. In this demonstration EO enters as an idealized monthly663
measure of storage-related condition, which is a best case for an observing system, and no664
monthly retrieval of hydraulic storage loss has yet been validated at the accuracy we assume.665

Limitations and future work666

The findings here are properties of a simulated system studied under stated assumptions, and667
each is best read as a hypothesis to be tested rather than an established measurement. Our668
observing system sees condition directly every month with small, independent errors, and it669
treats three observation channels as independent even though they carry only two independent670
pieces of information, so it should be read as a best case. A more plausible observation model671
could add an indirect storage retrieval, since storage loss is not directly sensed, along with672
correlated channel errors, a realistic revisit cadence with cloud and seasonal gaps, mixed pixels673
and registration error, and persistent retrieval bias. Small ponds are especially challenging for674
medium-resolution imagery. Sentinel-2 provides 10-m bands suitable for many surface-mapping675
applications (Drusch et al. 2012), but recent pond-inventory research shows that conventional676
satellite mapping has difficulty resolving small ponds and motivates size-adaptive, multi-sensor677
methods (Liu et al. 2024). For the smallest assets, shoreline pixels may mix water, vegetation,678
and surrounding land, leaving few uncontaminated interior pixels. Finer commercial small-679
satellite imagery can improve spatial and temporal sampling in aquatic applications (Li et al.680
2022), but its demonstrated coastal-turbidity retrieval should not be taken as validation for681
stormwater-pond condition or storage. Radar can reduce cloud limitations but measures a dif-682
ferent quantity. The storage channel remains the weakest link, because sediment accumulation683
changes bathymetry, which neither ordinary optical nor radar imagery observes directly. A val-684
idated storage-loss retrieval would therefore likely require repeat lidar, drone photogrammetry,685
or an indirect inference from open-water area and shape, each carrying its own error budget686
that this study does not represent. Flow and temperature, treated here as known inputs, may687
in practice be as uncertain as condition. Each of these limitations would be expected to lower688
recoverable skill relative to observing the states directly.689

In the maintenance experiment, removal efficiency is a fixed function of storage, so once690
storage is known the performance follows exactly, and the near-oracle result may partly reflect691
that. This experiment is a demonstration, and making it realistic is future work. That work692
could add hidden biogeochemistry and hidden rate variability, so that knowing storage no longer693
pins down performance; score the mass of nitrogen removed rather than the time-averaged694
efficiency, which would give weight to the wet periods when most of the load arrives; compare695
against a policy that triggers on raw EO with no assimilation at the same observation frequency;696
choose the best fixed interval in advance rather than assuming five years; and add an explicit697
cost function. The oracle here is a threshold rule that knows the true storage, not an optimal698
policy, so it shows the ceiling for threshold-triggered dredging rather than the best achievable699
maintenance.700

Conclusions701

Whether EO can tell us how well a distributed BMP is removing nitrogen is an observability-702
budget question. Scored properly and on held-out seeds, assimilating observed condition re-703
covers performance in proportion to how much of that performance runs through condition the704
sensor can see, and little beyond it. Where performance rides on a hidden rate, the observability705
budget, measured as 𝐵𝑆, the share of the gap to a perfect-knowledge forecast that assimilation706
closes, is about 16% when the rate is fully hidden and rises with the observable share to about707
65 to 76% when the rate is fully explained by observed condition, although those fully explained708
cells are overconfident because the experiment supplies the true flow and temperature, and are709
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best read as a best case. Where aging degrades performance through the observed storage,710

https://github.com/skp703/observability-budget-osse, in accordance with     ASCE’s data-sharing724

the budget is larger, from about 24% to 68%. Storage itself is recovered strongly in the aging711
experiments and moderately in the separate maintenance tracking check, which is evaluated712
at the known dredging times and reported apart from the policy comparison, with calibration713
caveats noted. Because the dredging decision needs only condition, EO assimilation can support714
preventive maintenance that comes close to a rule with perfect knowledge of storage, within the715
threshold-triggered policies we tested, and that helps protect the removal the sensor never sees.716
We propose the observability budget as a design quantity. It indicates what present-day EO717
might recover under these assumptions, and it points to the calibration and benchmark data718
that could recover more. The framework is developed for nitrogen and may extend to other719
pollutants whose removal is governed by condition, which we offer as a hypothesis rather than720
a demonstrated result.721

Data Availability Statement722

All data, models, and code generated or used during the study are publicly available at723

policy. The repository contains the idealized and literature-informed OSSE implementations,725
the observability-budget, aging, maintenance, structural-sensitivity, and parameter-sensitivity726
drivers, and the figure-generating scripts, from which all reported numbers and figures727
regenerate.728

Appendix. Notation729

The following symbols are used in this paper:730
𝐶∗ = background (irreducible) concentration (mg/L); 𝐶in = influent concentration (mg/L);731

𝑐 = hidden biogeochemical forcing; e = observation error; 𝑘 = removal rate, a dimensionless732
multiplier in the idealized kernel and a first-order areal rate constant (m/yr, reported as 𝑘20) in733
the literature-informed kernel; ln 𝑘 = natural-log effective rate multiplier, the augmented state;734
K = Kalman gain (log-rate row set to zero); 𝑁 = ensemble size; 𝑁eff = effective number of735
tanks in series; P𝑥𝑦, P𝑦𝑦 = cross- and observation-covariances; 𝑄 = flow; 𝑞 = hydraulic load-736
ing rate (m/yr); R = observation-error covariance; 𝑆 = per-step-averaged CRPS of a forecast737
arm; 𝑆open, 𝑆assim, 𝑆oracle = CRPS of the open-loop, assimilated, and oracle arms; 𝑠 = sediment-738
induced storage-loss fraction; 𝑠∗ = preventive-maintenance trigger (dredge threshold); 𝑠fail =739
assumed functional-failure level; 𝑇 = time horizon (number of monthly steps); 𝑇𝑡 = seasonal740
temperature factor; 𝑡 = time step; 𝑣 = vegetation density; x = state vector; y = observation741
vector; 𝛼𝑣, 𝛼𝑠, 𝛼ℎ = designed observable variance shares (vegetation, sediment, hidden resid-742
ual); 𝛽 = loading coefficient; 𝜀 = observation-perturbation draw; 𝜂 = nitrate-nitrogen removal743
efficiency; 𝜆state, 𝜆rate = state- and rate-spread calibration scalars; 𝜇𝑣 = vegetation drift; 𝜉𝑡744
= vegetation random-walk noise; 𝜎𝑣 = vegetation random-walk standard deviation (designed745
stress scale); 𝜎1, 𝜎2, 𝜎3 = observation-error standard deviations; 𝐵𝑆 = observability-budget746
skill, the normalized CRPS reduction (𝑆open −𝑆assim)/(𝑆open −𝑆oracle); 𝑇𝐶 = water temperature,747
literature-informed model (deg C); ̃𝑔(𝑣) = normalized vegetation-contact factor; 𝜃 = Arrhenius748
coefficient.749
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