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TideSense: Uncertainty-Aware Energy Budgeting for Long-Lived
Edge Sensing
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Abstract

Battery-powered sensing systems are commonly configured around
a fixed sampling period, even though the value of a measurement
varies sharply over time. A short period captures transitions but
wastes energy during steady state; a long period extends lifetime
but misses brief events. We present TideSense, an uncertainty-
aware scheduler that turns sensing into an explicit, online energy
allocation problem. Each node maintains a compact predictor, con-
verts model uncertainty, recent surprise, and sample age into an
event-risk score, and uses a token-bucket governor to select the
next sensing time while respecting a multi-month energy budget.
A sparse neighbor digest lets nodes suppress redundant samples
without exchanging raw measurements.

We evaluate the design in a reproducible trace-driven simulator
across five environmental and infrastructure workloads, including
abrupt, periodic, and slow-drift signals. At matched event recall,
TideSense reduces simulated daily energy by 47–63% relative to
periodic sampling and by 18–31% relative to single-signal adaptive
baselines. Under a 2.4 kJ/day budget it preserves 96.1% event recall,
bounds the 99th-percentile detection delay to 18.4 s, and reduces
radio traffic by 39%. Ablations show that uncertainty and budget
feedback are complementary: either one alone fails under distri-
bution shift. These results identify a small, interpretable control
surface for making long-lived sensing responsive without placing
a neural model or a continuous radio link on every node.
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1 Introduction

Long-lived sensor deployments operate under a basic mismatch:
the environment is bursty, but their schedules are static. A bridge
can remain quiescent for hours before a short vibration transient;
indoor air quality changes slowly until a door opens; and soil mois-
ture drifts until rain produces a step. A deployment configured

for the transient repeatedly measures predictable steady state. One
configured for the steady state discovers the event too late. This ten-
sion is especially costly on energy-harvesting and hard-to-service
nodes, where a sampling decision consumes not only sensor energy
but also CPU wake-up and radio-tail energy [13, 15].

Adaptive sampling is not new. Prior systems use prediction error,
compressive sensing, event triggers, or application-specific rules
to vary a sampling rate [6, 11, 16, 18]. Three practical gaps remain.
First, a residual is meaningful only when paired with the model’s
uncertainty: a 2◦ error can be routine during a volatile afternoon and
alarming at night. Second, a locally sensible rate can still exhaust a
finite daily energy budget after an extended event. Third, correlated
nodes often make the same decision and report redundant evidence.
Existing techniques commonly address one gap while treating the
others as configuration problems.

We ask a narrower systems question: can a node allocate a fixed
energy budget to the moments at which one additional observation
is most likely to matter? TideSense answers with a closed-loop
scheduler whose state fits in 184 bytes and whose update requires
1.7k integer-equivalent operations. It combines a constant-velocity
predictor with an exponentiallyweighted errormodel. The resulting
risk score controls a continuous sampling interval. A token bucket
stretches that interval when the node spends energy too quickly,
while hard age and change-point guards retain responsiveness.
Finally, a four-byte neighbor digest discounts observations that are
likely to be spatially redundant.

The design intentionally avoids a heavyweight learned policy.
This makes the decision path inspectable, permits safe bounds on
sample age, and lets one set an energy budget without retraining.
The trade-off is that TideSense is a scheduler, not a semantic event
classifier: it decideswhen to observe, then invokes the deployment’s
existing detector.

This paper makes three contributions:
• We formulate sampling as online, risk-weighted budget allo-

cation and derive a bounded interval controller that combines
uncertainty, surprise, staleness, and spatial redundancy (§3).

• We design a budget governor and neighbor protocol that tolerate
energy droughts, event storms, loss, and cold starts without
requiring a gateway in the control loop (§4).

• Weprovide a trace-driven evaluation spanning five signal regimes
and report energy, event recall, delay, traffic, sensitivity, and fail-
ure modes (§5).
All results in this manuscript are from deterministic trace replay

and the hardware energy model in Table 1; they are not presented
as a field deployment. This distinction makes the evidence repro-
ducible and keeps the conclusions scoped to scheduling behavior.
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Figure 1: Fixed sampling exposes a workload-dependent

energy–fidelity trade-off. Recall is measured against events

detected in the full-rate trace; higher is better.

2 Motivation and Problem

2.1 Why one sampling rate is insufficient

We begin with a seven-day replay of three representative signals.
For each signal we sweep fixed periods from 2 to 300 s and run the
same event detector over the resulting observations. Figure 1 shows
that no period dominates. Vibration requires dense observations
to capture a short impulse, temperature retains high recall at mod-
erate periods, and soil moisture is inexpensive until a rain onset
lands between samples. Provisioning every signal for the worst
case spends 2.3–4.1× the energy needed by an oracle that knows
transition windows in advance.

Prediction error alone does not close this gap. Before an event,
the most useful quantity is often uncertainty: error can only be
measured after a sample is taken. Conversely, uncertainty alone can
remain low when a biased model confidently follows a drift. A ro-
bust scheduler needs both signals and a mechanism that reconciles
them with remaining energy.

2.2 Objective and assumptions

Node 𝑖 chooses observation times T𝑖 over a horizon 𝐻 . A sample
at time 𝑡 has energy cost 𝑒𝑠 (𝑡), including sensing, computation,
and amortized communication. Let𝑚𝑘 ∈ {0, 1} indicate whether
ground-truth event 𝑘 is missed, and let 𝑑𝑘 be its detection delay.
We seek a causal policy 𝜋 that approximately solves

argmin
𝜋

∑︁
𝑘

(𝜆𝑚𝑚𝑘 + 𝜆𝑑𝑑𝑘 ) s.t.
∑︁
𝑡 ∈T𝑖

𝑒𝑠 (𝑡) ≤ 𝐵𝑖 (𝐻 ), (1)

where 𝐵𝑖 (𝐻 ) is energy available from the battery and harvester.
Exact optimization is impossible online because future events, har-
vest, and link quality are unknown. TideSense therefore tracks
a short-horizon surrogate for the marginal value of a sample and
enforces the constraint through feedback.

We assume each node has a monotonic clock, can estimate the
energy of its operating states, and exposes a scalar feature to sched-
ule. The feature can be a raw sensor channel, an FFT band power,
or a classifier margin. Nodes need not be synchronized tightly:
neighbor digests use coarse epochs. We do not assume continuous
connectivity, a stationary signal, or foreknowledge of events.

3 Design

Figure 2 summarizes the control loop. Every observation updates
a predictor and an error scale. Their state, sample age, and op-
tional neighbor evidence form a risk score. The interval controller
proposes the next deadline; the budget governor then slows or ac-
celerates that deadline according to accumulated energy debt. A
watchdog enforces hard safety bounds.

3.1 Compact uncertainty model

For a scalar scheduling feature 𝑥𝑡 , the node uses a constant-velocity
state 𝑧𝑡 = [𝑥𝑡 , ¤𝑥𝑡 ]T. Between irregular observations separated by
Δ𝑡 , it predicts

𝑧𝑡 |𝑡− =

[
1 Δ𝑡
0 1

]
𝑧𝑡− , 𝑃𝑡 |𝑡− = 𝐴𝑃𝑡−𝐴

T +𝑄 (Δ𝑡). (2)

The observation update is the usual two-state Kalman correction,
but TideSense adapts measurement scale from the clipped residual
𝑟𝑡 = 𝑥𝑡 − 𝑥𝑡 |𝑡− . With forgetting factor 𝜌 ,

𝑠2𝑡 = 𝜌𝑠2𝑡− + (1 − 𝜌)min(𝑟 2𝑡 , 𝑐2𝑠2𝑡− ) . (3)
Clipping prevents a single event from inflating uncertainty for

hours. We use 𝜌 = 0.94 and 𝑐 = 4 by default. Fixed-point implemen-
tations store 𝑃 and 𝑠2 in Q16.16; positive diagonal floors prevent
collapse after long steady periods.

3.2 Risk fusion

At time 𝑡 , four normalized terms estimate the value of sampling:

𝑈𝑡 =min
(
1,
√︁
𝑃𝑥𝑥,𝑡/𝜎𝑈

)
, 𝑆𝑡 =min(1, |𝑟𝑡− |/(𝑐𝑠𝑡− )) , (4)

𝐴𝑡 =min(1, (𝑡 − 𝑡last)/𝜏max) , 𝐷𝑡 = 𝑞𝑡 exp(−𝑎𝑡/𝜏𝑛). (5)

𝑈𝑡 measures forecast uncertainty, 𝑆𝑡 retains recent surprise, and
𝐴𝑡 prevents starvation. 𝐷𝑡 is a redundancy discount: 𝑞𝑡 is the simi-
larity to the freshest neighbor digest and 𝑎𝑡 its age. Missing or stale
digests set 𝐷𝑡 = 0, making coordination fail open. The fused risk is

𝑢𝑡 = clip[0,1] (𝑤𝑈𝑈𝑡 +𝑤𝑆𝑆𝑡 +𝑤𝐴𝐴𝑡 −𝑤𝐷𝐷𝑡 ) . (6)
The weights sum to one before the discount. We use𝑤𝑈 = .42,

𝑤𝑆 = .28, 𝑤𝐴 = .30, and 𝑤𝐷 = .20. These defaults were selected
on a workload disjoint from evaluation and are held fixed across
traces. Unlike a threshold controller, the continuous score avoids
oscillating between two rates.

3.3 From risk to an interval

The unconstrained interval decays exponentially with risk:

𝜏★𝑡 = 𝜏min + (𝜏max − 𝜏min) exp(−𝜅𝑢𝑡 ), (7)
with 𝜅 = 4.6. Exponential mapping dedicates most resolution to

the high-risk region, where a small delay matters. The application
specifies 𝜏min from its shortest relevant event and 𝜏max from its
maximum tolerable staleness. We use 2 and 300 s.

The mapping is intentionally monotone and bounded. If two his-
tories differ only in having larger𝑈𝑡 , 𝑆𝑡 , or 𝐴𝑡 , the one with higher
risk cannot be sampled later. More importantly, even a wrongly
confident model receives an observation within 𝜏max.
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Figure 2: TideSense’s data and control paths. Solid arrows carry signal state; dashed arrows close the timing and energy loops.

The scheduler never blocks on neighbor or gateway communication.

3.4 Energy-budget feedback

A risk-only controller can spend a day’s energy in an hour-long
disturbance. We regulate expenditure with a token bucket 𝑏𝑡 ∈
[−𝐵𝑐 , 𝐵𝑐 ]. Tokens arrive at target power 𝑝𝑏 and measured or mod-
eled operation energy 𝑒𝑡 removes them:

𝑏𝑡 = clip[−𝐵𝑐 ,𝐵𝑐 ] (𝑏𝑡− + 𝑝𝑏Δ𝑡 − 𝑒𝑡 ) . (8)

Negative balance creates a multiplicative slowdown

𝑔𝑡 = exp(𝜂max(0,−𝑏𝑡/𝐵𝑐 )) .

Positive balance does not speed the node beyond the risk-selected
rate; it is reserve for future events. The scheduled interval is

𝜏𝑡 =min
(
𝜏max,max

(
𝜏min, 𝑔𝑡𝜏

★
𝑡

) )
. (9)

Two overrides protect fidelity. A detector trigger pins 𝜏𝑡 to 𝜏min
for a confirmation window𝑊 , while 𝐴𝑡 = 1 forces a sample even
under energy debt. Thus the budget is a soft horizon constraint,
not a reason to violate application safety bounds. If available en-
ergy is insufficient even for one sample per 𝜏max, the node reports
infeasibility rather than silently degrading.

3.5 Spatial suppression

Every 𝐾th report includes a four-byte digest: a 12-bit quantized fea-
ture, a 10-bit slope, a 6-bit uncertainty bin, and a 4-bit epoch. A node
compares the digest with its own prediction and estimates 𝑞𝑡 from
normalized feature and slope distance. It suppresses only routine
reports; event onset and recovery messages are never suppressed.
Digests are piggybacked on existing frames, so coordination adds
no packet when traffic already exists.

This mechanism differs from cluster-head aggregation [9] and
model-driven acquisition [6]: there is no elected leader and no
shared global model. A node can reboot, move, or lose all neighbors
and still run the same local policy.

4 Implementation

We implement the scheduler as a portable C module with no dy-
namic allocation. The platform model corresponds to a Cortex-M4F
node with an SHT31-class environmental sensor, an ADXL362-class
accelerometer, and a sub-GHz radio. Table 1 lists the energy values
used in replay. Values include regulator loss and are deliberately
rounded to avoid false precision.

Algorithm 1: One TideSense scheduler update
Input: observation 𝑥𝑡 , elapsed time Δ𝑡 , operation energy 𝑒𝑡
Output: next interval 𝜏𝑡

1 Predict 𝑧𝑡 |𝑡− and 𝑃𝑡 |𝑡− over Δ𝑡
2 𝑟𝑡 ← 𝑥𝑡 − 𝑥𝑡 |𝑡− ; update 𝑠2𝑡 using Eq. (3)
3 Correct 𝑧𝑡 , 𝑃𝑡 with 𝑥𝑡

4 Read freshest neighbor digest; set 𝐷𝑡 ← 0 if stale
5 Compute 𝑢𝑡 using Eq. (6)
6 𝜏★𝑡 ← 𝜏min + (𝜏max − 𝜏min )𝑒−𝜅𝑢𝑡
7 𝑏𝑡 ← clip(𝑏𝑡− + 𝑝𝑏Δ𝑡 − 𝑒𝑡 )
8 𝜏𝑡 ← clip(𝑒𝜂max(0,−𝑏𝑡 /𝐵𝑐 )𝜏★𝑡 )
9 if event pending or maximum age reached then

10 𝜏𝑡 ← 𝜏min

11 Arm wake timer for 𝜏𝑡 and persist scheduler state

Table 1: Platform energy model used by trace replay.

Operation Duration Energy

MCU wake + scheduler 1.8ms 0.041mJ
Temperature/humidity sample 6.5ms 0.29mJ
Accelerometer feature window 250ms 1.84mJ
24-byte radio transmit 5.2ms 0.71mJ
24-byte radio receive 7.0ms 0.53mJ
Deep sleep — 38 𝜇W

Timing. The wake timer is absolute rather than relative, pre-
venting processing latency from accumulating as drift. Sensor com-
pletion interrupts place the feature in a two-entry queue; if the
scheduler overruns, the next deadline is measured from acquisi-
tion time. The implementation uses saturating arithmetic for the
bucket and covariance and commits its 184-byte state every 32
observations.

Budget metering. A coulomb counter, when present, supplies
measured energy debits. Otherwise it uses an operation table like
Table 1, updated by the gateway only when firmware or battery
chemistry changes. A low-pass estimate of harvested power adjusts
𝑝𝑏 no faster than once per hour, avoiding positive feedback from
transient sunlight.

Cold start and faults. For the first eight observations the node
samples at min(10 s, 𝜏max) and initializes error scale with the me-
dian absolute successive difference. Numerical faults reset only the

3
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Table 2: Trace-replay workloads. Duration is 30 days each.

Workload Dominant behavior Events Base rate

Temp diurnal + occupancy step 186 1Hz
Humidity coupled slow drift 121 1Hz
Soil rain onset + recession 74 0.2Hz
Vibration 4–18 s transients 412 10Hz
Air drift + ventilation step 203 1Hz

predictor, not the budget balance. Three consecutive sensor time-
outs exponentially back off the physical sensor while continuing
watchdog beacons. A stale digest, gateway outage, or failed radio
cannot delay local sampling.

Complexity. An update uses 38 scalar multiplies, one exponential
lookup, and constant memory. A 64-entry lookup table approxi-
mates 𝑒−𝑥 with less than 0.8% relative error across the controller’s
range. At 48MHz the measured code path is represented in our
model as 1.8ms, below 0.1% of a 2 s minimum interval. The event
detector and feature extractor are outside this cost and are charged
separately.

5 Evaluation

Our evaluation answers four questions:
(1) Does TideSense reduce energy at matched event recall?
(2) Does its budget hold during event storms and energy droughts?
(3) How much do uncertainty, feedback, and coordination con-

tribute?
(4) Where does the approach fail?

5.1 Methodology

Workloads. Table 2 describes five 30-day workloads. Temp and
Humidity use trace-aligned generators calibrated to the Corex
Berkeley lab data set [17]. Soil follows seasonal and rain transitions
reported by SensorScope [4]. Vibration embeds short transients in
colored noise, and Air combines slow occupancy drift with step-like
ventilation events. Generators fix random seeds and emit a full-rate
reference stream. This setup tests policies under controlled events;
it does not claim to reproduce the end-to-end accuracy of those
deployments.

Baselines. Periodic uses the fastest fixed period that reaches
at least 95% event recall on each workload. Residual halves its
interval when absolute prediction error crosses a threshold and
doubles it after four stable samples. Variance maps a rolling 16-
sample variance to the same interval bounds. Oracle samples
densely within ground-truth event windows and at 𝜏max otherwise;
it is a non-causal lower bound, not a deployable competitor. All
causal policies use the same event detector, interval limits, energy
table, radio batching, and initial samples.

Metrics. An event is recalled if a sampled stream triggers the
reference detector before the event ends plus a 30 s grace period.
Delay is measured from reference onset. Daily energy includes
sleep, sensor, MCU, and radio energy. Reported values are medians
over 20 generator seeds; error bars are 5th–95th percentiles. Unless

Table 3: Component ablation (median across workloads).

Bold values meet the corresponding target.

Configuration Recall Energy Packets
(%) (kJ/day) (/node/day)

Complete TideSense 96.1 2.33 61

No uncertainty 91.8 2.18 57

No surprise 93.2 2.21 59

No governor 97.0 3.05 78
No coordination 96.2 2.47 100
Age guard only 84.7 1.89 53

stated otherwise, the target budget is 2.4 kJ/day, 𝐵𝑐 = 0.2𝐸day, and
packets batch up to four observations.

5.2 Energy–fidelity trade-off

Figure 3a sweeps each policy’s aggressiveness across all workloads.
At 95% recall, TideSense uses 1.92 kJ/day, 54% less than Periodic,
26% less than Residual, and 21% less than Variance. Its gap to the
non-causal oracle is 0.36 kJ/day. The gain comes from long steady
intervals without committing to them during rising uncertainty.

At the default operating point, the per-workload reduction over
periodic sampling ranges from 47% onVibration to 63% onHumidity
(Figure 3b). Vibration leaves the least opportunity because short
events force a 2 s floor both during and after a trigger. Humidity is
predictable enough to remain near 𝜏max for 71% of replay time.

5.3 Budget adherence and delay

We stress the controller with a six-hour event storm followed by
an 18-hour quiet period and cut harvested power by 40% at noon.
Figure 4 shows that a risk-only variant exceeds the day budget
by 31%; TideSense incurs a brief energy debt, gradually stretches
routine intervals, and finishes within 2.8% of budget. It does not
immediately jump to 𝜏max, which would turn an energy correction
into a fidelity cliff.

Across normal workloads, median detection delay is 5.7 s and
the 99th percentile is 18.4 s, compared with 4.1 and 13.2 s for the
matched-recall periodic baseline. The extra 5.2 s in the tail buys a
54% energy reduction. During the synthetic drought, 99th-percentile
delay rises to 24.7 s but remains below the 30 s grace bound. No
workload violates 𝜏max.

5.4 Ablation and overhead

Table 3 removes one component at a time at the default budget.
Without uncertainty, recall falls most on Vibration because the
controller cannot anticipate divergence.Without surprise, confident
bias persists through Soil drift. Removing the governor improves
recall slightly but breaks the budget. Removing coordination leaves
fidelity unchanged but increases radio traffic by 39% in the 12-node
spatial replay. The complete design is the only configuration that
meets all three targets: at least 95% recall, at most 2.4 kJ/day, and
no more than 65 packets/node/day.

The scheduler itself accounts for 0.7% of node energy at the 2 s
floor and less than 0.05% at the median 74 s interval. Its flash image
is 6.8 KiB, RAM state is 184 bytes, and the exponential table is 128

4



465

466

467

468

469

470

471

472

473

474

475

476

477

478

479

480

481

482

483

484

485

486

487

488

489

490

491

492

493

494

495

496

497

498

499

500

501

502

503

504

505

506

507

508

509

510

511

512

513

514

515

516

517

518

519

520

521

522

TideSense: Uncertainty-Aware Energy Budgeting for Long-Lived Edge Sensing SenSys ’26, 2026, United States

523

524

525

526

527

528

529

530

531

532

533

534

535

536

537

538

539

540

541

542

543

544

545

546

547

548

549

550

551

552

553

554

555

556

557

558

559

560

561

562

563

564

565

566

567

568

569

570

571

572

573

574

575

576

577

578

579

580

1.5 2 2.5 3 3.5 4 4.5
80

85

90

95

100

Daily energy (kJ)

Ev
en
tr
ec
al
l(
%)

(a) Aggregate Pareto frontier

Periodic Residual
Variance TideSense
Oracle

Temp Hum
idity Soil

Vibra
tion Air

0

20

40

60 55

63
58

47
52

Re
du

ct
io
n
vs
.p
er
io
di
c
(%
)

(b) Energy reduction at ≥95% recall

Figure 3: Main trace-replay results. (a) TideSense shifts the energy–recall frontier toward the oracle. (b) Savings persist across
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bytes. A digest adds four bytes every 𝐾 = 8 routine reports. Even
if no report is suppressed, this increases radio energy by 2.1%; in
the spatial replay, suppression more than offsets that cost after the
first hour.

5.5 Sensitivity and robustness

We vary each default parameter while holding the rest fixed. For
𝜌 ∈ [0.88, 0.98], recall changes by at most 1.6 percentage points and
energy by 7.3%. Increasing 𝜅 from 3 to 7 moves the operating point
along the Pareto frontier rather than causing instability. Bucket
capacities below 0.05𝐸day react to individual events and add 11%
interval churn; capacities above 0.5𝐸day respond too slowly to the
noon harvest cut. The chosen 0.2𝐸day is not universally optimal,
but every value from 0.12 to 0.31𝐸day stays within 5% of the default
energy–delay product.

We independently drop 0–60% of neighbor digests. Savings de-
crease smoothly from 39 to 17%, while event recall varies by less
than 0.3 points because missing digests remove the redundancy dis-
count. Clock offsets up to one digest epoch have the same fail-open
behavior. At 80% loss, coordination is nearly ineffective but never
worse than the no-coordination ablation.

6 Discussion and Limitations

What the controller can guarantee. Bounded intervals provide
a maximum observation age when the node has enough energy
for one sample per 𝜏max. They do not guarantee event recall: an
event shorter than 𝜏min, a failed sensor, or an inadequate feature
can still be missed. The budget governor also cannot create energy.
A deployment must validate that its worst-case survival rate is
feasible and choose the interval bounds from application hazards
rather than energy savings.

Multivariate and semantic signals. Our implementation schedules
from one scalar feature. Multiple channels can use the maximum
risk or independent schedulers, but both approaches ignore cross-
channel covariance. A small learned representation could expose a
more useful scalar, echoing embedded inference systems such as
MCUNet [14]; doing so would add training, calibration, and model
drift concerns. We leave joint uncertainty with bounded embedded
cost to future work.

Adversarial conditions. A compromised neighbor could adver-
tise false similarity and suppress routine samples. Event and age
guards limit but do not eliminate this attack. Message authenti-
cation, trust-weighted digests, or physical plausibility checks are
needed in hostile deployments. Energy-denial attacks are likewise
outside our model. TideSense’s interpretable state makes these
cases observable, not solved.

From replay to deployment. Trace replay isolates scheduling
choices and allowsmatched comparisons, but it misses sensorwarm-
up effects, battery voltage dynamics, packet collisions, seasonal
changes longer than 30 days, and maintenance failures. The energy
table is a model, not direct power-analyzer evidence. A field evalu-
ation across seasons is therefore necessary before drawing claims
about lifetime. Our present conclusion is limited: under the stated
workloads and energy model, uncertainty-aware budget feedback
dominates the evaluated causal schedulers.
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7 Related Work

Adaptive acquisition. Model-driven acquisition reduces commu-
nication by answering queries from probabilistic models and con-
tacting sensors only when uncertainty is high [6]. BBQ and Ken
build on this principle for declarative sensor queries [7]. Compres-
sive sensing exploits signal sparsity to reconstruct fewer measure-
ments [5, 11], while event-triggered control communicates only
when a state deviates enough to matter [1]. TideSense shares their
value-of-information intuition but couples uncertainty to explicit
energy debt, bounded age, and decentralized redundancy suppres-
sion.

Energy-aware sensing. Energy-harvesting systems traditionally
adapt workload to predicted supply, from energy-neutral opera-
tion [12] to utility-maximizing schedulers [18]. Hibernus and Me-
mentos make intermittent execution safe under power failures [2,
19]. These works govern whether computation can continue; our
focus is the marginal sensing decision within an available budget.
The token bucket can consume an external harvest forecast but
does not depend on one.

In-network redundancy. LEACH amortizes radio cost through
cluster heads [9], directed diffusion names and aggregates data in-
network [10], and TinyDB pushes acquisitional queries into the net-
work [17]. Spatial correlation has also supported adaptive sampling
and suppression [8]. TideSense uses only a loss-tolerant digest,
retaining local autonomy and avoiding a cluster repair protocol.

Embedded learning. Modern tiny-ML systems make inference
practical on microcontrollers [3, 14]. Reinforcement learning could
learn a sampling policy, but constrained behavior under shift is
difficult to inspect. Our small analytical controller offers a comple-
mentary point in the design space: less expressive, but cheap to
port, tune, and audit.

8 Reproducibility and Ethics

The evaluation uses synthetic or trace-aligned environmental sig-
nals and no human participants, personally identifiable information,
or live actuation. Consequently, it does not require human-subjects
review. A reproducibility package should include generator seeds,
full-rate reference streams, event labels, policy configurations, sim-
ulator code, and scripts that emit every number in the figures and
tables. For anonymous review, such an artifact must be hosted with-
out author, institution, or repository metadata. Field users should
separately assess risks from missed events, environmental sensing,
and radio identifiers; this paper’s scheduler is not appropriate as
the sole safeguard in life-critical systems.

9 Conclusion

TideSense treats a sample as an energy investment whose value
changes with model uncertainty, recent surprise, age, and neighbor-
ing evidence. A compact predictor estimates that value, a bounded
interval map converts it to timing, and a token bucket reconciles
responsiveness with a finite energy budget. In our deterministic
trace replay, the combination reduces modeled daily energy by
47–63% over matched-recall periodic sampling while preserving
96.1% event recall. The result is not a claim of deployment lifetime;

it is evidence that uncertainty and energy debt form a useful, inter-
pretable control surface. The next step is a season-scale, multi-site
deployment that measures power and missed events directly.
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