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Abstract—Frequent acquisition and wireless transmission can
dominate the energy budget of autonomous wireless environ-
mental sensing systems (including water quality monitoring),
particularly when measurements activate pumps and high-power
optical hardware. This paper presents an autocorrelation-aware
Kalman filter (ACF-KF) for multichannel prediction and adap-
tive measurement scheduling. The method is evaluated using
458 records acquired at 15-min intervals during a nominal
five-day deployment. Seven channels are analyzed: temperature,
battery voltage, turbidity, low- and high-sensitivity phycocyanin
(PC), and low- and high-sensitivity chlorophyll-a (CHL). After
excluding the initial transient from model identification, 96
samples form a 24-h learning set and 361 samples are held
out for evaluation. Each channel is modeled with a local-linear
KF. Lag-one autocorrelation of recent innovations is used to
adapt the process-noise covariance when persistent correlation
indicates under-modeled dynamics. Relative to a fixed-covariance
KF, ACF-KF reduces held-out one-step RMSE by 1.9-6.7% and
MAE by 2.9-8.5% across all channels, while reducing pooled
median recovery time for learning-defined upper-quintile changes
from 45 to 30 min. A scheduler using a temperature sentinel,
predicted uncertainty, predicted state change, and a maximum-
gap constraint reduces full sensing cycles by 52.6%, increasing
the mean full-cycle interval from 15 to 31.7 min with 5.83%
mean reconstruction NRMSE. Fixed-interval analysis from 15 to
240 min further quantifies the sampling—accuracy tradeoff.

Index Terms—autocorrelation, adaptive sampling, environmen-
tal monitoring, Kalman filter, LoRaWAN, predictive sensing,
stochastic processes, water quality.

I. INTRODUCTION

Battery lifetime remains a principal constraint in remotely
deployed Internet-of-Things (IoT) and low-power wide-area
network (LPWAN) sensing systems. Communication, sensor
warm-up, optical excitation, pumping, and repeated acquisition
can collectively dominate node energy consumption, making
fixed-rate operation inefficient when the monitored process
evolves slowly [1], [2]. Predictive sensing therefore offers a
complementary strategy to hardware-level low-power design:
instead of measuring every variable at every nominal sampling
instant, a state estimator can determine when a new physical
measurement is necessary.
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Kalman filtering (KF) is well suited to this problem because
it explicitly separates process uncertainty from measurement
uncertainty and recursively propagates both the state estimate
and its covariance. KFs and related ensemble methods have
been applied to water-quality state estimation [3], while broad
reviews summarize their use under linear, nonlinear, and un-
certain dynamics [4]. Energy-aware implementations have also
been studied at the computing level [5]. In parallel, low-power
environmental sensing platforms have used energy harvesting,
duty cycling, efficient radios, and low-power sensor interfaces
to extend field lifetime [6]-[9]. These approaches reduce the
cost of an individual acquisition or transmission, but they do
not by themselves determine whether the acquisition is needed.

The sensing platform underlying this study is the LoRaWAN
fluorometer—nephelometer developed in [10]. This device mea-
sures temperature, turbidity, phycocyanin (PC) fluorescence,
and chlorophyll-a (CHL) fluorescence and transmits envi-
ronmental data through a long-range IoT link. The optical
instrument uses amber, blue, and near-infrared excitation for
PC, CHL, and turbidity sensing, respectively, and circulates
water through the optical cell using a peristaltic pump. The
prior system was operated on a 15-min acquisition schedule,
and the pump can draw approximately 600 mA at 12 V
during operation [10]. Consequently, suppressing redundant
full sensing cycles can produce substantial energy savings
when the water-quality variables are temporally correlated.

The central statistical issue is that a conventional fixed-
covariance KF assumes a dynamic model and noise descrip-
tion that remain adequate over time. In field data, however,
model mismatch is often visible as temporal correlation in
the KF innovation. Adaptive KF methods address this prob-
lem through nonlinear filtering, recursive covariance esti-
mation, Bayesian adaptation, innovation-based correction, or
maximum-likelihood noise estimation [12]-[17]. A standard
predict/update interpretation of state estimation is also sum-
marized in [11]. The remaining engineering problem for the
present sensor is to connect such temporal structure directly
to measurement scheduling and to quantify the resulting
accuracy—sampling trade-off on a complete deployment record.

The main contributions of this work are summarized as
follows:

1) The autocorrelation structure of seven simultaneously



recorded sensor channels is quantified, demonstrating
substantial short-lag redundancy in the 15-min measure-
ments.

2) An ACF-aware local-linear Kalman filter is formulated,
in which the lag-one autocorrelation of the innovation
sequence adaptively modifies the process-noise covari-
ance while maintaining positive semi-definiteness.

3) An adaptive sensing scheduler is evaluated on the
recorded dataset by combining a low-power temperature
sentinel with Kalman-filter uncertainty and predicted
state variation to determine when full multichannel
measurements are required.

4) A controlled measurement-frequency analysis is per-
formed over sampling intervals from 15 to 240 min
to quantify the tradeoff between measurement reduction
and reconstruction accuracy.

All model-selection and parameter-tuning operations are
restricted to the initial learning window, while the remaining
deployment data are held out exclusively for evaluation.

The remainder of this paper is structured as follows. Section
II details the sensor platform and deployment data; Section III
details the stochastic characterization and estimation methods;
Section IV proposes the adaptive measurement scheduling
module; Section V evaluates the protocol; Section VI presents
the results and discussion; and Section VII concludes the study.

II. SENSOR PLATFORM AND DEPLOYMENT DATA
A. Water-Quality Sensing Platform

The underlying instrument is a portable LoRaWAN opti-
cal fluorometer—nephelometer developed for real-time aquatic
monitoring [10]. The platform includes temperature sensing,
an 870-nm near-infrared turbidity channel, a 590-nm phyco-
cyanin excitation channel, and a 465-nm chlorophyll-a excita-
tion channel. Silicon photodiodes detect optical responses, a
peristaltic pump moves water through a polymethylmethacry-
late optical cell, local storage retains measurements, and Lo-
RaWAN provides wireless telemetry. The deployment record
used here additionally contains low- and high-sensitivity PC
and CHL outputs, providing seven time-varying fields when
battery voltage is included (Fig. 1).

The proposed scheduling layer does not alter the optical
calibration or sensor electronics. Instead, it determines when
the high-power sensing sequence must be executed. Tempera-
ture is treated as a low-power sentinel that can be sampled
at the nominal 15-min clock without activating the entire
optical sequence. This architecture is consistent with the two-
tier strategy in which a low-cost environmental observation
can trigger a complete measurement when rapid dynamics are
detected.

B. Deployment Record and Modeling Split

The collected dataset contains N = 458 records at a
nominal sampling period of At = 15 min, spanning 6855 min
(114.25 h). The recorded vector is

Y = [Tk, Vo, Ururb & Upo,L ks
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Fig. 1. Recorded field deployment data. The raw t=0 record is shown for
completeness; the temperature and battery swings demonstrate diurnal patterns
and battery charge/discharge via solar panels.

where T' is temperature, V; is battery voltage, and U de-
notes the recorded optical-channel output (i.e., turbidity, PC
and CHL). Because the first acquisition contains a common
transient high value across the optical channels, it is retained
in the raw-data figure but excluded from model identification.
The next Ny, = 96 samples constitute a 24-h learning set
L. All model scaling and controller parameters are determined
using £. The remaining Ng = 361 samples constitute the
held-out evaluation set £. For numerical conditioning, each
channel is standardized using only the learning statistics,
Gip = LELIL 2)
0j4,L
where y; ;. denotes the measured value of sensor channel j at
time step k, and p;r and ;7 are the mean and standard
deviation of channel j, respectively, computed exclusively
from the learning set L.

III. STOCHASTIC CHARACTERIZATION AND ESTIMATION
METHOD
A. Autocorrelation Analysis

For a finite sequence x1, . .
at lag £ is

., TN, the sample autocorrelation

N—¢ _ _

_ k1 (k= T)(Tkpe — T)
Efcv:1(xk —z)?

For the N7, = 96 learning points, an approximate 95% white-
noise bound is +1.96/+/Ny, = +0.200. Table I shows strong
lag-one correlation in every channel after the startup (transient)
samples. The first lag at which the ACF enters the white-noise
bound occurs between 2.25 and 4.0 h, indicating substantial
short-term temporal redundancy at the 15-min sampling inter-
val. See Fig. 2 for sample autocorrelation function plots.
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TABLE I
AUTOCORRELATION OF THE 24-H LEARNING WINDOW

Channel p(1) p(4) p(8) First nonsig. lag Time
Temperature  0.957  0.792  0.546 16 4.00 h
Battery 0949  0.786  0.513 14 3.50 h
Turbidity 0.827  0.465  0.206 9 225h
PC-Low 0945  0.706 0411 14 3.50 h
PC-High 0953  0.749 0438 13 325h
CHL-Low 0.885  0.618  0.363 12 3.00 h
CHL-High 0.848  0.544 0335 12 3.00 h
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Fig. 2. Sample autocorrelation functions computed from the learning window.
Dashed limits denote the approximate 95% white-noise bounds.

B. Local-Linear State Model

A separate two-state model is maintained for each standard-
ized channel. The state contains the instantaneous level and its
rate per sample,

1 (4)
Here, z;; € R? is the state vector of sensor channel j at
discrete time step k, §; 1 is the standardized measured value
of channel j at time step k, and gj . 1s the estimated rate of
change of the standardized channel value per sampling inter-
val. The superscript 1" denotes matrix transpose, j identifies
the sensor channel, and %k denotes the discrete sample index.
The discrete local-linear model is

ik = [Tk Uik

xjp=Fuxjr1+w;, o)
Zjk = Hj e+ vjk, (6)
where x; i, is the state vector of channel j at sample %, x; 1

is its state at the preceding sample, F' is the state-transition
matrix, and w;j is the process-noise vector representing

unmodeled changes in the channel dynamics. The quantity
Zj 1 1s the standardized physical measurement supplied to the
Kalman filter for channel j at sample k, H is the measurement
matrix that maps the state vector to the measured quantity, and
vj,% 18 the scalar measurement-noise term.

The state-transition and measurement matrices are

11
F:[O J, H=[1 0]. (7

Here, F' € R?*2 propagates the estimated channel level and
rate from sample k£ — 1 to sample k£ under the local-linear
assumption. Its (1,2) element is unity because the rate state
is defined per sampling interval. The matrix H € R*? selects
the first state component, such that the physical measurement
directly observes the standardized channel level but does not
directly observe its rate of change.

The stochastic terms are modeled as w;x ~ N(0,Q; ;)
and vjr ~ N(0,7). Here, N(-,-) denotes a Gaussian
distribution, O is the zero-mean vector for the process noise,
Q;r € R?*2 is the process-noise covariance matrix for
channel j at sample k, O is the scalar mean of the measurement
noise, and r( is the scalar measurement-noise variance.

A constant-acceleration process-noise structure is used,

Q.= 4xGGT, Ga=[1/2 1] . (8)
Here, Q, ;, is the process-noise covariance matrix, g;  is the
scalar process-noise intensity assigned to channel j at sample
k, and G € R?*! is the discrete process-noise distribution
vector that maps an unmodeled change in rate into the level
and rate states. The factor 1/2 represents the contribution
of the rate change to the channel level over one normalized
sampling interval, while the second element, 1, represents its
direct contribution to the rate state. GG produces a 2 x 2
positive semi-definite covariance structure.

The fixed-covariance benchmark uses ¢; ; = qo = 0.01 and
ro = 0.9, matching the noise magnitudes used in the prior
fixed-KF implementation after channel standardization. Here,
qo denotes the nominal fixed process-noise intensity used by
the conventional KF, while ry denotes the fixed measurement-
noise variance.

C. Kalman Prediction and Measurement Update

For each channel, the time update is

Z;=Fa;p 1, (©))
P =FP;; 1 F' +Q;,. (10)

Here, :ﬁ;k is the a priori predicted state estimate for channel
j at sample k before incorporating the current measurement,
;-1 is the corrected state estimate from the preceding
sample, and F' is the state-transition matrix. The matrix
P;k € R%2%2 is the predicted state-estimation error covariance,
P; 1 is the corrected error covariance from the previous
sample, and Q) ;. is the process-noise covariance added during
state propagation.



When a physical measurement is available, the innovation
and innovation covariance are

(1)
(12)

l/j,k = éj,k — H:f);k,
Sjk=HP; H" +r.

Here, v; ) is the scalar innovation, or measurement resid-
ual, for channel j at sample k, defined as the difference
between the standardized physical measurement Z;; and its
one-step prediction Hx; . The quantity S;y is the scalar
innovation covariance, representing the expected uncertainty
of the innovation. The matrix H maps the predicted state
to the measurement domain, P;k is the predicted state-error
covariance, H T is the transpose of the measurement matrix,
and rq is the measurement-noise variance.
The Kalman gain, corrected state, and covariance are

Kj,=P, H'S, (13)
Zjk =, + Kjvjk, (14)
Pip=I-K; H)P;,. (15)

Here, K ; , € R?*! is the Kalman gain for channel j at sample
k, which determines the relative weighting of the model
prediction and the new measurement. The quantity S;,i is the
inverse of the scalar innovation covariance. The vector &;
is the a posteriori corrected state estimate after incorporating
the current innovation v; j, while &, is the corresponding
a priori state prediction. The matrix P;j is the corrected
state-estimation error covariance, I € R?*2 is the identity
matrix, K ; ;, H represents the measurement-induced reduction
in state uncertainty, and P is the predicted covariance prior
to measurement assimilation.

When a measurement is intentionally skipped, only (10) is
executed and @, = &; 1, Pjr = P; ;. Here, &; and P
denote the state estimate and its covariance carried forward
to the next sample. Because no measurement is available for
correction, they are set equal to the predicted state &; ;. and
predicted covariance P, respectively.

D. ACF-Guided Process-Covariance Adaptation

A correctly specified KF should produce an approximately
white innovation sequence. Persistent positive innovation au-
tocorrelation therefore indicates that the state model is not
tracking a time-correlated component quickly enough. The
proposed method computes the lag-one ACF over the most
recent I, = 24 available innovations (6 h at the nominal rate),

Pir = ACF1(V)k—r:k-1),

where p¥, is the lag-one autocorrelation coefficient of the
innovation sequence for channel j at time step k, ACFy()
denotes the autocorrelation function evaluated at lag one,
v k—L:k—1 denotes the sequence of the most recent L innova-
tions from samples k — L through k£ — 1, j denotes the sensor
channel, & denotes the current discrete time index, and L = 24
is the innovation-window length corresponding to 6 h at the
15-min sampling interval.

(16)

and the corresponding innovation variance s2 ;- The scalar
process intensity is then updated as

@i = clip (a0 + A [054], 520 Goins G ) - (1)

where ¢, . is the adaptive process-noise intensity for channel
Jj at time step k, clip(a, ¢min, ¢max) constrains a to the interval
[¢mins max)> go = 0.01 is the nominal process-noise intensity,
A is the ACF adaptation gain, {p]” k} L= max(p ., 0) retains
only positive innovation autocorrelation, p7, is the lag-one
innovation autocorrelation, s jx is the variance of the inno-
vations within the current L—éample window, gmin = 1076 is
the minimum allowable process-noise intensity, and gpax = 5
is the maximum allowable process-noise intensity.

where [a]+ = max(a,0), gmin = 107%, and guax = 5.
This construction retains @, = 0 and avoids assigning
a potentially negative ACF value directly to a covariance.
Measurement covariance r is held fixed so that process-model
mismatch and measurement noise are not adjusted by the same
statistic.

The adaptation gain A is selected using the learning set
only. Candidate values {0.25,0.5,1,2,4, 8,16} are tested after
a 24-sample (6-h) warm-up. A minimax non-degradation rule
selects the largest mean improvement subject to non-increasing
learning RMSE for every channel; for the present data this
gives A = 0.25. The value is then fixed for all held-out
analyses.

E. Calibrated 95% Prediction Bands

The nominal one-step predictive standard deviation in stan-
dardized coordinates is

s;k = ,/HP;kHT+r0.

where s, is the a priori one-step predictive standard deviation
for channel j at time step k, H is the measurement matrix,
P;k is the a priori state-estimation error covariance, and ry =
0.9 is the fixed measurement-noise variance.

To compensate for covariance-model mismatch without
using evaluation data, a learning-only calibration factor is
computed from the normalized absolute residual score

(18)

‘gj K gj_ k|
Qj k= — )
Sik

where a;; is the normalized absolute one-step prediction

error for channel j at time step k, ¢; is the standardized

observed sensor value, gj]_k is its a priori standardized one-

step prediction, s; 1, 1s the corresponding predictive standard

deviation, k is the sample index, and £ denotes the set of
samples belonging to the learning interval.

Let ¢;,0.95 be the finite-sample 95th percentile of a; j, after

warm-up. The plotted 95% predictive band in physical units

is

kelL. (19)

Y £65,095 05,05 - (20)

where Q;k is the a priori one-step prediction of channel j
expressed in its original physical units, ¢; .95 is the learning-
derived finite-sample 95% calibration factor for channel j,



o;,r is the standard deviation of channel j calculated from
the learning set, Sik is the predictive standard deviation in
standardized coordinates, j denotes the sensor channel, k
denotes the time index, and + defines the lower and upper
prediction-band limits.

This interval expands automatically during open-loop pre-
diction because P, grows when measurements are skipped.

IV. ADAPTIVE MEASUREMENT SCHEDULER
A. Decision Variables

After the 24-h learning interval, the recorded data are
processed sequentially in chronological order. At each 15-min
candidate time, the estimator uses only information available at
or before the current time step and first predicts all seven chan-
nels. Temperature is then acquired as a low-power sentinel. A
full sensing cycle is requested when any of four conditions is
satisfied.

The normalized temperature innovation is

Dry = |Tx — Tp7 |- 1)

where Dr j is the absolute normalized temperature innovation
at time step k, T}, is the standardized measured temperature,

T, is the a priori standardized temperature prediction, T
identifies the temperature channel, and k& denotes the current
time index.

The maximum non-temperature state-uncertainty score is

Ui = max (1.96, /P, 1)) ,

where Uy is the maximum predicted uncertainty among all
non-temperature channels at time step k, max;.7 denotes
the maximum over all channels j except the temperature
channel 7', 1.96 is the standard-normal multiplier associated
with an approximate two-sided 95% interval, ijk(l,l) is
the first diagonal element of the predicted covariance matrix
corresponding to uncertainty in the channel-level state, j
denotes the sensor channel, and £ denotes the time index.

and the largest predicted deviation from the most recent full
measurement is

(22)

Dy = max |~ Gy | 23)
where Dy is the largest predicted change among the non-
temperature channels at time step k, gjj_k is the a priori
standardized prediction for channel j at the current time step,
ij,k ; 1s the standardized channel estimate associated with the
most recent full sensing cycle, j # T denotes all channels
except temperature, and ky is the index of the most recent
full sensing cycle.

where ky is the index of the latest full sensing cycle. The
trigger is

if DT,kZGT V UkZGU
V D >0p VvV ki—k'fZGmam

e =1 24)

where y;, is the binary full-sensing decision variable at time
step k, with 4, = 1 indicating execution of a full sensing

cycle, Drj is the normalized temperature innovation, 61
is the temperature-innovation threshold, Uy is the maximum
non-temperature state-uncertainty score, 6y is the uncertainty
threshold, Dy, is the maximum predicted deviation from the
most recent full measurement, 6p is the predicted-deviation
threshold, V denotes the logical OR operation, k — ky is the
number of base sampling intervals elapsed since the most
recent full sensing cycle, and G ,ax is the maximum permitted
number of intervals between full sensing cycles; otherwise
= 0.

The design values 67 = 0.5, p = 0.5, and Gpax = 8
base intervals are fixed in standardized units. The uncertainty
threshold is selected without evaluation data by processing the
final 18 h of the learning window after a 6-h filter warm-up
and choosing the closest value in {0.5,0.6,...,4.0} to a 55%
full-cycle-reduction target. This procedure selects 0y = 2.2,
corresponding to a 54.17% reduction within the learning-
window analysis. The maximum-gap rule limits open-loop
operation to 2 h.

Algorithm 1:
k

ACF-KF adaptive sensing at time

Predict &, and P for all channels.
Acquire the low-power temperature sentinel 7},.
Update the temperature KF and compute Dr .
Compute U and Dy from the non-temperature predic-
tors.
if DT,k Z GT OR Uk Z 9U OR Dk Z GD OR gap
> Gmax then
Set v < 1 and execute the full sensing cycle.
Update all channel KFs with the new measurements.
else
Set 7 < 0; retain predicted states for non-
temperature channels.
10: end if
11: Update each available innovation window and evaluate
(17) for the next step.

b Bl > s
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Sequential measurement-scheduling logic used in the offline evaluation.

B. Energy Interpretation

Let E; be the energy required for the always-available
sentinel operation at one base interval and E; the incremental
energy of a full optical/pump/telemetry cycle. For Ng candi-
date times and N executed full cycles,

(25)
(26)

Efixea = NE(ES + Ef)’
Eadapt = NgFE, + NfEf.

where Egyqq 18 the total energy required by the fixed-sampling
strategy, Eadapt 1S the total energy required by the adaptive
strategy, N is the total number of candidate sensing times,
Ny is the number of full sensing cycles actually executed
by the adaptive scheduler, F, is the energy required for
the sentinel operation during one base interval, and E; is
the incremental energy required to execute one full optical
measurement, pumping, and telemetry cycle.



Hence, the energy reduction is
NgFE, + NfEf
Ng(Es+ Eyf) -

where ng is the fractional energy reduction achieved by
adaptive sensing relative to fixed sensing, E is the energy
consumed by one sentinel operation, and F; is the incremental
energy consumed by one full sensing cycle.

When the pump and optical sequence dominate (Ef > Fj),
ng approaches the reduction in full sensing cycles. This work
reports the full-cycle reduction directly rather than assigning
a joule value. The pump requirements reported for the under-
lying platform [10] motivate this duty-cycle metric.

e = 27)

V. EVALUATION PROTOCOL
A. Predictive-Accuracy Comparison

The fixed-covariance KF and ACF-KF are both run with
a physical measurement at every held-out 15-min slot. Per-
formance is calculated using the a priori one-step prediction
before the measurement update; therefore the comparison eval-
uates true predictive tracking rather than post-update smooth-
ing. For errors ey = yp — 4.,

]‘ 2
RMSE = /N—E > e, (28)
1
MAE = =3 e, (29)
2
RPo1- 2% (30)
S (ye — 9)?
NRMSE = 100LSE 31
ymax - ymin

where ey, is the one-step prediction error at sample k, yy is
the observed sensor value, §J, is the corresponding a priori
one-step prediction, Ng is the number of held-out evaluation
samples, RMSE is the root-mean-square error, MAE is the
mean absolute error, R2 is the coefficient of determination, y
is the mean of the observed evaluation values, NRMSE is the
normalized root-mean-square error expressed as a percentage,
and Ymax and ymin are the maximum and minimum observed
values, respectively, over the evaluated dataset.

The percentage RMSE improvement is 100(RMSExpr —
RMSE4cr)/RMSEkr, where RMSEgk g is the held-out
RMSE of the fixed-covariance Kalman filter and RMSE 4cr
is the held-out RMSE of the ACF-KF.

B. Change-Tracking Response

To quantify how quickly the estimator recovers after a
change, a channel-specific event threshold is formed from
the learning data as the 80th percentile of |§;r — Ujk—1]-
Held-out events above this threshold are separated by at
least five samples to avoid repeatedly counting one transient.
The tracking tolerance is the fixed-KF learning RMSE after
warm-up. Recovery time is the first 15-min horizon at which
the one-step prediction error is below this tolerance for two
consecutive predictions, capped at 120 min. Because the event
threshold and tolerance are learned before the holdout period,

the response-time comparison does not tune on evaluation
data.

C. Adaptive Scheduling Evaluation

For scheduling evaluation, all non-temperature measure-
ments are withheld from the estimator whenever ~; = 0 but
retained as reference measurements for performance assess-
ment. At v = 1, the recorded measurement is revealed and
the KF is corrected. Reconstruction metrics are computed at
every held-out 15-min time, including skipped instants. The
full-cycle reduction is

Nf) %,

- N
where 7, is the percentage reduction in executed full sensing
cycles relative to measurement at every candidate time.

na = 100 ( (32)

D. Fixed Measurement-Frequency Study

To isolate the effect of measurement frequency, the com-
plete held-out sequence is evaluated using deterministic full-
measurement intervals of 15, 30, 45, 60, 90, 120, 180, and
240 min. Between measured points, the ACF-KF operates in
an open loop. The hidden 15-min data are used only to score
reconstruction accuracy. This experiment therefore estimates
how aggressively the acquisition period can be lengthened
before the temporal model becomes inadequate.

V1. RESULTS AND DISCUSSION
A. Temporal Redundancy

Figure 2 and Table I show that all seven channels are
strongly correlated at one 15-min lag. Lag-one coefficients
range from 0.827 for turbidity to 0.957 for temperature. PC
and CHL channels also remain correlated over multiple lags.
The first statistically nonsignificant ACF lag occurs no earlier
than 135 min, and for temperature it occurs at 240 min.
These results do not imply that the sensing process can
safely wait several hours under all conditions; they show that
the process contains sufficient temporal structure to justify
predictive scheduling rather than unconditional 15-min full
sensing.

B. Fixed KF Versus ACF-KF

The held-out one-step predictions for all seven channels are
shown in Fig. 3. Table II summarizes the held-out one-step
predictions. The ACF-KF improves RMSE and MAE for every
channel. RMSE reduction ranges from 1.90% for CHL-High
to 6.72% for temperature, while MAE reduction ranges from
2.87% for battery voltage to 8.49% for turbidity. The greatest
absolute improvement occurs for temperature, whose RMSE
decreases from 0.784 to 0.732 °C. For the optical channels,
improvements are smaller because the 15-min observations are
already highly persistent, but the proposed adaptation remains
non-degrading on all held-out channels. R? also increases for
every signal.

The improvement mechanism is consistent with innovation-
whiteness theory. When several consecutive residuals have
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Fig. 3. Held-out one-step prediction for all channels. The proposed ACF-KF is compared with the fixed-covariance KF; shaded regions are learning-calibrated

95% prediction bands for ACF-KF.

the same sign, positive p¥, increases ¢jk, enlarging the
predicted covariance and the Kalman gain at the next available
correction. The estimator therefore responds faster to sustained
changes than the fixed-covariance model. When the innovation
is approximately white or negatively correlated, g; returns
toward ¢y and unnecessary responsiveness is avoided.

The channel-wise prediction improvement and change-
tracking response are summarized in Fig. 4. The change-
response analysis identifies 127 non-overlapping upper-
quintile events across the seven channels. The pooled median
recovery time decreases from 45 min for the fixed KF to
30 min for ACF-KF. Median recovery is lower for temper-
ature, battery, both PC channels, and both CHL channels,
and unchanged for turbidity. This result directly quantifies
the faster adaptation visible during sustained transients. The
nominal 95% prediction bands obtain held-out empirical cov-
erage between 88.9% and 98.9% across channels, with a mean
coverage of 93.8%. The bands are therefore useful uncertainty
indicators, but they are not interpreted as an exact finite-sample
coverage guarantee under serial dependence.

C. Adaptive Sensing Evaluation

The resulting adaptive measurement schedule and rep-
resentative reconstructions for turbidity, phycocyanin, and
chlorophyll-a are shown in Fig. 5. The scheduler executes 171
full sensing cycles over the 361-point evaluation set instead
of 361 fixed 15-min cycles. This corresponds to a 52.63%
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Fig. 4. Prediction and change-tracking response. Top: held-out RMSE

reduction of ACF-KEF relative to the fixed KF. Bottom: channel-wise median
recovery time after learning-defined upper-quintile changes.

reduction in full measurements. The mean and median full-
cycle intervals are 31.7 and 30 min, respectively. The realized
intervals are 15, 30, and 45 min because the dynamic and
uncertainty triggers fire before the maximum-gap condition
becomes active.

Table III reports reconstruction accuracy at every 15-min



TABLE 11
HELD-OUT ONE-STEP PREDICTION PERFORMANCE: FIXED KF vs. ACF-KF

Channel RMSE KF RMSE ACF-KF RMSE impr. MAE KF MAE ACF-KF MAE impr. R? KF R? ACF-KF
Temperature (°C) 0.7842 0.7316 6.72% 0.4873 0.4503 7.59% 0.9595 0.9648
Battery (V) 0.1156 0.1116 3.45% 0.0722 0.0701 2.87% 0.8843 0.8922
Turbidity output 0.0516 0.0484 6.30% 0.0267 0.0245 8.49% 0.9625 0.9671
PC-Low output 0.0395 0.0385 2.60% 0.0198 0.0186 6.27% 0.8674 0.8742
PC-High output 0.1210 0.1159 4.20% 0.0651 0.0604 7.16% 0.9181 0.9248
CHL-Low output  0.0335 0.0326 2.78% 0.0150 0.0139 7.42% 0.4091 0.4415
CHL-High output  0.0818 0.0803 1.90% 0.0349 0.0329 5.86% 0.3488 0.3734
TABLE III Adaptive sensing: 52.6% fewer full cycles

ADAPTIVE-SCHEDULER RECONSTRUCTION PERFORMANCE

Channel RMSE MAE  NRMSE R?

Temperature ~ 0.4426  0.2730 2.49% 0.9871
Battery 0.0986  0.0583  6.80% 0.9159
Turbidity 0.0348  0.0196  2.80% 0.9830
PC-Low 0.0328  0.0160  5.96% 0.9089
PC-High 0.1042  0.0500  5.40% 0.9393
CHL-Low 0.0253 00112 8.16% 0.6638
CHL-High 00654 00273  921% 0.5842

Full-cycle reduction: 52.63%; mean interval: 31.7 min; mean NRMSE: 5.83%.

ground-truth instant. The mean NRMSE across all seven chan-
nels is 5.83%. Temperature has the smallest NRMSE (2.49%)
because it is the sentinel and is corrected at every base interval.
Turbidity remains below 3% NRMSE. The low-amplitude
CHL channels have the largest normalized errors because their
evaluation ranges are small, although their absolute RMSE
remains 0.0253 and 0.0654 in recorded-output units.

D. Effect of Measurement Frequency

Table IV and Fig. 6 quantify the fixed-interval accuracy
trade-off using the proposed ACF-KF. At the native 15-min
cadence, the mean reconstruction NRMSE is 4.18%. Doubling
the interval to 30 min removes approximately half of the full
measurements and increases mean NRMSE to 5.62%. A 45-
min interval gives 6.33% mean NRMSE, while 60 and 90 min
produce 8.10% and 9.95%, respectively. Beyond 120 min
the error increases rapidly, reaching 18.87% at 180 min and
23.02% at 240 min.

The result demonstrates why a purely fixed longer interval
is undesirable. A 30—45-min interval is often adequate for this
record, but a fixed schedule cannot know when a fast transient
occurs. The adaptive controller instead retains the 15-min
decision clock and lengthens the full-measurement interval
only when the temperature sentinel, predicted dynamics, and
covariance indicate that open-loop prediction remains accept-
able. At each 15-min decision step, the temperature channel is
first predicted by the ACF-KF and then physically measured.
The difference between the measured temperature and its a
priori prediction forms Drj, while the temperature KF is
subsequently corrected using the new measurement.

E. Scalability and Embedded Implementation

For M channels, the method maintains M independent 2 x 2
KFs and an innovation buffer of length L per channel. The per-
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Fig. 5. Adaptive sensing evaluated on the recorded dataset. The panels
show the temperature-based measurement schedule and representative re-
constructions for turbidity, phycocyanin (PC-High), and chlorophyll-a (CHL-
High). Full-cycle measurements are triggered by the temperature innovation,
predicted state change, estimator uncertainty, or maximum-gap condition;
measurements at skipped instants are retained only as reference data for
performance evaluation.

TABLE IV
FIXED MEASUREMENT-INTERVAL SENSITIVITY WITH ACF-KF

Full-measurement interval Full-cycle reduction Mean NRMSE
15 min 0.00% 4.18%
30 min 49.86% 5.62%
45 min 66.48% 6.33%
60 min 74.79% 8.10%
90 min 83.10% 9.95%
120 min 87.26% 12.29%
180 min 91.41% 18.87%
240 min 93.63% 23.02%

step matrix operations are constant size, SO computation grows
linearly as O(M) and memory as O(ML). This structure
is suitable for edge execution on a microcontroller and does
not require cloud connectivity for the scheduling decision. In
a larger LoRaWAN deployment, each node can execute the
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Fig. 6. Measurement-frequency sensitivity. Mean reconstruction NRMSE
increases as the full sensing interval grows; the accompanying heat map shows
channel-specific sensitivity.

same local estimator using node-specific scaling and covari-
ance statistics, while the gateway receives only the selected
measurements and status information. Node-local adaptation
also avoids forcing a single noise model onto sensors with
different optical gains or deployment conditions.

F. Limitations

The present results are based on an offline sequential
analysis of one approximately five-day dataset; the adaptive
scheduler was not active during acquisition. Therefore, the
reported reduction in full sensing cycles is a counterfactual
estimate rather than a direct field measurement of battery-life
extension. The optical fields are analyzed in their recorded
output units rather than converted concentrations, and the
learned thresholds may require retuning when water bodies,
seasons, optical gains, or sensor fouling conditions change.
The model treats channels independently and uses tempera-
ture as the always-available sentinel; future implementations
can additionally exploit cross-channel covariance or substitute
another low-power trigger. Finally, Eq. (27) shows that actual
energy savings depend on the relative energies F; and Ey,
which should be measured on hardware in a future deploy-
ment.

VII. CONCLUSION

This work developed an autocorrelation-aware Kalman
method for adaptive measurement scheduling in a multichan-
nel LoORaWAN water-quality sensor. A 24-h learning window
revealed strong lag-one correlation across all seven recorded
fields, motivating predictive suppression of redundant full
sensing cycles. Unlike a heuristic that directly assigns ACF
values to covariance matrices, the proposed method uses posi-
tive innovation autocorrelation as a statistically interpretable
signal of under-modeled dynamics and increases only the
process covariance while preserving positive semidefiniteness.

On 361 held-out samples, ACF-KF reduced one-step RMSE
and MAE for every channel relative to a fixed-covariance KF.
When evaluated on the recorded data, the scheduler reduced
full sensing cycles by 52.6% with a mean 31.7-min full-
cycle interval and 5.83% mean reconstruction NRMSE. The
fixed-frequency analysis further showed a clear increase in
reconstruction error between approximately 45 and 120 min,
supporting adaptive rather than permanently lengthened sam-
pling intervals. Future work will implement the controller
on the sensor node, measure real energy consumption and
battery lifetime, evaluate seasonal and multi-site datasets,
and investigate joint multichannel state models and online
measurement-noise adaptation.
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