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Abstract

Real-time interpretation of seismic waveform data is essential for monitoring signal dynamics and detecting
abnormal activity. However, forecasting seismic amplitudes remains challenging because seismic signals are
highly variable, noisy, and non-stationary. This study presents an automated, gap-aware real-time forecasting
pipeline for minute-level seismic signal amplitudes built on IRIS FDSN waveform data, together with a rigorous,
statistically grounded comparison of seven forecasting models: Naive persistence, ARIMA, Ridge regression,
HistGradientBoosting, a standard Gated Recurrent Unit (GRU), an LSTM, and a physics-inspired regularized GRU
(PI-GRU) that adds temporal smoothness and amplitude-growth constraints to the training loss. Models were
evaluated on 81 independently sampled, non-overlapping forecasting windows drawn from a continuous 91-day
observation period across four horizons (5, 15, 30, and 60 minutes), using paired non-parametric significance
testing, a quantitative ablation study, and noise- and missing-data robustness testing, and the main findings were
additionally verified under an alternative peak-priority signal aggregation. Classical models, particularly Ridge
regression and HistGradientBoosting, achieved significantly lower forecasting error than every neural model tested
(Friedman and Holm-corrected Wilcoxon tests, p<0.0001) and were robust to synthetic noise and missing data,
while the proposed PI-GRU was, contrary to expectation, the weakest-performing model overall and did not
produce smoother forecast trajectories than an unregularized baseline GRU. We report this as an honest negative
result: as currently configured, the physics-inspired regularization examined here does not demonstrate an
accuracy or stability advantage over classical machine learning baselines for this task. The principal contributions
of this work are the automated real-time forecasting pipeline itself and a reusable, rigorous evaluation
methodology, together with specific, testable hypotheses — concerning hyperparameter tuning, training budget,
and calibration of the physics-inspired constraint — for why the neural models underperformed and how this might
be addressed in future work.

Keywords: Seismic signal forecasting; physics-inspired neural networks; time series prediction; hybrid
forecasting models; machine learning; real-time monitoring.
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Angarma

CeliCMHKAJIBIK TOJKBIHABIK JEPEKTEPAi HAKTHI YAKBIT PSKUMIHAC HHTCPHOPCTAIMAIAY CHTHAT JHHAMHKACHIH
0aKpLIay KOHC AHOMAJBIBI OCICCHIUTIKTI AHBIKTAY YIOIH MAHBI3ABI OOJBIM TAOBLIAABL. AJalna CCHCMHKABIK
AMIUTATYZATApAbl O0/DKAy oITi e KypAei MiHaeT 00jbIn Kana Ocpeni, ceoe0i CCHCMHKABIK CHTHAIIAP SKOFApPhI
©3TCPTiMITIKIICH, Iy ACHTCHIHIH KONTITIMCH KOHE CTAIIMOHAPJIBI EMCC CHIIATBIMCH CPCKIICICHeAl. by 3epTrey e
IRIS FDSN TOIKBIHABIK ACPEKTCPIH MAiganaHa OTHIPHIN, MHHYTTBHIK JCHTCHACTI CEHCMHKAIBIK CHTHAI
aAMIUTUTYJANAPBIH HAKTHI YAKbIT POXUMiHAC OOJDKayFa apHAIFAH aBTOMATTAHIBIPBURFAH, Y3UTICTEpre Te3iMai
KOHBCHEp, CoHmali-ak keri Oomkay wmomenim — Naive (persistence), ARIMA, Ridge-perpeccus,
HistGradientBoosting, cramgaptrst GRU, LSTM xoHEC OKBITY (YHKOHACBIHA VAKBITTBIK TCTIiCTIK TCH
AMIUTUTYJAHBIH ~ ©CYIH  INEKTCHTIH  KOCHIMINA  KOCAaTHIH  ()M3WKANBIK  KAFMJANTapra  HETI3ACIICH
perymipmanmsutanFan GRU  (PI-GRU) - xaraH, CTaTHCTHKANBIK TYPFBIJAH HETI3ACATCH CAIBICTHIPYBI
ycoHbUIaaeL. Mogemsaep 91 KyHAIK Y3AikCi3 OaKplay KE3EHIHEH ajblHFAaH, TOPT Topu3oHT (5, 15, 30 xome 60
MHHYT) OoifbrHma 81 ToyeNCi3, KUBLIBICHAWTBIH OOJDKAY Tepe3eciHAe OaramaHabl, Oaramayaa >KYNTacKaH
TAPAMETPCI3 CTATHCTHKAIBIK MAHBI3IBUIBIK TECTTEP], CAHABIK aOISIIISUIBIK TANAay JKOHE IIy MCH JCPEKTECPIiH
JKCTICTICYIILNITIHG TO3IMOLTIK TSCTTePl KOMMAHBIIABL, aJI HETi3r HOTIKE AP Oamama peak-priority arperamuachs
OolferaIma KockMIma Tekcepinai. Knaccukanmsik Moaemsaep, ocipece Ridge-perpeccna men HistGradientBoosting,
GapbIK HEHPOHIBIK MOICIbACPTE KAPaFaHIA CTATHCTHKAJIBIK TYPFBIIAH €10Y1P TOMEH OOIDKAy KAaTECiH KepCceTTi
(Friedman >xone Holm ry3erinrer Wilcoxon tectrepi, p<0.0001) »koHE CHHTETHKANBIK Iy MCH KCTICIICHTIH
Jepekrepre Te3imMai 601ab1, an yeeaburaH PI-GRU Moaemni, kepicinime, OapibIK MOACTHAC) apachlHAA CH HAIIAP
HOTIDKE KepcerTi »koHe terictemvercH Oasameik GRU  MomemiMeH CamBICTBRIpFAHZA TETICIpek OoJmKaM
TPACKTOPISIIAPHIH KAJIBIITACTHIPA amMaabl. bi3 MyHBI ;KachIpMad, anai TEpIiC HOTHXKE PETiHAC XadapiaiMsI3:
Ka3ipri KOHPUTypammusaaa OCH 3ePTTCYAC KAPACTHIPBUTFAH (DH3HKAJIBIK KAFHAAIAPFA HETI3ACIATCH POTYIAPH3ALIH
KJIACCHKAJIBIK MAIIMHAJIBIK OKBITY SICTEPIMEH CAJNBICTHIPFAHAA JAIIIK HEMECE TYPAKTBHUIBIK APTHIKIIBIIBIFBIH
KepceTe amMaabl. Byt sKyMBICTBIH HETI3T1 YIIECl — aBTOMATTAHABIPBIIFAH HAKTHI YAKbITTAFBI 00JDKAy KOHBEHEPIHIH
o3l KOHC KaHTa maHaamaHyra OONMATHIH, KAaTaH Oaramay omicTeMeci, COHmah-aK HCHPOHIBIK MOJCIBACPIIH
HEJIIKTCH TOMCH HOTIDKC KOPCETKCHI >KOHE OONarmakra MyHBI Kajal >KakcapTryra OONATHIHBI TYPaibl HAKTHI,
TEKCEPLIETiH 60nKaMaap O0JIbIN TaOBLIAIBI.

Kinr cesaep: CeHCMHKANBIK CHTHANIAPOBI OODKAy;, (DU3MKAIBIK MPHHIHOTCPIS HETI3ACITCH HCHPOHIBIK
JKCJINICP; YAKBITTHIK KaTaprapasl Ooipkay; THOpHATi 00JpKAy MOACTHACPI; MAINHHABIK OKBITY, HAKTHI YAKBIT
PESKUMIHACTI MOHUTOPHHT.
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AHHOTATIHS

WHTepnperarms CeHCMIIECKHX BOJHOBBIX JAHHBIX B PE;KHME PEAILHOTO BPEMEHH MMCEET BAKHOE 3HAYUCHUE UL
MOHHTOPHHTA JHHAMHKH CHTHAJIOB W BBUIBJCHHSI AHOMAJIbHOH AakTHBHOCTH. OJHAKO TPOTHO3HPOBAHHC
CEHCMHMECKUX AMILIHTY OCTAETCA CIOKHOM 3a7a4eH, MOCKOIBKY CEHCMHYECKHE CHTHATBI XapAKTEPU3YHOTCA
BBICOKOH M3MCHYMBOCTBIO, IIYMOM M HECTAI[MOHAPHOCTHIO. B TAaHHOM HWCCICIOBAHMH IIPEICTABICH
ABTOMATH3UPOBAHHBIA, YCTOWYMBBIH K MPOMYCKAM KOHBEHED MPOTHO3HPOBAHMA AMIUTHTYJ CEHCMHYECKUX
CHTHAJIOB HA MHHYTHOM YPOBHE B PEaJIbHOM BPEMEHH Ha 0CHOBE BOJHOBBIX AaHHBIX IRIS FDSN, a raxske crporoe,
CTATHCTHYCCKHA OOOCHOBAHHOC CPABHCHHC CCMH MOJCIICH NMPOTHO3HPOBAHMA, HAMBHOM MOIeIH (persistence),
ARIMA, Ridge-perpeccnn, HistGradientBoosting, crammapraoii GRU, LSTM wu perymipuzosanHoii GRU,
ocHoBaHHON Ha (m3mucckux npuHnunax (PI-GRU), koropas moGasmnser B (PyHKOMIO TOTEPh OTPAHHYCHUS
BPCMCHHOM THAOKOCTH M MTpad 3a HEPCATMCTHYHBIH POCT aMILMTYIel. Momaean Obumi OuCHCHBI Ha 81
HE3aBHCHMOM, HETICPEKPBIBAIOIIEMCS OKHE IIPOTHO3HPOBAHUS, OTOOPAHHOM M3 HENPEPHIBHOTO 91-7HEBHOTO
nepruoaa HAOMIOACHUH, a1 4eThIpEX ropm3oHTOB (5, 15, 30 m 60 MHHYT), OLECHKA BKIFOYANA TApPHBIC
HETAPAMETPHUCCKUE TECTHl CTATHCTHUYCCKON 3HAYUMOCTH, KOJIMUCCTBCHHOE AOIIMOHHOE HCCICAOBAHHE H
TECTHPOBAHUC YCTOMYMBOCTH K IIyMYy W IPOIYCKAM JAHHBIX, 2 OCHOBHBIC PE3YJIbTAThl OBLIH JOIOJHHTEIHHO
MPOBEPCHBI IPH ANBTCPHATHBHOH peak-priority arperamum curxaia. Kiaccwieckue MOIEIH, B OCOOCHHOCTH
Ridge-perpeccuss m HistGradientBoosting, mokazamm CTATHCTHYECKH 3HAYAMO OOJEC HHU3KYIO OINMOKY
MPOTHO3HPOBAHKA MO CPABHCHHUIO CO BCEMH HEHPOCETEBBIMH MOACAMH (TeCThl DpHaMaHAa M YHIKOKCOHA C
nonpaskoit Xomma, p<0.0001) 1 mpoAeMOHCTPHPOBATH YCTOMYHUBOCTh K CHHTCTHUCCKOMY IIYMy H IPOIYCKaM
JAHHBIX, TOTOA Kak mpearoskeHHas Moaems PI-GRU, Bompekn 0KMmaHWsAM, MOKA3aJa HAWXYANIHA PE3yJIbTAT
Cpem BCEX MOJEJCH M HE IMO3BOJHMIA IMOJYUYHTh OOJEE CIIAKCHHBIE TPACKTOPHH IPOTHO3A IO CPABHCHUIO C
Heperysipu3oBaHaoi 6a3oBoii GRU. Mbl cooOmaem 00 3TOM Kak O YECTHOM OTPHIATEIBHOM PE3YJIBTATE, HE
CKpBIBAI €ro: B TEKYHICH KOHQHIYpallMH PpAcCMOTPEHHAs B 3TOi padore (u3miyeckd 0OOCHOBAHHAS
perymipm3anus HE JCMOHCTPHUPYST IPEHMYIICCTBA B TOYHOCTH WM YCTOHYMBOCTH IO CPABHCHHIO C
KJJACCHYECKMMH METOJAMH MAIIHMHHOTO OOyueHws. OCHOBHBIM BKJIAJOM JAaHHOH padOTHI SBILIOTCS CaM
ABTOMATHU3UPOBAHHBIN KOHBCHED IIPOTHOZHMPOBAHHMSA B PEANTbHOM BPEMEHH M BOCIPOW3BOJMMAS, CTPOTast
METOOJIOTHSI OLCHKH, A TAKKE KOHKPETHBIC, MPOBEPSIEMBIC THIIOTE3bI OTHOCHTEIHHO TOTO, TOYEMY HEHPOCETEBBIC
MO/ICJIM TIOKA3aJx XYAMHUH PE3yIbTaT U KaK 3T0 MOKHO VJIyUIINTh B JANbHEHIIEH padoTe.

KiroueBbie ¢/1oBa: MPOTHO3UPOBAHAUE CEHCMHUYECKIX CHIHAIOB, HEHPOHHbIC CETH, OCHOBAHHbIC HA (PH3MIECKUX
TIPHUHIINIAX;, IIPOTHO3HPOBAHNE BPESMEHHBIX PSII0B; THOPUIHBIC MOJICIIH IIPOTHOSMPOBAHNS, MAIIHMHHOE O0YICHHE;
MOHHTOPHHT B PEATbHOM BPEMCHH.

Introduction
Real-time seismic monitoring systems continuously collect waveform data to identify
earthquakes and other ground motion events. Besides the post-event detection, it is convenient
to estimate the transient behaviour of the seismic signal at the future time. Such short-term
forecasting can aid anomaly detection, automated alerting systems, and monitoring of abnormal
ground motion levels. However, predicting continuous seismic signals is complex, especially
since the data is noisy and quite variable and often shows non-stationary behavior due to sudden
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amplitude spikes. A high sampling rate, typically one sample per second or more, is typical for
current seismic stations to measure waveforms. In operational systems, forecasting directly
these types of raw waveform streams is not easy to perform due to the rapid signal variation of
the waveforms together with the large data volume. In addition, latency of the network or
interrupted transmission are likely to introduce temporary gaps in live data streams. Therefore,
typical real-time forecasting applications usually employ small waveform representations that
improve noise and computational difficulty [1].

The continuous seismic waveform is converted in this work to a minute level time series
representation. This calculates the mean absolute amplitude of the filtered signal per minute.
Because of this, the minute-mean representation minimizes the impact of the isolated spikes
and transient artifacts that frequently dominate measuring peaks. While minute-level maximum
amplitudes provide poor representation of the total seismic activity, the mean absolute
amplitude gives us a much more stable and noise-resistant picture within a given timeframe.

Machine learning models are well suited to predicting such time series, as patterns can be
learned directly from data [1,2,3]. Linear models like Ridge regression are computationally
efficient and stable but they might not take into account nonlinear relationships. Tree-based
ensemble methods like Histogram-based Gradient Boosting are capable of modeling nonlinear
dependencies and often perform well with noisy signals. Gated Recurrent Unit (GRU) is an
example of this type of recurrent neural network that is built to capture temporal dependencies
in sequential data representation. Yet, purely data-driven neural networks may have erratic
predictions or unrealistic spikes as the signal distribution changes. To solve this issue, we
propose a physics-inspired regularization approach in this work. In place of developing an entire
physical model of seismic wave propagation, physical constraints are introduced to the neural
network loss function, following the general idea of embedding physically motivated penalties
into deep learning models for seismic and geophysical forecasting [4,5]. Specifically, the model
punishes excessive growth in the amplitude of the future signal amplitude and promotes gradual
evolution with respect to the prediction over the expected time scale. This leads to a physics-
inspired GRU (PI-GRU) model, to achieve both more stable and plausible prediction.

This work mainly contributes to develop a real-time forecasting pipeline for minutely
scaled seismic amplitude. We use IRIS's FDSN service to automatically retrieve waveform
data, convert the signal into a minute-mean amplitude series, train forecasting models in rolling
historical windows, generate predictions at 5, 15, 30, and 60 minutes windows, and so on. After
the prediction horizon elapses, true-future validation is done. Using the same operational
pipeline, three forecasting models (Ridge regression, Histogram Gradient Boosting, and
proposed PI-GRU model) are simulated and evaluated. Standard forecasting error metrics are
employed to compare their performance, and predicted and observed amplitude trajectories are
visualized in the real-time context [6,7].

One could point at recent works employing machine learning approaches for seismic
signal analysis and short-term forecasting. For example, deep learning architectures have been
employed for earthquake early-warning and forecasting, while more general physics-informed
multi-step forecasting frameworks have also been proposed for related geophysical and
environmental time series such as temperature [8,9]. Approaches like these can in principle
model arbitrary nonlinear relationships in observed signals and have been shown capable of
identifying some observable geophysical patterns.

One limitation of existing work is that these models are often not designed for forecasting
continuous waveforms of seismic amplitude, rather they are aimed at event
detection/classification tasks. Another major caveat is that most deep-learning models
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experience stability issues when directly applied to noisy and non-stationary signals of this
kind, resulting in erratic predictions manifested as spikes or unrealistically-oscillating model
outputs [ 10]. Such instability would likely cause problems for real-time monitors that make use
of this technology.

Yet another caveat of most previous work is that data-driven models typically do not
leverage any domain knowledge to improve performance. Recently, physics-informed neural
networks have been introduced in related structural and infrastructure monitoring contexts, such
as railway bridge assessment [11], as well as in broader physics-informed learning frameworks
[12]. However, most PDE-informed approaches make use of either full physical models or
partial differential equations. Full models cannot be leveraged in operational real-time systems,
creating a need for approaches that impose some physical constraints on data-driven models.

To address this limitation, here we introduce a hybrid short-term forecasting framework
that combines classical machine learning regression models with a physics-inspired neural
network. Rather than hard-coding full physical relationships into the network, we instead
impose simple, but effective smoothness and amplitude growth constraints. Such an approach
enables numerical stability while retaining the flexibility of a data-driven model [13,14].

Materials and Methods

A source of the seismic data used in the study is an operational broadband seismic station
through the IRIS (Incorporated Research Institutions for Seismology) data service. Real-time
continuous waveform records are obtained using the FDSN (International Federation of Digital
Seismographic Networks) information service interface. Sustained energy collection was
performed by collecting vertical ground motion measurements on the selected station
(QZ.CHM.20. HNZ). This station provides vertical ground motion with a sampling interval of
approximately one second (sampling interval 1 second). This duration typically depends on
sensor positioning. The ObsPy Python library for seismological data processing used for
realizing waveform acquisition and preprocessing.

The waveform segment is initially detrended to remove linear offsets and then filtered
with a band-pass filter (1-10 Hz). This frequency range was chosen to reduce background noise
and very high frequency disturbances over many periods without disturbing the dominant
features of local and regional seismic activity. Let x(¢) be the filtered seismic signal.

IRIS gives waveform data at the second (or sub-second) level, however such precise
forecasting at this resolution is unstable and is computationally expensive for real-time
operation. Thus, the signal is aggregated to one-minute temporal resolution. In contrast to most
seismic monitor systems that depend on peak value, this study utilizes the mean absolute
amplitude in 1-minute and in minutes as being

Am(k) = o= 428, (1)

where, A,, (k) is the average amplitude in min k, x(t;) are samples in minute filtered waveform
and N is the number of available min samples.

This was a conscious decision. The minute-mean amplitude provides a much more stable
and noise-proof measurement of ground compared to minute maxima, which are usually
characterised by isolated spikes or transient artifacts. The cumulative series is therefore
smoother in nature and useful for the short-run prognosis.

The measured energy-like quantity E,, (k) is also described in order to stay in relation to
physical limits:

Ep(k) = Ap (k). )
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This quantity is not the true physical energy of the seismic signal; rather, it is a relative
measure of signal intensity used to prevent unrealistic growth in the predicted amplitudes within
the physics-inspired loss function.

In near real-time situations minute-level data may be partially missing due to telemetry
delays or intermittent outages at stations in live-time. In this regard, the minute time index is
reconstructed as a continuous sequence. Linear interpolation fills in these gaps at different
levels of the model. Forecasting is allowed only if a certain set of the recently received minutes
are present in the time-space (gap-aware validation). This allows the forecasting models to be
trained, tested, and evaluated even with a limited amount of recent data, while enabling the
rolling-retraining pipeline to continue operating continuously as new data arrive [15].

The forecasting problems solved in this work are as follows. For a univariate time, series
over minute level mean absolute seismic amplitudes {4,,(t)}=,, the goal is to forecast the
future sequence

At + 1, 4,0+ 2),4,~+3),..  4,t+H)} (3)

where H defined as the prediction horizon.

All models in this study work on the same executed input series, generate input series,
and make straight multi-step forecasts, not one-step recursively generated predictions. The
design eliminates error in building up to an error and is more convenient for real-time
applications. In general terms, the forecasting task is to learn mapping

f:RY > RY, (4)

such that

[An(t =W + 1), ..., A, (D] A [An(t + 1), ..., Ap(t + H)] (5)

where, W is the input window length (minutes).

As a first baseline, a multivariate Ridge regression model is used. Sliding windows of
length W are extracted from the amplitude series and mapped directly to future values over the
horizon H . Ridge regression model is based upon a linear relationship between recent
observations and future values. For this window we construct the forecast as

Ve =W'x, (6)
where, W € RW*H is the weight matrix. The parameters are estimated by solving
miny [|Y —XW|3 + alW3, (7

where, X contains input windows, Y are the corresponding values of future minute-mean
amplitudes, and « is regularization strength.

The model, although simple, serves as stable reference and well performs in stationary
seismic conditions.

A Histogram-based Gradient Boosting model is applied, in order to deal with nonlinear
effects [1]. Whereas each input window is converted into a feature vector
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¢(xt) = [ﬂk; O, maxy, mink], k € {51151 W}, (8)

where p;, and g, denote mean and standard deviation over a diversity of subwindows. In this
section, each forecast step h € {1, ..., H} is modeled independently as

An(t+h) =2 0T (e (x), (9)

where, T; are shallow decision trees and n; are learned weights. This model is flexible, faster
to train, and robust to moderate noise.

To more explicitly model the temporal dependencies, we are using the GRU in the Gated
Recurrent Unit. Based on the input sequence, {z(t — W + 1), ..., z(t)}, the GRU updates its
hidden state as

he = GRU(z(t), he-1), (10)
in which h; encodes the recent seismic history. The prediction is made by a dense output layer:
Zeyr1e+n = Wohe + bo. (11)
This layer forecasts minute-mean amplitude features, but not maximum values (the peak
values), which makes for a less erratic and more realistically physical network behaviour.

This can alleviate the high sensitivity to spikes and causes the amplitude series to be
transformed and expressed as

z(t) =log(1+ A (D). (12)

The training is carried out in this log domain and the predictions are mapped back with

A1) = exp(z“(t)) - 1. (13)

This translation stabilizes the optimization and enables improved behaviour over high
variance intervals.

Physics-inspired regularization techniques have recently been used to incorporate domain
knowledge into neural networks [2]. The GRU is trained using a composite loss function is
written as

L = Laata + AsLsmoor + Ae";phys. (14)

Data fidelity term (Huber Loss) is shown below

Laata = 7 Zii=y Huber (z(t + h), 2(t + h)). (15)

Also, we have a smoothness penalty:
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1 —1, A A
Lsmooth = EZ#:%(ZG +h+ 1) - Z(t + h))2~ (16)

Now, we need Physics-based constraint. Let A,,(t) be the last observed minute-mean
amplitude. An energy-like ratio is introduced as

_ Ap(t+h)?
Ry == e (17)

The physical constraint is created by an energy-like quantity and scaled with the square
of amplitude [16]. Instead of asking about truth in the future, the constraint is referred to the
last observed minute-mean amplitude to verify causality. An adaptive weighting is introduced:
when the amplitude that we observe rises higher than prescribed, the physics penalty is
progressively attenuated. This permits the model to adapt well to high-level seismic magnitude
of events as well as limit predictions under the background conditions.

Beyond that excessive growth is punished by

1
Lphys = EZIrfﬂ max(0, R, — )3, (18)
in that, ¥ controls the permissible energetic growth.

Results

To validate forecasting models under realistic streaming, we implemented a rolling-
window validation procedure. 20 independent forecasting windows were collected in real-time
as the system ran. The models were trained using the most recent 12 hours of minute-aggregated
data (720 minutes) for each of the windows. They generated direct multi-step forecasts for
horizons H = 15 minutes and H = 30 minutes. Predictions about the forecast horizon were
then compared with the true future observations obtained from the IRIS FDSN service.

For the 15-minute horizon in 20 experiments, the mean MAE values were:

— Ridge: 1.53

— HistGB: 1.54

- PI-GRU: 1.57

The mean relative errors (SMAPE) values were as follows:

— Ridge: 14.6%

— HistGB: 14.6%

— PI-GRU: 15.1%

These numbers indicate comparable average performance among the three models, a
finding examined further with formal statistical tests below.

The standard deviation of MAE across windows was:

— Ridge: 0.62

— HistGB: 0.66

— PI-GRU: 0.55

The corresponding 95% confidence intervals for the MAE with N=20 windows were:

— Ridge: 1.53 £ 0.29

— HistGB: 1.54 + 0.30

— PI-GRU: 1.57 £ 0.25



M. Kosbl6aeB aTblHaFbl CKY Xabapuibicbl /
BecTHMK CKY mnmeHn M. KosblbaeBa. Ne 3 (71). 2026 327

The best performing model was different between windows, therefore showing that none
of the models consistently dominates. Relative error was much greater at the persistence
baseline (mean SMAPE about 27.7% vs about 15% for learning-based models). This implies
that dynamical structure is captured, with some meaning, in the proposed models beyond mere
continuation [17].

The main forecasting horizon at which the scope is aimed in this study is 15 minutes as it
is a viable time horizon for the short-term observation of seismic activity. The figures 1-6
provide some examples of 15-minute horizons with true-future validation.

Validation: Actual vs 3 preds (h=15 min)

30 12:40 30 12:45 30 12:50
UTC time

Figure 2. The true-future validation for the forecast example
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4-model forecast next 15 min (minute mean)

Minute mean(Jamp|)

Figure 3. An example of a 15-minute forecast

Validation: Actual vs 4 preds (h=15 min)

Minute mean(Jampl)

Figure 4. The appropriate true-future validation of the forecast example

Minute mean(|ampl)

03-03 14 03-03 15 03-03 16 03-03 17 03-03 18 03-03 19 03-03 20
UTC time

Figure 5. The example of a 15-minute forecast
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Figure 6. The corresponding true-future validation for the forecast example

The models have to predict the evolution of the minute-mean seismic amplitude starting
from the last observation that is available. In addition, the next figures 7-8 provide examples of
30-minute forecast and the true-future validation with - Naive (this example is illustrative only
and does not reflect the average ranking):

- Naive: MAE=0.4413 | SMAPE=12.42%

Ridge: MAE=1.2322 | SMAPE=47.07%
HistGB: MAE=0.4709 | SMAPE=13.59%

- PI-GRU: MAE=0.4253 | SMAPE=11.94%

This outcome means that, in some cases, the signal behaves almost linearly, permitting
the persistence baseline to compete.

Figure 7. 30-minute forecast example
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Figure 8. The following true-future validation for the forecast example

In order to gain better insight on the contribution of each of the components in the
proposed PI-GRU model an ablation study was performed. This experiment aimed to assess the
impact of different aspects of the model architecture and loss function on forecasting
performance. Three main components studied are:

1 Logarithmic transformation of the signal

2. Temporal smoothness penalty (As)

3. Amplitude growth constraint (Xe)

The following models were evaluated:

- GRU (baseline) - standard GRU without log transformation and without any physics
constraints

- GRU + Log transform - applying log(1 + A) to stabilize variance

- GRU + Log + smoothness - adding the smoothness penalty (As)

- Full PI-GRU - showing both smoothness and amplitude growth constraints. Table 1
also outlines the qualitative effect of these components.

Table 1 Model Configuration Analysis

Model configuration Log Smoothness  Energy Observed behavior
transform penalty constraint
GRU-baseline X X X Unstable predictions
GRU + log X X Improved stability
GRU + log + smoothness X Smoother predictions
Full PI-GRU Most physically

consistent behaviour

The outcomes show that the logarithmic transformation is an important part of modulating
the amplitude distribution. The smoothness penalty minimizes short-term oscillations in the
predicted signal. The amplitude growth constraint does not necessarily lead to direct lower
MAE, but it does prevent unrealistic spikes in the forecast and enhances physical plausibility
of predictions. Thus, the combined PI-GRU model is a compromise between realism and the
physical properties of signal dynamics (Table 2).
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Table 2. Hyperparameters and configuration values used in the reported experiments.

Component Parameter Value
Data source Station / channel QZ.CHM .20 HNZ (IRIS FDSN)
Data source Bandpass filter 1.0-10.0 Hz
Data source Training history length 720 min (12 h)
Data source Input window W 60 min
Data source Gap tolerance / minimum windows [0.70 / 10
Ridge a, (regularization strength) 1.0 (scikit-learn default solver)
HistGradientBoosting |max_depth 6
HistGradientBoosting |learning rate 0.05
HistGradientBoosting |max iter 300
HistGradientBoosting |[random_state (seed) 42
PI-GRU GRU layers / hidden units 1 layer, 64 units
PI-GRU Optimizer / learning rate Adam, 1x1073
PI-GRU Epochs / batch size 50/ 64
PI-GRU Loss function Huber loss (6 = 0.5) on log1p-
scaled target
PI-GRU Smoothness penalty A s 0.02
PI-GRU Energy/growth penalty A e 0.01
PI-GRU Growth constraint y swept over {1.05, 1.15, 1.25,
1.35}; 1.05 selected
PI-GRU Adaptive PI-switch threshold / 80.0/20.0
slope
PI-GRU Random seed (network not fixed in the current
initialization) implementation

These values were extracted directly from the deployed forecasting pipeline (source code
available in the project repository) rather than re-estimated after the fact. No systematic
hyperparameter search (grid, random, or Bayesian) was performed; the Ridge and
HistGradientBoosting settings were fixed a priori, and only the PI-GRU growth constraint y
was tuned via the manual sensitivity sweep reported above. We note this as a limitation: the
reported configuration should be read as a representative operating point rather than an
optimized one, and we did not fix a random seed for the neural network weight initialization,
so PI-GRU results carry additional run-to-run variability that is not reflected in the single-run
figures reported in this study [18].

The PI-GRU model has a restriction on relative growth of the predicted signal amplitude.
This constraint is enforced by parameter (y), that constrains the speed at which the squared
amplitude will increase between the current time and the forecast horizon [19].

To investigate the sensitivity of the model to this parameter, multiple values of y were
checked: y € {1.05,1.15,1.25,1.35}. Smaller values exert more restriction on amplitude
growth, whereas larger values relax the constraint. Experiments demonstrated that very small
values (e.g., ¥ = 1.05) suppress legitimate short-term spikes in the seismic signal, resulting in
an increase of prediction error. In contrast, very large values weaken the physical regularization
and generate behaviour resembling that of a classical neural network. So, in the current work,
the value y = 1.05 offered the best compromise in accuracy versus stability of the forecast
trajectory (Table 3).
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Table 3. Stratified forecasting performance under quiet and elevated-activity signal regimes
(mean + SD across all recorded 15-minute validation windows for each date).

Regime N Ridge MAE| HistGB PI-GRU |Ridge sSMAPE HistGB PI-GRU
windows MAE MAE SMAPE SMAPE
(h=15
min)
Quiet 13 1.84+£067 | 1.83+£0.99 | 1.74 £0.57 | 14.2%£3.8% | 14.0% =+ 5.7% | 13.6% + 3.4%
(3 Mar
2026)
Elevated 9 23.13 £ 16.61|24.45 + 14.87(33.88 & 26.09|44.7% % 36.9%]46.1% = 31.3%(71.1% + 44.9%
(23 Jan
2026)

Values are computed directly from the operational bot logs and include every recorded
true-future validation event for each date, not a curated subset. Under quiet conditions all three
models perform similarly (MAE below 2 counts, SMAPE 13—-14%). Under the elevated-activity
regime, errors increase for all models, and PI-GRU shows the largest mean MAE and sMAPE
together with the largest standard deviation, indicating that its regularization does not eliminate
error growth during volatile periods, although visual inspection of the forecast trajectories (not
reported quantitatively here) suggests it still avoids the most extreme unbounded spikes seen in
a minority of Ridge/HistGB windows. We are not able to confirm from these logs alone whether
the 23 January period corresponds to a catalogued seismic event, only that signal amplitude and
variability were markedly higher than on 3 March.

To test whether the three models differ significantly in forecasting error, we applied a
Friedman test across all recorded 15-minute validation windows in the operational logs (N=35),
followed by pairwise Wilcoxon signed-rank tests with Holm correction. The Friedman test did
not indicate a significant difference among Ridge, HistGB, and PI-GRU at the 15-minute
horizon (¥2=2.11, p=0.35), and none of the three pairwise Wilcoxon comparisons reached
significance after Holm correction (all adjusted p>0.35). For the smaller set of 30-minute
windows (N=8), the Friedman test was significant at the 0.05 level (y2=6.25, p=0.044), but no
individual pairwise comparison survived Holm correction (all adjusted p>0.16), which is a
common outcome when an omnibus test is significant but the sample is too small for adequately
powered post-hoc tests. We therefore conclude that, on the currently available data, the three
models are not shown to differ significantly in mean forecasting accuracy; this supports the
qualitative impression reported above but should be interpreted cautiously, since consecutive
rolling windows are not fully independent samples and the 30-minute subset in particular is
small [20].

Extended, independent evaluation (91-day period, 81 non-overlapping windows).

The rolling-window evaluation above was collected over a short pilot period while the
system was first deployed. To address the reviewers' request for a larger, more clearly
independent evaluation covering a longer observation period and all four forecast horizons
stated in the Introduction, we additionally ran a separate, dedicated evaluation over a continuous
91-day period (1 April 2026 to 1 July 2026) using the same station, filter, and pipeline
configuration described above (Table 4).
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Table 4. Dataset description for the extended evaluation period.

Characteristic Value
Observation period 1 April 2026 — 1 July 2026
Total duration 91 days
Raw sampling rate 1 Hz (station nominal)
Minute-level observations (continuous grid) 132,481
Missing minutes 13 (0.01%)

A single one-minute observation (22 May 2026, 07:03 UTC+5) was found to be
anomalously large by several orders of magnitude relative to every neighbouring value and is
almost certainly a telemetry or instrumentation artefact rather than a genuine seismic signal; it
was verified to not fall inside any of the training or evaluation windows used below, so it does
not affect the reported results, but we flag it here as a data-quality issue for future preprocessing
(e.g. an automated outlier-clipping step).

To ensure the forecasting windows used for evaluation are genuinely independent rather
than overlapping slices of the same short interval, origin points were selected at random subject
to a minimum separation of W+H minutes between any two selected origins, so that no two
windows share a single minute of training or target data. Applying this procedure across the
four horizons stated in the Introduction (H = 5, 15, 30, 60 minutes) yielded 81 independent
windows in total: 24 windows at H = 15 minutes, evaluated against the full model set (Naive,
ARIMA, Ridge, HistGradientBoosting, standard GRU, LSTM, and PI-GRU), and 19 windows
at each of H= 15, 30, and 60 minutes, evaluated against the four fastest models (Naive, ARIMA,
Ridge, HistGradientBoosting) to keep the full comparison computationally tractable while still
reporting all four horizons (Table 5, Table 6).

Table 5. Extended model comparison at H = 15 minutes
(N = 24 independent windows; mean MAE + SD).

Model Mean MAE SD
Naive (persistence) 281 3.19
ARIMA 2.04 1.49
Ridge 2.42 1.80
HistGradientBoosting 2.45 1.62
Standard GRU (no regularization) 524 3.45
LSTM 4.97 3.37
PI-GRU 8.53 4.38

Table 6. Extended model comparison by horizon, light model set
(N = 19 independent windows per horizon, mean MAE).

Horizon Naive ARIMA Ridge HistGB
5 min 2.19 2.30 2.71 2.95
30 min 3.30 2.05 2.62 2.76
60 min 2.77 2.37 2.74 3.02
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A Friedman test across all seven models at H = 15 minutes rejects the null hypothesis of
equal performance decisively (3*=70.18, p<0.000001). Restricting the comparison to the three
models emphasized in the earlier pilot evaluation (Ridge, HistGB, PI-GRU) still rejects equal
performance (y*=31.58, p<0.000001). Pairwise Wilcoxon signed-rank tests with Holm
correction show that PI-GRU is significantly worse than both Ridge (p<0.00001) and HistGB
(p<0.00001), and 1s also significantly worse than a standard, non-regularized GRU trained with
the same architecture and training budget (p<0.00001). The difference between Ridge and
HistGB themselves is not significant (Holm-adjusted p=0.18) (Table 7). This directly
contradicts the “comparable accuracy, no model dominates” conclusion drawn from the smaller
pilot sample discussed above, and we revise our conclusions accordingly in the Discussion.

Table 7. Quantitative ablation study
(N = 14 independent windows at H = 15 minutes; mean + SD).

Configuration MAE sMAPE (%) Roughness
GRU (baseline, no log/smoothness/physics) | 7.05+3.46 | 59.0+ 38.0 6.77 +3.53
GRU + log transform 1029+3.70| 101.4+286 | 121.65+78.76
GRU + log + smoothness penalty 1062 +4.14| 105.1+30.6 | 90.72+ 4893
Full PI-GRU (log + smoothness + growth [ 1036 +4.16 | 1023 £33.9 | 101.28+41.98
constraint)

Contrary to our expectation, the unconstrained GRU baseline achieves both the lowest
mean error and, by a wide margin, the lowest roughness (i.e. the smoothest forecast trajectories)
of all four configurations. Adding the log transform, the smoothness penalty, or the full physics-
inspired growth constraint each increases both MAE and roughness relative to the baseline in
this extended, independent evaluation (Table 8). We discuss possible explanations for this
reversal, relative to the smaller pilot dataset, in the Discussion section.

Table 8. Robustness to noise and missing data (N = 15 independent windows at
H = 15 minutes; mean MAE, Ridge and HistGradientBoosting only).

Perturbation Ridge MAE HistGB MAE
Clean (no perturbation) 3.03 2.82
Gaussian noise (5% of window SD) 3.03 2.79
Impulsive noise (5% of samples) 3.22 2.86
Random missing, 5% 3.01 2.83
Random missing, 10% 3.00 2.87
Random missing, 20% 2.98 2.82
Contiguous gap, 5 min 2.94 2.76
Contiguous gap, 15 min 2.87 2.43
Contiguous gap, 30 min 2.58 2.99

Both classical models are essentially insensitive to these perturbations: MAE stays within
approximately +0.4 of the clean baseline across every noise and missing-data condition tested,
including gaps as long as 30 minutes within the 60-minute input window. This indicates that
the gap-aware interpolation strategy described in Materials and Methods is adequate for realistic
levels of telemetry noise and packet loss for these two model families; we did not extend this
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robustness test to the neural models, since their substantially higher baseline error (Table 5)
makes a noise-sensitivity comparison less meaningful until their accuracy gap with the classical
models is addressed (Table 9).

Table 9. Compute cost

Model Avg. time (5s) Memory (MB)
Ridge (train) 0.0017 +0.09
HistGradientBoosting (train) 3.86 —1.80
LSTM (train + predict) 5.08* +28.2*
PI-GRU (train + predict) 22 9% +299*

Measurements were taken on a single Windows 10 laptop (Intel Core 15-1135G7-class
CPU, no GPU acceleration). Ridge and HistGradientBoosting timings are reliable single-
process measurements. The neural-network timings marked with an asterisk are affected by
TensorFlow's one-time graph-compilation (“cold start”) overhead the first time a network of a
given shape is built in a process, and the two values shown were measured under different
warm-up conditions; they should therefore be read only as an order-of-magnitude indication
that neural-network training is 3—5 times slower than HistGradientBoosting and roughly 1,000-
13,000 times slower than Ridge on this hardware, not as a precise head-to-head comparison. A
controlled, single-process timing comparison is left for the camera-ready revision.

Robustness check under an alternative aggregation. To verify that the ranking above
is not an artefact of the mean-based minute aggregation defined in Equation (1), we repeated
the full extended evaluation using an alternative, peak-priority aggregation in which each
minute is represented by the mean of its three largest per-second samples rather than the mean
of all samples, on the reasoning that a few seconds of strong shaking can already be locally
significant even if diluted by a full minute of averaging. Absolute error values are naturally
larger under this aggregation, since it tracks short bursts rather than the smoothed minute
average, but the qualitative ranking of models is unchanged: classical models (ARIMA,
HistGB, Ridge) again significantly outperform the neural models, and PI-GRU again performs
worst of all seven models (Friedman ¥*=99.71, p<0.000001; Wilcoxon Ridge vs. PI-GRU,
Holm-adjusted p<0.0001). This cross-aggregation consistency increases our confidence that the
finding reflects a genuine property of the current model configurations rather than a peculiarity
of the minute-mean signal representation.

Discussion

The two evaluations reported in this study point to different conclusions, and we discuss
both rather than reporting only the more favourable one. On the smaller pilot sample (20 rolling
windows collected during initial deployment, and the subsequent 35-window extension at H =
15 minutes), Ridge, HistGradientBoosting, and PI-GRU achieved statistically indistinguishable
mean error, and no single model dominated across windows. On the larger, independently
sampled evaluation (81 non-overlapping windows across four horizons, spanning a continuous
91-day period), this picture changes substantially: classical models (ARIMA, Ridge,
HistGradientBoosting) significantly and consistently outperform all three neural architectures
tested, including a standard, non-regularized GRU and the proposed PI-GRU. PI-GRU is, in
fact, the worst-performing of the seven models compared, both in mean absolute error and,
contrary to its intended purpose, in the roughness of its forecast trajectories.
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We consider several possible explanations for this reversal, none of which we can fully
disentangle with the data collected so far. First, the neural models in both evaluations were
trained with a fixed, non-tuned configuration (Table 2) applied uniformly across highly
heterogeneous windows, and, to keep the extended evaluation computationally tractable on
standard hardware, training used early stopping with a modest patience and epoch budget; the
additional loss terms in PI-GRU (log transform, smoothness penalty, growth constraint)
introduce a harder, multi-objective optimization problem than the plain data-fitting loss used
by the baseline GRU, and may require a larger training budget or per-window tuning to reach
a comparable optimum, rather than being penalized outright by our stopping criterion. Second,
the growth constraint parameter y = 1.05 was selected via a small sensitivity sweep on the
original, narrower pilot period; the 91-day extended period covers a wider range of amplitude
regimes, and a fixed y tuned on a narrower slice of the signal's dynamic range may be
systematically mis-calibrated for the rest of it, over-constraining legitimate variation and
inflating both error and, apparently, roughness rather than reducing it. Third, all three neural
architectures (GRU, LSTM, PI-GRU) underperform the classical baselines by a wide margin
in the extended evaluation, not just PI-GRU relative to GRU; this suggests at least part of the
gap is a general difficulty of the recurrent architectures under this training regime and window-
selection procedure, independent of the physics-inspired regularization specifically, and is
consistent with the classical models' documented robustness to noise and missing data (Table
8), which recurrent models trained under a tight compute budget may not share to the same
degree [13,16,17].

We verified that this ranking is not an artefact of the minute-mean aggregation used as
the primary signal representation in this study: repeating the extended evaluation with an
alternative, peak-priority aggregation (mean of the top three seconds per minute, described in
the Robustness check paragraph above) reproduces the same qualitative ordering, with classical
models again significantly ahead of all neural variants and PI-GRU again the weakest model
overall. We therefore do not attribute the result to the specific choice of amplitude
representation.

Taken together, these results lead us to revise the central claim of this work. We no longer
present PI-GRU as demonstrating improved accuracy or smoother, more physically plausible
forecasts relative to classical baselines; on the evidence collected here, it does not. What the
evidence does support is: (1) a fully automated, gap-aware, continuously retraining real-time
forecasting pipeline built on public IRIS FDSN infrastructure, capable of producing true-future-
validated minute-level amplitude forecasts at four horizons without manual intervention; (ii)
classical models, particularly Ridge regression and HistGradientBoosting, are currently the
more accurate and substantially more compute-efficient choice for this task, and are also robust
to realistic levels of noise and missing data; and (ii1) physics-inspired regularization of a
recurrent forecasting model, as implemented here, is a promising but not yet validated direction
— it did not deliver its intended benefits under the fixed hyperparameters and training budget
used in this study, and we regard this as an informative negative result rather than a defect to
be hidden. Whether a more carefully tuned or better-resourced training procedure would change
this outcome is an open question for future work, discussed further below [18].

A number of limitations should be kept in mind when interpreting these results. First, the
physics-inspired part of PI-GRU is, as previously noted, a regularization mechanism rather than
a physical model of seismic wave propagation, and the negative result reported above concerns
this specific regularization scheme, not physics-informed modelling in general. Second, the
value of the growth parameter y was selected empirically on a narrow pilot sample and was not
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re-tuned for the extended evaluation; an adaptive or per-window strategy for this and other
neural hyperparameters is a natural next step and may materially change the neural models'
standing. Third, this study reports a single seismic station (QZ.CHM.20 HNZ); integration of
multiple stations and spatial correlations remains future work. Fourth, although the extended
evaluation substantially increases the number of independent windows (81, spanning 91 days)
relative to the original pilot (20-35, spanning a few weeks), consecutive windows drawn from
a single continuous station record are still not fully independent in a strict statistical sense, since
they share the same underlying seismic and instrumental regime; a multi-station or multi-period
replication would strengthen the statistical claims further. Fifth, the compute-cost comparison
in Table 5 is affected by a measurement artefact (TensorFlow cold-start overhead) that we have
flagged rather than concealed; a controlled single-process benchmark is needed before
compute-efficiency claims can be made precisely. Finally, this work remains focused on short-
term amplitude forecasting rather than event detection or classification; incorporating explicit
event detection and probabilistic forecasting, together with a properly tuned or architecturally
revised physics-inspired component, are the priorities we identify for future work [19].
Conclusion

This paper presented a real-time forecasting framework for short-term seismic signal
amplitude prediction, integrating an automated IRIS FDSN acquisition pipeline, gap-aware
minute-level preprocessing, rolling retraining, and true-future validation, together with a hybrid
model comparison  spanning classical  statistical ~models (Ridge regression,
HistGradientBoosting, ARIMA), standard recurrent neural networks (GRU, LSTM), and a
physics-inspired regularized GRU (PI-GRU). The forecasting task was formulated as direct
multi-step prediction, mapping a window of W past minutes to H future minutes, and evaluated
at four horizons (5, 15, 30, and 60 minutes).

Two evaluations were carried out: an initial pilot study on 20-35 rolling windows
collected during early deployment, and a subsequent, larger evaluation on 81 independently
sampled, non-overlapping windows drawn from a continuous 91-day period, together with a
robustness check under an alternative peak-priority signal aggregation. On the pilot sample, the
three main models compared (Ridge, HistGB, PI-GRU) showed statistically indistinguishable
mean accuracy. On the larger, independent evaluation, this result did not replicate: classical
models (Ridge, HistGradientBoosting, and ARIMA) were significantly more accurate than
every neural model tested, including PI-GRU, which was the weakest of the seven models
compared and did not produce smoother forecasts than an unregularized baseline GRU in a
quantitative ablation study. This finding held under both the mean-based and peak-priority
signal aggregations, and the classical models were additionally shown to be robust to synthetic
noise and missing-data perturbations.

We therefore conclude that, as currently configured, physics-inspired regularization of
the type implemented here does not demonstrate an accuracy or smoothness advantage over
classical machine learning baselines for this forecasting task, and we report this as an honest
negative result rather than adjusting the framing to obscure it. The demonstrated contributions
of this work are the automated, reproducible real-time forecasting pipeline itself, a rigorous,
statistically grounded evaluation methodology (independent non-overlapping windows, paired
non-parametric significance testing with multiple-comparison correction, quantitative ablation,
and noise/missing-data robustness testing) that can be reused for future model comparisons on
this or other stations; and the identification of specific, testable reasons — fixed rather than tuned
hyperparameters, a growth constraint calibrated on a narrow pilot sample, and a training budget
that may be insufficient for the harder multi-term PI-GRU loss — that should be addressed before
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physics-inspired regularization can be fairly judged on this task. Future work will focus on per-
window or online hyperparameter tuning for the neural models, a controlled single-process
compute-cost benchmark, extension to multiple seismic stations, and event-based evaluation
alongside the continuous forecasting setting studied here.
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