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ABSTRACT

Background. Climate-related hazards require early warning systems to combine
heterogeneous environmental observations, detect anomalous spatiotemporal patterns, and
disseminate warning signals to stakeholders. Existing solutions separate software
architecture, anomaly-detection models, and decision logic to transform deviations into early

signals.

Materials and Methods. The study develops a cloud-agnostic intelligent monitoring
architecture for early warning systems, supported by ML-based anomaly identification and
decision support. A hierarchical anomaly model is introduced for climate zones, areas, and
regions. It evaluates four types of evidence: deviation from normal state, consistency with
neighboring regions, consistency with parent area, and the influence of contextual factors.
The method combines region-specific detector training, multi-component anomaly scoring,
persistence-based warning confirmation, and CEP-based escalation. A synthetic
spatiotemporal climate graph was used to compare the Robust Z-score statistical method,
the Isolation Forest anomaly-detection algorithm, the One-Class Support Vector Machine
method, and the proposed HCOIM-EWS method, where HCOIM-EWS denotes Hierarchical

Context-Orchestrated Intelligent Monitoring for Early Warning Systems.

Results and Discussion. The proposed architecture integrates ML-based detector
selection, region-specific training, hierarchical anomaly scoring, CEP-based warning
logic, and notification distribution. In simulation, HCOIM-EWS achieved the lowest false-
alarm count while maintaining comparable event-level recall. Compared with Robust Z-
score, Isolation Forest, and One-Class SVM, the proposed method reduced false alarms
by 55.0%, 22.6%, and 49.7%. The method is suitable for warning-oriented intelligent
monitoring, where operational reliability and false-alarm reduction are as important as

point-level sensitivity.

Conclusion. The proposed method extends anomaly detection in early warning systems
from isolated local time-series analysis to hierarchical, context-aware, and event-driven
intelligent monitoring. This confirms the technical feasibility of the architecture and justifies

its use as a reusable template for climate-risk monitoring platforms.

Keywords: anomaly detection, early warning systems, intelligent monitoring, cloud-

agnostic architecture, complex event processing, machine learning.
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INTRODUCTION

Early warning systems (EWSs) are key instruments of disaster risk reduction because
they support timely monitoring, forecasting, communication, and coordinated response to
hazardous events [1].

Anomaly detection identifies patterns that deviate from expected behavior, including
outliers, novelties, exceptions, or potentially dangerous states [2, 3]. In environmental and
meteorological settings, anomaly detection becomes a basis for identifying deviations that
may precede floods, storms, droughts, heatwaves, or other natural hazards [3]. Recent ML-
based studies also demonstrate the growing role of artificial intelligence in modeling
extreme weather events, quality control of meteorological observations, and heavy-rainfall
observation analysis [4-6].

This paper uses weather singularities as a motivating class of climate-related
deviations and studies their identification through hierarchical anomaly monitoring.
Regardless of terminology, the core problem is how to build a scalable system that ingests
heterogeneous climate signals, synchronizes them in time and space, trains and deploys
multiple anomaly detectors, and transforms anomaly evidence into actionable warning
signals.

Recent studies show that EWSs are moving from isolated forecasting tools to modular,
digital, and intelligent architectures [7], with an emphasis on interoperability, resilience,
governance, and integration of analytical and distributive workflows [8, 9]. Their practical
implementation increasingly relies on scalable big data processing, automated machine
learning, and climate zone segmentation to support distributed model training and region-
specific analysis [10—12]. At the same time, anomaly detection in environmental monitoring
is evolving from purely local time series analysis to spatiotemporal and context-dependent
formulations, where a local anomaly is interpreted in relation to neighboring regions and
broader climate regimes [13-15].

In this study, intelligent monitoring is understood as a continuous process that
combines data acquisition, anomaly identification, contextual interpretation, and warning-
oriented decision support. Such a perspective is consistent with recent work on intelligent
monitoring, optimization of analytical pipelines by machine learning and genetic algorithms,
and scenario-based environmental modeling [16—18].

This work addresses the lack of an integrated cloud-agnostic intelligent monitoring
architecture that combines ML-based anomaly identification, warning-oriented decision
support, hierarchical anomaly modeling, and EWS reference architecture. The objective is
to develop and evaluate a cloud-agnostic intelligent monitoring architecture supported by
the author-defined HCOIM-EWS method, which connects ML-based anomaly detection,
warning-oriented decision logic, and reusable deployment principles for early warning
systems. In this study, HCOIM-EWS denotes Hierarchical Context-Orchestrated Intelligent
Monitoring for Early Warning Systems and is not used as a standardized or officially
established IT-industry term. The study demonstrates the feasibility of the method through
simulation on a synthetic hierarchical climate graph. The main contributions are: (i) a formal
hierarchical anomaly model for climate-anomaly monitoring; (ii) the author-defined HCOIM-
EWS method for transforming anomaly candidates into warning-level evidence; (iii) a
simulation-based comparison with three baseline anomaly-identification methods; and (iv)
a cloud-agnostic reference architecture for early warning systems.

MATERIALS AND METHODS

The proposed solution assumes a hierarchically organized monitored space
composed of climate zones, areas, and regions. For each region, the system maintains
synchronized multivariate observations, local and neighboring context, and higher-level
climatic aggregates. The event-driven cloud-agnostic architecture integrates distributed
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APIs, Kafka, Big Data storage and preprocessing, AutoML training, and CEP-based
warning fusion.

Problem formulation and decision-support objective

The problem addressed in this study is the detection of anomalous deviations
associated with weather singularities that may serve as early indicators of natural hazards.
Unlike conventional forecasting systems focused on isolated regional observations, the
proposed method assumes that weather conditions in a given region may be influenced by
patterns observed in neighboring regions and broader climatic domains. Accordingly,
anomaly detection should not be restricted to a single local time series but should
incorporate both vertical scaling across broader and narrower climatic levels and horizontal
orchestration across adjacent regions.

Formal hierarchical anomaly model

Let R denote the set of monitored regions, A — set of climate areas, and Z — set of
climate zones. For each region r € R and time moment t, the monitoring system observes
a synchronized multivariate environmental vector x,.(t) € R™. Let N(r) denote the set of
horizontally neighboring regions and P(r) denote the parent climatic area or zone
associated with region 7.

The normal behavior of a region is represented by the expected state vector x;:(t),
estimated from historical synchronized observations, temporal context, and higher-level
climatic context. We define a regional anomaly as a deviation that simultaneously affects
at least one of four dimensions: local deviation, horizontal coherence, vertical coherence,
or contextual stress, which represents deviation of external environmental drivers from their
expected baseline:

Dioe(r,t) = |12y () = 2 ()] s, (1)

where X, is the covariance matrix of normal regional behavior,

N(r)
1
Dhor(r' t) = |N(T‘)| nZl Wrnllxr(t) - xn(t)llz: ()

where w,.,, is the strength of spatial linkage between neighboring regions,
Doer (r,8) = |5 (®) = gpn @], (3)
where gp (t) is the aggregated climatic state of the parent area or zone,
Detx(r, 1) = [ler (8) = G (I, (4)
where c,(t) is a vector of contextual drivers and ¢, is its expected baseline,
A(r,t) = a Dioc(r,t) + B Dpor(1,t) + ¥ * Dyer(1r,t) + & * Degx (1, 1), (5)
where a+f+y+6d=1, and ,5,y,6 = 0. A point is marked as a local anomaly

candidate if A(r,t) > T,; a warning is generated only after persistence and cross-region
confirmation rules are satisfied within a sliding time window H.

EnekTtpoHika Ta iHpopmauinHi TexHonorii « 2026 « Bunyck 34 67



Vasyl Lyashkevych, Yurii Marchuk, Petro Kulyk et al.

The score is an operational monitoring indicator for warning-oriented decision logic,
not a replacement for physical meteorological forecasting models.

Proposed HCOIM-EWS anomaly identification method

To operationalize the formal anomaly model, the author-defined method Hierarchical
Context-Orchestrated Intelligent Monitoring for Early Warning Systems (HCOIM-EWS) is
proposed. In this paper, HCOIM-EWS is used as the author’s designation for a hierarchical
context-orchestrated intelligent monitoring method for early warning systems, not as a
standardized, generally accepted, or official IT-industry term. It integrates machine
learning-based anomaly identification, hierarchical contextual interpretation, and warning
decision rules. It considers:

e multi-source ingestion and synchronization of environmental data streams through
APIs, Kafka topics, and storage services;

e construction of region-level, area-level, and zone-level feature spaces with explicit
horizontal and vertical linking;

e construction and periodic retraining of region-specific anomaly detectors using
synchronized multivariate feature vectors, baseline estimation, unsupervised
anomaly scoring, and warning-oriented threshold calibration;

¢ online inference for each region with computation D;,., Dpor, Dyer, @and D ty;

e aggregation of local anomaly events in the CEP layer to identify warning templates
based on persistence, neighborhood support, and hierarchical escalation;

¢ dissemination of warning signals to the alert subsystem, dashboards, and external
stakeholders.

Thus, HCOIM-EWS transforms ML-based anomaly candidates into operational

warning events through hierarchical context and decision logic.

Machine learning model construction

The machine learning component was constructed as a region-specific anomaly
identification pipeline. The objective was to adapt anomaly scoring to each region and
interpret local results in spatial and hierarchical contexts.

For each monitored region r, the input data were represented as a synchronized
multivariate environmental vector:

X (8) = [0 (), X 2(0), ooy Xy (D], (6)

where x,.(t) describes synchronized environmental and contextual variables.

In the simulation, each region had 720 synchronized observations. These
observations were used to estimate the baseline behavior of each region and to train or
calibrate anomaly detectors.

The procedure included the stages summarized in Table 1. The ML component
consists of a region-specific anomaly identification layer and a warning-oriented decision
layer. The first layer detects candidate deviations, while the second layer determines
whether these deviations are persistent, spatially supported, and sufficiently meaningful to
generate an early warning. To clarify how the machine learning component was
constructed, Table 1 summarizes the model-building procedure used in the proposed
method.

Table 1 shows that HCOIM-EWS extends point-level anomaly detection with
horizontal, vertical, contextual, and CEP-based confirmation mechanisms.
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Table 1. Machine learning model-building procedure

Stage Input Operation Output
Data Hetgrogeneous Time alignment, grouping by Sy.nchronlzed
o environmental . o regional feature
synchronization : region, normalization
observations vectors
Baseline Historical regional Estimation of expected Reglon-spemflc
S . : : normal behavior
estimation observations regional behavior
model
Baseline Robust Z-score method,
Normalized feature Isolation Forest algorithm, Comparative
detector
: vectors and One-Class SVM anomaly scores
construction
method
Author-defined . : .
Regional, neighboring, . Aggregated
HCZLI\S;EWS parent-level, and Computaglon O;Dl"c’ Dror. anomaly score
: contextual features B e A(r,t)
construction
Thresholding Anomaly scores Quantlle-baseq threshold Local qnomaly
selection candidates
Warning Local anomaly CEPIES, per3|stence Warning-level
- . check, spatial and
decision candidates anomaly events

hierarchical confirmation

Cloud-agnostic EWS workflow

At the application level, the proposed early warning system is organized as a pipeline
that transforms heterogeneous environmental data into warning-oriented information
products. The workflow begins with data acquisition and normalization, continues with
regional forecasting and anomaly detection, and ends with complex event processing and
signal dissemination to end users and response services.

Simulation design

Anomalies that appear weak or noisy at one spatial scale may become interpretable
when neighboring regions and parent climatic structures are considered together.
Vertical scaling moves from smaller territorial units toward larger climatic aggregations
and back, allowing the monitoring system to assess whether local instability is consistent
with broader climatic states.

Climate regimes motivate the hierarchical grouping of regions. The Képpen-—
Geiger classification supports this conceptual partitioning and justifies region-specific
models.

Horizontal and vertical orchestration evaluate the target region along with
neighboring regions for anomaly interpretation. This is important when the local signal
needs to be amplified, attenuated, or contextualized using spatial coherence (Fig. 1).

Fig. 1 shows how the target region is compared with adjacent regions. If the target
region deviates while neighboring regions remain stable, the system may treat the
signal as a local anomaly candidate. If the deviation is also supported by neighboring
regions, the anomaly evidence becomes stronger and may contribute to warning-level
escalation.
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A2R1
A1R1 A2R2
A1R2 > A1R2
A1R4 A2R3
Results of anomaly detection in
A1R3 weather singularity

Weather condition
orchestration of target ATR2

Fig. 1. Horizontal orchestration of a target region and neighboring regions for spatial coherence assessment.
Source: developed by the authors

To test the feasibility of the anomaly model and the proposed monitoring method, a
synthetic spatiotemporal climate graph was generated for 36 regions organized into 3
zones x 3 areas X 4 regions. Each regional time series contained 720 synchronized
observations and combined seasonal structure, local trend, global climatic oscillation,
zone-specific variation, area-specific variation, and random noise.

In this study, the synthetic spatiotemporal climate graph is understood as an artificially
generated hierarchical model of climate zones, areas, and regions. Each region is
represented as a graph node with a synchronized environmental time series, while links
between nodes describe spatial neighborhood relations and membership in higher climatic
levels. This representation allows controlled generation of normal states, injected
anomalies, and ground-truth anomaly episodes for comparative evaluation of anomaly-
identification methods.

Four anomaly types were injected into the synthetic environment:

¢ local spikes;

e regional drifts affecting all regions inside an area;

¢ hierarchy breaks where one area diverged from its zone-level regime;

¢ latent-driver anomalies affecting multiple semantically related regions.

In total, 33 anomaly episodes were injected and used as ground truth.

Four approaches were compared: the Robust Z-score statistical method, the Isolation
Forest anomaly-detection algorithm, the One-Class SVM method, and the proposed
author-defined HCOIM-EWS intelligent monitoring method.

All diagrams, workflows, algorithms, and architecture figures presented in this paper
were redrawn and unified by the authors. Figures based on external concepts are explicitly
marked as “developed by the authors based on [source]”, while fully original figures are
marked as “developed by the authors”.

RESULTS AND DISCUSSION

Anomaly model simulation

The simulation inspected whether the model distinguishes isolated local deviations
from spatially and hierarchically meaningful warning patterns. The synthetic climate graph
contained 36 monitored regions arranged into 3 zones, 9 areas, and 36 regions. For each
region, a synchronized multivariate time series of 720 observations was generated. Each
observation included seasonal variation, local noise, regional trend, zone-specific climatic
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oscillation, area-level variation, and contextual drivers. Table 2 summarizes the main
configuration parameters of the synthetic simulation environment.

Table 2. Configuration of the synthetic simulation environment

Value used in

Parameter simulation Purpose
Number of climatic zones 3 Representation of broad climatic regimes
Number of climatic areas 9 Intermediate aggregation level
Number of regions 36 Region-specific anomaly detection
Regions per area 4 Local spatial neighborhood construction
Observations per region 720 Synchronized time-series simulation
-L%fel:\?gtiig?gl 25,920 Complete synthetic monitoring dataset
Number qf input 6 Multivariate environmente_zl and contextual
dimensions representation
I ) Eneily 33 Ground truth for event-level validation

episodes

Robust Z-score method, Isolation Forest
Compared methods 4 algorithm, One-Class SVM method,
HCOIM-EWS method

Warning-level rather than point-level

Evaluation unit Anomaly episode validation

The generated observations were used to compute four partial anomaly components:
local deviation, horizontal deviation, vertical deviation, and contextual stress. The local
deviation component reacted to abrupt changes in a single regional signal. The horizontal
component evaluated whether the target region remained coherent with neighboring
regions. The vertical component measured whether the region was consistent with its
parent climatic area or zone. The contextual component represented abnormal pressure
caused by external or latent drivers. The final anomaly score combined these components
using weighted aggregation and a region-specific threshold estimated from baseline
observations.

The injected anomalies were designed to activate different components of the
proposed anomaly model. Table 3 shows the relationship between anomaly type, spatial
scope, expected dominant anomaly component, and warning-level interpretation.

The design supports component-level inspection because different anomaly classes
should activate different evidence patterns.

The simulation confirmed that the four-component anomaly model produces more
interpretable warning evidence than a purely local detector. Local spikes were mainly
reflected by the local deviation component. Regional drifts increased both local and
horizontal components. Hierarchy breaks were most clearly reflected by vertical
incoherence. Latent-driver anomalies increased contextual stress and produced spatially
distributed but semantically coherent deviations. Therefore, the model can explain not only
that an anomaly occurred, but also which type of spatial, hierarchical, or contextual
inconsistency contributed to the warning signal.
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Table 3. Injected anomaly types and expected response of the proposed anomaly
model

Anomaly ; Expected dominant : : .
type Spatial scope component Warning-level interpretation
Lo_cal Single region Local deviation, Dy, e, _abrupt rEgfene]
spike disturbance

Local deviation and
horizontal coherence, Dy,
+ Dhor

Regional  All regions inside
drift one area

Gradual area-level
instability

Inconsistency between the

FISEreny | QI e ehegee Vertical coherence, D,,,, area and the parent climatic

break from its zone X
regime
Latent- : Contextual stress and  Distributed anomaly caused
X Several semantically . X
driver . horizontal coherence, D, by hidden contextual
related regions
anomaly + Dpor pressure

The most important observation is that not every detected point anomaly should be
escalated into an early warning. In the proposed model, an event is escalated only when
the anomaly score remains persistent within a sliding window and is supported by
neighboring regions, parent climatic structures, or contextual drivers. This makes the model
suitable for early warning systems, where excessive sensitivity to isolated outliers may
produce many false alarms and reduce trust in the warning service.

The model was inspected at the component level to check whether each component
contributes distinct anomaly evidence.

The local deviation component was sensitive to abrupt single-region changes and
therefore provided fast initial detection. However, this component alone was not sufficient
for warning-level decisions because local noise, sensor artifacts, or short-term weather
fluctuations may also produce high local anomaly scores. The horizontal coherence
component reduced this limitation by comparing the target region with neighboring
regions. If the deviation was not supported by spatial context, the probability of escalation
decreased. This behavior is important for suppressing spatially inconsistent noise. An
ablation-style inspection showed the expected behavior of the model (Table 4).

Table 4. Component-level inspection of the proposed anomaly model

Model variant ez Expected strength Expected limitation
components
Local-only model Dy Fast _reactlon tp gbrupt High s.ensmwty to noise
regional deviations and isolated outliers
Local + D +D Suppression of spatially ~ Weaker interpretation of
horizontal model Hoe™ oo inconsistent false alarms hierarchy-level deviations
Local + Detection of

Dyyet Dpor + Limited explanation of

horizontal + inconsistencies between

vertical model Doer regions, areas, and zones L EEIER GG
Full HCOIM- Dioe + Dport Balanced warning-level Requires calibration of
EWS model Dyert Doyt detection with reduced weights, thresholds, and
CEP rules false alarms CEP rules
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The vertical coherence component evaluated whether regional behavior was consis-
tent with the parent’s climatic area or zone. This component was especially useful for
hierarchy-break anomalies, where a local or area-level pattern diverged from the broader
climatic regime. The contextual stress component captured abnormal influence from
external or latent drivers. It was useful in cases where several regions changed in a
coordinated way, but the change was not fully explained by local or neighboring time-series
behavior.

The inspection confirms that each additional component contributes to a distinct type
of monitoring evidence. The local component provides initial sensitivity, the horizontal
component checks spatial support, the vertical component evaluates hierarchical
consistency, and the contextual component captures external or latent pressure. CEP rules
then transform the aggregated anomaly score into warning-level evidence.

Thus, the weighted anomaly score is a warning-oriented evidence function rather than
a universal meteorological risk index.

Anomaly detection method implementation

The HCOIM-EWS method was implemented as a sequence of data-processing,
model-training, inference, and warning-aggregation operations aligned with the proposed
cloud-agnostic architecture (Fig. 2). The implementation assumes that each monitored
region has its own synchronized data stream, historical baseline, neighboring regions, and
parent climatic area or zone.

At the ingestion stage, heterogeneous environmental inputs are collected through
distributed APIs and transformed into unified time-indexed observations. Missing or
delayed values are handled through time alignment, caching of the last valid values, and
normalization by input type. The resulting observations are written to the storage layer and
also published as events for online inference.

At the feature-construction stage, the system builds three connected feature spaces:
region-level features, neighborhood-level features, and parent-level climatic aggregates.
Region-level features are used to estimate local deviation. Neighborhood-level features are
used to estimate horizontal coherence. Parent-level aggregates are used to estimate
vertical coherence. Contextual drivers are represented as an additional feature vector and
compared with their expected baseline.

Fig. 2 shows that HCOIM-EWS separates local anomaly candidate generation from
the final warning generation. This separation prevents local anomaly candidates from being
treated as warnings without persistence and spatial support.

At the training stage, region-specific models are trained or calibrated on synchronized
baseline observations. The Robust Z-score statistical method estimates robust statistical
deviation, the Isolation Forest anomaly-detection algorithm learns isolation-based
abnormality, the One-Class Support Vector Machine method estimates the boundary of
normal behavior, and the proposed HCOIM-EWS intelligent monitoring method constructs
a multi-component anomaly score from local, horizontal, vertical, and contextual evidence.
In a production environment, this stage can be implemented through AutoML services that
periodically retrain region-specific models and update thresholds.

At the online inference stage, each new observation is processed as follows:

e receive synchronized observation for region r at time t;
compute local deviation D,,. using the regional baseline;
compute horizontal deviation D,,,, using neighboring regions N(r);
compute vertical deviation D,,, using the parent climatic aggregate P(r);
compute contextual stress D, using contextual drivers;
calculate the aggregated anomaly score A(r, t);
compare A(r, t) with the region-specific threshold ,;
publish a local anomaly event if the threshold is exceeded;
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?

[ collect enviranmental data from distributed APIs |

[ Synchronize time series by region and input type \
‘: Normalize observations and store baseline data |
: Build region-level feature vector \ Build neighborhood feature vector | Build parent area/zone aggregate _‘l | Build contextual driver vector
| Estimate local baseline | \ Estimate horizontal coherence | | Estimate vertical coherence \ Estimate contextual baseline |
[ Train or update region-specific anomaly models |
( Receive new observation x_r(t)

|. Compute D_loc(rt) |

<

| Compute D_hor(r,t) |

-

|: Compute D_ver(r,t) \

| Compute D_ctx(r,t) |
: Calculate A(r,t) = alpha*D_loc + beta*D_hor + gamma*D_ver + delta*D_ctx
;—m" A(r,t) > tau_r? E—Jr
| Publish local anomaly event | | Store normal monitoring state
| Apply CEP rules
"'fi Persistence and spatial support confirmed? ui
| Generate warning event Store as nor lated anomaly

v

‘ Send alert to dashboard and stakeholders |

I

>

o

Fig. 2. Implementation flow of the HCOIM-EWS method from data ingestion to warning generation. Source:
developed by the authors

e apply CEP rules for persistence, neighborhood support, and hierarchical

escalation;

e generate a warning event only when the escalation conditions are satisfied.

The implementation separates ML-based anomaly candidate generation from
warning-level decision-making. This separation is essential for early warning systems
because a point anomaly is only a signal candidate, whereas a warning must be persistent,
spatially supported, and operationally meaningful. As a result, HCOIM-EWS acts not only
as an anomaly detector but also as an intelligent monitoring method that transforms local
deviations into structured warning evidence.
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Validation protocol

The validation protocol was designed to evaluate the proposed method from the
viewpoint of warning management rather than only point-level anomaly classification. This
distinction is important because an early warning system should not simply maximize the
number of detected abnormal points. It should detect meaningful anomaly episodes while
minimizing false alarms and maintaining acceptable detection delays. Fig. 3 summarizes
the validation procedure: synthetic graph generation, normal data simulation, anomaly
injection, method comparison, and event-level evaluation.

? 3 zones m

) 9 areas
36 regions

Generate synthetic climate graph -
\ Y,
720 observations per region

A

-

Generate normal multivariate time series |

¢ Local spikes 7

. - | Regional drifts
L Inject anomaly eplsodes_'_} Hierarchy breaks

l Latent-driver anomalies

L

Define ground-truth anomaly intervals \

™ N e N

4 Run Robust Z-score | Run Isolation Forest | Run One-Class SVM

Convert point detections into event-level outputs

Measure recall |
Measure detection delay \
\_ Y,

| Count false alarms
. A

/ b

Interpret warning-management suitability
N /

®

Fig. 3. Validation protocol for event-level evaluation of the HCOIM-EWS method. Source: developed by the
authors

™

The main evaluation unit was an anomaly episode rather than an isolated anomalous
point. An injected episode was counted as detected if at least one warning was generated
within the allowed time window. Detection delay was calculated as the difference between
the start of the injected episode and the first corresponding detection. False alarms were
counted when the method generated warning-level events outside the ground-truth
anomaly intervals.
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HCOIM-EWS achieved the lowest false-alarm count while preserving a recall level
comparable to the best baseline methods. This confirms that the proposed method is
suitable for warning-oriented monitoring, where the operational cost of excessive false
positives is high.

Simulation-based comparison of four methods

The compared methods were evaluated from the perspective of warning-level anomaly
detection. Therefore, the evaluation focused not only on whether anomalous points were
detected, but also on whether complete anomaly episodes were identified with acceptable
delay and a limited number of false alarms. Table 5 summarizes the threshold quantile
used for each method, event-level recall, average detection delay, and the number of false
alarms generated during the simulation.

Table 5. Simulation results for the compared methods

2;3%223? Threshold quantile Event-level recall Detection delay False alarms
Robust Z-score 0.960 0.641 2.88 160
Isolation Forest 0.975 0.641 6.20 93
One-Class SVM 0.985 0.667 2.65 143

HCOIM-EWS 0.975 0.641 3.16 72

HCOIM-EWS achieved the lowest false-alarm count while preserving recall
comparable to Robust Z-score and Isolation Forest. One-Class SVM had slightly higher
recall but much more false alarms. Thus, the proposed method provides a more balanced
warning-management profile, prioritizing stable and context-supported warning generation
rather than sensitivity to isolated anomalous points. This behavior is especially important
for early warning systems, where excessive false positives may reduce user trust and
overload downstream response services.

The compared ML models were constructed on the same synchronized feature space,
but they differed in the way anomaly evidence was interpreted. The Robust Z-score
statistical method evaluated deviations from a robust statistical baseline. The Isolation
Forest anomaly-detection algorithm identified observations that were easier to isolate in
the feature space. The One-Class SVM method estimated the boundary of normal
behavior. The proposed author-defined HCOIM-EWS intelligent monitoring method
extended this point-level logic by adding spatial, hierarchical, and contextual interpretation.

To make the comparison more explicit, Table 6 presents the relative false-alarm
reduction achieved by HCOIM-EWS in comparison with the baseline approaches.

Table 6. Relative improvement of HCOIM-EWS by false-alarm reduction

Baseline approach False ala_rms of False alarms of Absoll_Jte Relati_ve
baseline HCOIM-EWS reduction reduction
Robust Z-score 160 72 88 55.0%
Isolation Forest 93 72 21 22.6%
One-Class SVM 143 72 71 49.7%

Thus, HCOIM-EWS mainly improves operational reliability by reducing false warnings.
Table 7 summarizes the operational interpretation of these results.
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The method is therefore best interpreted as a balanced warning-management method,
not as the most sensitive point detector.

Cloud-agnostic intelligent monitoring reference architecture for EWS

The proposed cloud-agnostic architecture treats anomaly identification and warning
generation in EWSs as a sequence of distributed events and analytics operations rather
than as a monolithic forecasting task. The monitored climate space is partitioned into
zones, areas, and regions. Vertical and horizontal orchestration of those partitions allows
the monitoring system to interpret local instability in a broader climatic context and to scale
to hundreds of region-specific models.

Table 7. Operational interpretation of model-evaluation results

Best-performing

Evaluation aspect method

Interpretation

Lowest false-alarm count  HCOIM-EWS Best warning-management reliability

Highest sensitivity, but with high false-

Highest event-level recall One-Class SVM
alarm burden

Shortest detection delay One-Class SVM Fastest detection in the simulation

Lowest delay among
methods with low false HCOIM-EWS
alarms

Balanced compromise between delay
and false-alarm reduction

Most suitable for warning-oriented

Best operational trade-off HCOIM-EWS . e .
anomaly identification

The reference architecture consists of five logical layers: data acquisition, event and
storage infrastructure, ML training and inference, warning decision support, and alert
dissemination. In this interpretation, the architecture is not only a reference software design
but also a practical implementation environment for intelligent monitoring: Kafka provides
asynchronous event exchange, Spark-based processing supports scalable feature
preparation, AutoML manages model training and retraining, and CEP converts anomaly
evidence into warning-level decisions [10, 11].

Region-specific anomaly detectors publish local anomaly events that are aggregated
by the context orchestration and CEP layers. Confirmed warning events are disseminated
to dashboards, notification services, emergency services, and user-facing applications,
reflecting the role of communication and response capacity in effective EWSs [19, 20].

Because environmental inputs differ in update periods, quality, and temporal
resolution, the architecture performs time alignment, value reconciliation, caching,
grouping, and normalization before training and inference.

The training contour includes historical data storage, feature preparation, model
training, model registry, threshold calibration, and deployment to online inference services.
Cloud-agnostic deployment is achieved by using provider-independent components such
as containerized services, Kubernetes orchestration, Spark-compatible processing, object
or distributed storage, and event streaming.

Fig. 4 presents the proposed reference architecture as an implementation template
for HCOIM-EWS. The architecture is cloud-agnostic, meaning that its components can be
deployed in public, private, or hybrid cloud environments without dependence on the
proprietary services of a particular cloud provider.
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Fig. 4 shows how regional anomaly identification, hierarchical context orchestration,
CEP-based warning confirmation, and alert dissemination are connected in one cloud-
agnostic monitoring architecture.

The study has several limitations. The validation was performed on synthetic data,
which allows controlled inspection of anomaly types but does not fully reproduce the
complexity of real climate and sensor data. The thresholds and weights of the anomaly
score were selected for simulation purposes and require calibration on historical
observations. In addition, the proposed architecture was evaluated conceptually and
through simulation rather than through full industrial deployment. These limitations define
the next stage of validation, which should include calibration on real historical climate
observations, testing on streaming sensor data, sensitivity analysis of weights and
thresholds, and evaluation in a pilot deployment scenario.

% Data Acquisition Layer |27 HCOIM-EWS decision-support layer
[ Environmental ] [Sensor gateways} [Exlema\ clwmals] o Local deviation Dy,
services

Horizontal coherence Dy,
Vertical coherence Do,

r——)[ Contextual stress D,

/;//J —

) Event and storage infrastructure

Kafka event bus Big Data Spark-compatible Feature
storage prucessmg store

Hierarchical context
orchestration

[ ‘CEP warning confirmation ]

{ C/ML training and inference layer l <] Alert dissemination and monitoring layer l
1 |

[ Historical baseline estimation ] [ AutoML training and retraining ]

Emergency User-facing Monitoring Notification
services applications dashboard service

Model registry [
[ Online anomaly inference services ]—I-/JJ

Fig. 4. Cloud-agnostic HCOIM-EWS reference architecture connecting environmental data acquisition, event
streaming, ML training and inference, hierarchical context orchestration, CEP-based warning
confirmation, and alert dissemination. Source: developed by the authors

Evidence and audit log ]

CONCLUSION

This paper proposed a cloud-agnostic intelligent monitoring architecture for climate
anomalies in early warning systems, supported by an integrated ML-based anomaly-
identification and decision-support method. The architecture combines a formal
hierarchical anomaly model, region-specific anomaly detector training, warning-oriented
decision logic, the author-defined HCOIM-EWS method, and a reusable cloud-agnostic
reference architecture.

The proposed anomaly model integrates local deviation, horizontal coherence, vertical
coherence, and contextual stress. These components allow the system to distinguish
isolated local deviations from spatially and hierarchically meaningful warning patterns. The
HCOIM-EWS method operationalizes this model by transforming local anomaly candidates
into warning-level evidence using persistence, neighborhood support, hierarchical
consistency, and CEP-based escalation rules.

Simulation on a synthetic climate graph with 36 regions and 33 injected anomaly
episodes showed that the author-defined HCOIM-EWS intelligent monitoring method
achieved the lowest false-alarm count at a comparable event-recall level relative to the
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Robust Z-score statistical method, the Isolation Forest anomaly-detection algorithm, and
the One-Class SVM method. The proposed method reduced false alarms by 55.0%
compared with the Robust Z-score statistical method, 22.6% compared with the Isolation
Forest anomaly-detection algorithm, and 49.7% compared with the One-Class SVM
method, while preserving comparable event-level recall.

The obtained results confirm that the proposed method is suitable for warning-oriented
anomaly identification, where false-alarm reduction, contextual interpretation, and decision-
support reliability are as important as point-level anomaly sensitivity. Future work should
include validation on real historical and streaming climate data, calibration of thresholds
and CEP rules, integration of data- and model-drift management, and extension of XAl and
MLOps mechanisms for industrial-scale early warning systems.
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XMAPHO-HE3AJIEXXHA APXITEKTYPA IHTEJNIEKTYAJNIbHOIO
MOHITOPUHIY KNIMATUYHUX AHOMATIA Y CUCTEMAX PAHHbLOIO
NOMNEPEMXXEHHA

Bacunb Jlawkesu4*, FOpiti Map4yk, lTempo Kynuk,
AHOpit NamuHko, Tapac Kepod

Jibsiecbkuli HayioHanbHUl yHieepcumem imeHi lIeaHa ®paHka,
syn. [pazomaHosa, 50, Jlseis, 79005, YkpaiHa

AHOTALUIA

BcTyn. Knimatuuni HeGesnekn BuMaraTb CUCTEM PaHHLOTO NMOMEPEKEHHS, 30aTHUX
noegHyBaTU reTeporeHHi CnoCTepeXeHHA 3a CTaHOM [OBKiNMsSA, BUSBNATM aHoOManbHi
NpoCTOPOBO-4acoOBi  3aKOHOMIPHOCTI Ta nepedasBaTW  nonepemkKyBasibHi  CUrHanu
3auikaBneHnMm cTtopoHaMm. HasiBHi pilleHHs 4acTo pO3AiNslTb NPOrpamHy apxiTekTypy,
mMoaeni BUABNEHHA aHoManiv i Noriky NPUMHATTS pilleHb, SKka NepeTBOPIOE BIAXUMNEHHS Ha
PaHHi curHanm.

MaTtepianu Ta meToaun. Y gocnigkeHHi po3pobneHo XMapHO-He3anexHy apXiTektypy
iHTEeNeKTyanbHOro MOHITOPUHIY ANs CUCTEM PaHHLOrO NONepeaXeHHs, WO NigTPUMYETLCA
ineHTudikauielo aHomanin i NPUAHATTAM pilleHb Ha OCHOBI MaLUMHHOIO HaB4YaHHSA. BoHa
OL|iHIOE YOTUPM TUNW O3HAK: BiAXWITEHHSA BiJ HOPMAanbHOrO CTaHy, Y3roXeHiCTb i3 CyCiaHIMM
perioHamu, y3rooKeHiCTb i3 GaTbkiBCbkOl 0OMacTio Ta BMMB KOHTEKCTHUX YMHHUKIB.
CVHTETUYHMI MPOCTOPOBO-YACOBUI KIIMATUYHUI rpad BUKOPWUCTAHO ANA MOPIBHSHHSA
ctatuctTudHoro metoay Robust Z-score, anroputmy BusiBneHHs aHomanin Isolation Forest,
meToay One-Class Support Vector Machine Ta 3anponoHosaHoro metogy HCOIM-EWS, ge
HCOIM-EWS o3Hauae Hierarchical Context-Orchestrated Intelligent Monitoring for Early
Warning Systems.

Pe3ynbTaTtu. 3anponoHoBaHWii MeTop iHTerpye BUbip AETEKTOPIB HAa OCHOBI MAaLLMHHOIO
HaB4YaHHA, perioHanbHO-cneumMdiyHe HaBYaHHs, iepapxiyHy OLUiHKY aHomanin, noriky
NPUMAHATTA pilleHb Woao nornepempkeHb Ha OCHOBI CUCTEMU OnpautoBaHHS KOMMNEKCHMX
MOAiV Ta XMapHO-He3anexHy eTarnoHHy apXiTeKTypy MOHITOpuHry. Y mogentoaHHi HCOIM-
EWS pocar HamHWk4Yoi KinbKOCTi XMOHMX TPMBOr 3a MOPIBHIOBAHOMO PiBHSA MOBHOTM
BusABneHHA nogin. lMopiBHaHO 3 Robust Z-score, Isolation Forest i One-Class SVM
3anponoHOBaHNA METOA 3MEHLUMB KiflbKiCTb XMOHUX TpuBor Ha 55,0 %, 22,6 % i 49,7 %
BignosigHo. MeToa nmpuaaTHWN ONs iHTENeKTyanbHOro MOHITOPUHIY, OpPIEHTOBaHOrMo Ha
nonepemkeHHs, e onepauiiiHa HagifHICTb | 3MEHLWEHHS XUOHWX TPUBOM € TakuMK X
BaXXMMBUMMU, SIK | HYTNMBICTb 40 TOYKOBUX aHOManIn.
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BucHoBKkW. 3anpornoHOBaHW MeTOA PO3LMPIOE BUSBIIEHHA aHomanii y cuctemax
PaHHLOrO MOMEepekeHHs BiA aHanidy i30MbOBaHMX JOKanbHUX YacoBWX psAAiB Ao
iEPapXiYHOro, KOHTEKCTHO-3aneXHOro Ta MNOAIEBO-OPIEHTOBAHOMO  IHTENEKTyanbHOro
MOHITOpWHry. Lle nigTBepaxye TexHiYHy AOUINbHICTL apxiTekTypu Ta ob6rpyHToBYE i
BMKOPUCTaHHA sk GaraTopa3oBoro LwabnoHy And nnatgopm MOHITOPUHTY KriMaTUYHKX
pU3nKiB.

Knroyoei cnoea: BusiBNeHHs aHomanin, CWUCTEMW pPaHHbOrO MNOMepesKEHHs,
iHTEeNeKTyanbHUA MOHITOPUHI, XMapHO-He3anexHa apxiTektypa, obpobka
cKnagHuX nogin, MallnHHE HaBYaHHA
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