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ABSTRACT The paper addresses the problem of identifying and prioritizing hazardous road traffic accident concentration
areas based on accident frequency and casualty severity. The relevance of the study is motivated by the increasing number
of accidents with injuries and fatalities, as well as the limitations of approaches based solely on quantitative indicators
without considering the severity of consequences. Under such conditions, treating accidents of different severity levels
equally leads to distorted assessments of road safety and reduces the effectiveness of decision-making in traffic safety
management. The study proposes an integrated risk assessment method based on weighted coefficients assigned to
different categories of casualties. Minor injuries are assigned 1-point, severe injuries — 3 points, and fatalities — 9 points.
Based on these coefficients, a generalized risk indicator is formed for both individual accidents and their aggregation within
spatial clusters. The proposed approach is integrated into the process of clustering road traffic accidents using geographic
coordinates and distance-based metrics. This allows not only the identification of accident concentration areas but also
their ranking according to the level of danger. As a result, it becomes possible to detect critical locations, including those
with a relatively low number of accidents but high severity of consequences. The practical implementation of the method is
carried out within an information system for accident analysis, providing automated data processing, clustering, and report
generation. The proposed method enables accident clusters to be ranked using both accident frequency and the severity-
weighted consequences of the recorded accidents. The method was evaluated using accident records from 2017 to 2025
for the Ivano-Frankivsk urban territorial community, with a spatial threshold of 50m and a minimum cluster size of three
accidents. The results show that casualty-weighted ranking differs from ranking based solely on accident frequency: clusters
with fewer accidents but more fatalities and severe injuries may receive a higher priority. From the perspective of
infocommunication systems, the proposed method can be used as an analytical component of an integrated road safety
monitoring platform that combines distributed data acquisition, communication, centralized processing, and geospatial
visualization. The system architecture also provides a basis for further integration with loT-enabled traffic and road

infrastructure devices.
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I. INTRODUCTION

ccording to statistical data provided by the
ADepartment of Patrol Police of Ukraine, recent

years have been characterized by a steady increase
in the number of road traffic accidents involving injuries
and fatalities. A significant proportion of these incidents
involves vulnerable categories of road users, particularly
pedestrians and cyclists. Under such conditions, the
timely identification of accident concentration zones and
hazardous road segments becomes a task of critical
importance.

Existing methodologies for identifying such locations
are predominantly based on counting the number of
accidents within a specified time period and assessing
their spatial concentration. However, this approach does
not account for the severity of accident outcomes, which
may lead to suboptimal prioritization in the planning and
implementation of road safety measures.

Therefore, there is a clear need to develop an approach
that considers not only the frequency of road traffic
accidents but also their severity in terms of consequences
for the life and health of road users.

From the perspective of infocommunication systems,
road safety analysis requires the integration of

heterogeneous data acquisition, communication, storage,
processing, and visualization components. Accident-
related information may be obtained from official
reporting systems, mobile applications, intelligent traffic
infrastructure, connected cameras, traffic counters,
weather stations, and other Internet of Things devices.
These distributed data sources can  provide
complementary information on traffic intensity,
environmental conditions, road infrastructure status, and
the circumstances of accident occurrence.

Accordingly, the proposed accident clustering and
hazard assessment method can be considered an analytical
component of an infocommunication road safety
monitoring  system. Such a system  provides
communication between distributed data sources and a
centralized processing platform, where the collected data
are validated, geocoded, stored, clustered, and analyzed.
The integration of loT-generated data can further improve
the timeliness and contextual completeness of hazardous-
location identification.

Il. ANALYSIS OF RECENT RESEARCH AND PUBLICATIONS

The identification of road traffic accident
concentration areas is commonly addressed using
geographic information systems, spatial statistics,
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clustering algorithms, and predictive data analysis. A
comprehensive review of spatial approaches in road
safety demonstrated that crash analysis must account for
spatial dependence, spatial heterogeneity, the selection of
appropriate spatial units, and the structure of the road
network [1].

Early  GIS-based  studies  established  the
methodological basis for spatial accident analysis. Xie
and Yan proposed Network Kernel Density Estimation,
which calculates accident density directly within road-
network space rather than over an unrestricted planar
surface [2]. Anderson combined Kernel Density
Estimation with K-means clustering to identify and
classify road accident hotspots according to their spatial
and environmental characteristics [3]. Erdogan et al.
developed a GIS-supported accident analysis system that
integrated accident records with spatial and attribute
data [4]. These studies remain methodologically
important, although their primary emphasis was on
accident frequency and spatial density.

More recent research has focused on comparing and
validating different hotspot identification techniques.
Zahran et al. evaluated several GIS-based spatial
analysis methods and compared the identified hotspots
with the results of a road safety audit [5]. Their findings
showed that hotspot identification depends considerably
on the selected analytical method and spatial
configuration. Density-based clustering methods have
also received increased attention because they can
identify irregularly shaped clusters and distinguish
isolated observations from concentration areas. Islam et
al. compared clustering approaches for road traffic crash
data and recommended DBSCAN and OPTICS for
datasets characterized by spatial noise and non-uniform
cluster structures [6].

A separate research direction concerns the
incorporation of crash severity into spatial hotspot
analysis. Alam and Tabassum combined Getis—Ord Gi*,
Moran’s I, and a crash severity index to identify and rank
road traffic crash hotspots [7]. Their study demonstrated
that crash frequency alone does not fully represent the
danger associated with a location and that severity-related
indicators can change the prioritization of hotspots.
Gedamu et al. examined spatial autocorrelation separately
for different crash severity categories using Global and
Local Moran’s I [8]. Their results confirmed that severe
and less severe crashes may form different spatial
patterns.

Mesic et al. applied a weighted composite injury
severity measure that included crashes, minor injuries,
severe injuries, and fatalities and combined it with
emerging hotspot analysis [9]. This approach made it
possible to identify road sections where injury severity
was persistent or increasing over time. However, the
severity indicator was used mainly within a
spatiotemporal statistical analysis, whereas the present
study integrates casualty weights directly into the score
calculated for every accident and subsequently aggregates
these scores at the cluster level.

Temporal variation is another important component of
contemporary crash analysis. Mohammed et al. used a
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space-time cube, emerging hotspot analysis, spatial
autocorrelation, and geographically weighted regression
to examine the spatial and temporal evolution of road
traffic crashes [10]. Such methods distinguish persistent
accident concentration areas from short-term or emerging
patterns but generally require extended observation
periods and more complex spatial data structures.

Machine-learning methods extend road safety analysis
by incorporating road, traffic, and environmental
characteristics. Berhanu et al. combined Random Forest
prediction, crash-rate estimation, and spatial network
analysis to identify accident-prone road segments and
recommend safer routes [11]. These models can capture
nonlinear relationships between accident occurrence and
explanatory factors, although their results depend on the
availability, completeness, and representativeness of
training data.

The development of intelligent transport and
infocommunication systems has also created new sources
of road safety data. Tahir et al. proposed an event-driven
traffic monitoring system that uses CCTV video analytics
to detect and classify road traffic events and transmit
relevant information for further processing [12]. Such
systems demonstrate how distributed cameras, roadside
devices, traffic counters, weather stations, and other
Internet of Things components can supply data to
centralized analytical platforms. A recent systematic
review of GIS-based road traffic accident analysis
likewise identified the integration of spatial analysis,
heterogeneous datasets, predictive methods, and real-time
monitoring as important directions for  further
research [13].

Previous studies by the author and co-author
addressed the successive stages of automated accident
data processing, including geocoding, data storage,
information-system development, distance calculation,
and spatial clustering [14-16]. Study [16] introduced an
automated clustering procedure based on geographic
coordinates and the Haversine distance. However,
cluster prioritization in those studies was based
primarily on the number and spatial concentration of
recorded accidents.

The reviewed literature shows that spatial hotspot
detection, severity assessment, temporal analysis, and
intelligent monitoring are frequently implemented as
separate analytical tasks. Some recent studies incorporate
severity indices into GIS-based analysis [7-9], but there
remains a need for a transparent method that assigns a
hazard score to an individual accident and then aggregates
this score within the spatial clusters produced by an
automated information system.

The present study addresses this problem by
introducing casualty-based weighting coefficients for
minor injuries, severe injuries, and fatalities. The resulting
integral score is calculated at both the accident and cluster
levels and is used together with spatial clustering to rank
accident concentration areas. The method is implemented
as an analytical component of an infocommunication road
safety system that can subsequently be extended through
the integration of loT-enabled traffic and infrastructure
data sources.
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I1l. METHODOLOGY

This study addresses the problem of automated
identification of locations and segments with a high
concentration of road traffic accidents based on their spatial
characteristics and consequences. The input data consist of
accident records obtained from official reporting forms,
including the date and time of the incident, its type, causes,
characteristics of the road environment, as well as the
number of casualties categorized into minor injuries, severe
injuries, and fatalities.

A.lnput data and preprocessing. The input dataset is
represented as a finite set of road traffic accident (RTA)
records. Each record contains the accident location,
casualty outcomes, temporal information, and descriptive
attributes required for spatial analysis:

D={A}, Aa, ..., Ay} (€
Each accident record A; is represented as
Ai = (@i, Miy i, 3, i, X)), @

where ¢; and A are the latitude and longitude of the
accident location; my, s;, and fi are the numbers of minor
injuries, severe injuries, and fatalities, respectively; and x;
denotes additional attributes such as the date and time,
accident type, street address, road-user category, and road-
environment characteristics.

Before the analytical procedure is performed, the
records are checked for missing or inconsistent casualty
values and invalid coordinates. Textual accident locations
are geocoded to obtain geographic coordinates. Records for
which reliable coordinates cannot be obtained are excluded
from spatial clustering or marked for manual verification.
Latitude and longitude values are converted to radians
before distance calculations.

B. Casualty-weighted hazard assessment. For every
accident A;, an individual hazard score h; is calculated as a
weighted sum of the casualty outcomes:

hi = Wum; + wis; + W £, ®)
where wm, W, and w_f are the weighting coefficients

assigned to minor injuries, severe injuries, and fatalities. In
the present study, these coefficients are defined as

Wn=1, ws=3, wi=09. Q)
Consequently, the accident-level hazard score is
h; = m; + 3s; + Of.. ©)

The coefficients define a transparent ordinal severity
scale: a severe injury is assigned three times the weight of a
minor injury, while a fatality is assigned three times the
weight of a severe injury and nine times the weight of a
minor injury. The score therefore does not estimate the
monetary cost of an accident; it is used as a relative
prioritization indicator.

For an identified accident cluster Cy, the aggregated
casualty indicators are

Mk = Z(Al € Ck) mij, (6)
Sk =Y (A € Cy) si, ()
Fi=Y(Ai € Cy) f. ©))

The integral hazard score of cluster Cy is defined as
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Hi=Y(Ai € Cy) hi. )

Using the selected casualty weights, this expression is
equivalent to

Hi = M + 3Sx + 9F. (10)
The number of accidents contained in the cluster is
Ni = |Cyl. (1)

Thus, each cluster is described by the tuple Cy = (N,
My, Sk, Fx, Hi). The indicator N represents accident
frequency, whereas Hx represents severity-weighted
casualty consequences. A cluster with fewer accidents may
therefore receive a higher priority when its accidents have
resulted in more severe outcomes.

C. Spatial clustering method. The spatial relationship
between accidents A; and A; is determined from the
geographic distance between their coordinates. The
distance is calculated using the Haversine formula, which
accounts for the curvature of the Earth.

Ap=0i— @i, AL=N—N; (12)
ajj = sin®(A@/2) + cos(@i)cos(¢j)sin?(AN2), (13)
dij= 2R atan 2(Vay;, V(1 —ay)), (14)

where R is the mean radius of the Earth and d; is the great-
circle distance between the two accident locations. The
clustering procedure is represented as an undirected
proximity graph G = (V, E), where every accident record
corresponds to one vertex:

V={Ay Az, ..., Au}. (15)

An edge is created between accidents A;j and A; when
the calculated distance does not exceed the predefined
spatial threshold e:

(AL A)EE & dij<e (16)

In the experimental analysis, the spatial threshold was
set to &=50m. This value was selected based on an
empirical comparison of several threshold values.

Equivalently, the adjacency relation can be expressed as

gi={1,ifdj<e 0,ifdj>e}. 17

An accident cluster Cyx is defined as a connected
component of graph G. Therefore, two accidents may
belong to the same cluster either because they are directly
within the distance threshold or because they are connected
through a sequence of neighboring accident locations. This
definition formalizes the iterative merging procedure used
in the software implementation.

D. Algorithm of the proposed method. Algorithm 1.
Spatial ~ clustering and  casualty-weighted  hazard
assessment.

Input: accident dataset D; spatial threshold &; weights
Wm, Ws, and Wr.

Output: clusters ranked by the integral hazard score Hy.

1. Validate the input records and obtain reliable
geographic coordinates.

2. For each accident A;, compute h; = m; + 3s; + 9f..

3. Initialize an undirected graph G with one vertex for
each accident.

4. For every unordered pair (Aj, Aj), calculate dj; using
the Haversine formula.



SISIOT Journal | journals.chnu.edu.ua/sisiot

An edge is created when dj = €; clusters are connected components of G

Cluster Cz

Cluster C:

Isolated accident
(not retained if a minimum
cluster size is imposed)

FIG. 1. Graph-based interpretation of spatial accident clustering. Edges are created when dij < €, and clusters are the connected
components of G.

Flowchart of the spatial clustering and casualty-weighted hazard assessment method
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FIG. 2. Flowchart of the spatial clustering and casualty-weighted hazard assessment method.
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5. If djj < &, add the edge (Ai, Aj) to G.

6. Determine the connected components of G and treat
each component as a cluster Cy.

7. For each C, calculate Ni, My, Sk, Fi, and Hx = My +
3Sk + 9F..

8. Rank the clusters in descending order of Hx.

9. Generate the analytical table, map visualization, and
cluster report.

E. Computational  complexity. The  straightforward
implementation evaluates every unordered pair of
accident records. The number of pairwise distance
calculations is

nn—1)/2 (18)
and the corresponding distance-comparison stage has a
computational complexity of O(n?), where n is the number
of accident records. Calculation of the individual accident
scores and aggregation of cluster indicators require O(n)
operations. Consequently, the overall complexity of the
implemented procedure is dominated by the pairwise
spatial comparison and is O(n?).

For substantially larger regional or national datasets, the
number of distance calculations may be reduced using spatial
indexing, grid-based partitioning, an R-tree, or another
neighborhood-search structure. These optimizations are
proposed as future improvements and were not included in
the implementation evaluated in this study.

F. Information system implementation and output. The
proposed method was implemented as part of a web-based
information system for road traffic accident analysis. The
system stores accident records in a relational database,
supports filtering by temporal, spatial, and descriptive
attributes, calculates Haversine distances, constructs
accident clusters, and evaluates the accident-level and
cluster-level hazard scores.

For each cluster, the system produces the indicators
Nk, My, Sk, Fy, and Hi. The clusters are ranked in
descending order of Hy and presented through an
analytical table and a map visualization. The simultaneous
presentation of Ny and Hi enables the user to distinguish
between locations characterized by frequent accidents and
locations characterized by severe casualty outcomes.

The current implementation processes accident
records obtained from official reporting sources.

Integration with loT-enabled traffic counters, connected
road cameras, weather stations, and other distributed
road-monitoring devices is treated as an architectural
extension and a direction for further research rather than
as functionality evaluated in the present study.

IV. RESULTS AND DISCUSSION

A. Experimental dataset and parameter settings. The
proposed method was evaluated using road traffic
accident records processed by the developed web-based
information system. The report output used for this
analysis contains records dated from 2017 through 2025
and covers lIvano-Frankivsk together with surrounding
settlements of the urban territorial community. The report
was obtained from the system’s accident-concentration
page (https://dtp.if.ua/report).

For each accident record, the dataset contains the date
and time of occurrence, settlement, street, an additional
location description, accident type, and casualty
outcomes. Casualties are divided into minor injuries,
severe injuries, and fatalities. The report page groups
individual records into spatial clusters and displays the
aggregated casualty indicators and the resulting integral
hazard score.

The report was generated with a spatial distance
threshold of € = 50m and a minimum retained cluster size
of Nmin = 3.

For every identified cluster Cy, the system calculated
the number of accidents Ny, the aggregated numbers of
minor injuries My, severe injuries Sy, fatalities Fy, and the
integral hazard score defined in Section Il as

Hyx = Mg + 3Sk + 9Fk.

The clusters were then ordered in descending order of
Hi. The values reported below reproduce the first ten
clusters displayed by the system at the time of data
extraction.

B. Cluster-level results. Table 1 presents the ten clusters
with the highest integral hazard scores. Because the report
does not assign descriptive identifiers to clusters,
representative settlement, street, or corridor names are
used to describe their locations. The final column gives
the accident-frequency rank within the selected top-ten
set, not within the complete set of clusters.

TABLE 1. Ten highest-ranked accident clusters according to the integral hazard score.

ng?lzd Representative location Nk M Sk Fi Hi val?ghuiflntco);)rtaerr]\k
1 Tysmenychany 36 37 8 8 133 4
2 Berezivka 20 15 11 7 111 9
3 Dragomyrchany 38 33 18 1 96 2
4 Cherniiv, Nadvirnianska St. 23 16 12 4 88 8
5 Ivano-Frankivsk, Nezalezhnosti area 27 31 8 2 73 5
6 Ivano-Frankivsk, Konovaltsia corridor 37 32 6 2 68 3
7 Ivano-Frankivsk, Halytska corridor 40 39 9 0 66 1
8 Ivano-Frankivsk, Mykolaichuka—Ivasiuka area 27 20 9 1 56 5
9 Chukalivka 13 20 4 2 50 10
10 Ivano-Frankivsk, Dovzhenka area 24 18 7 1 48 7
Total for ten clusters 285 261 92 28 789
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Ten highest-ranked accident clusters

Tysmenychany

Berezivka

Dragomyrchany

Cherniiv, Nadvirnianska St.

Ivano-Frankivsk, Nezalezhnosti area
Ivano-Frankivsk, Konovaltsia corridor
Ivano-Frankivsk, Halytska corridor
lvano-Frankivsk, Mykolaichuka-Ivasiuka area
Chukalivka

Ivano-Frankivsk, Dovzhenka area

40 60 80 100
Integral hazard score, Hy

120 140

FIG. 3. Integral hazard scores of the ten highest-ranked accident clusters.

The ten highest-ranked clusters collectively contained
285 accident records. Their casualty totals were 261
minor injuries, 92 severe injuries, and 28 fatalities.
Application of the selected weighting coefficients
produced a cumulative score of

261 +3x92+9 x28="789.
The highest score was obtained for the Tysmenychany

cluster. It contained 36 accident records, 37 minor
injuries, eight severe injuries, and eight fatalities,
producing

Hi=37+3x8+9x8=133.

The Berezivka cluster occupied the second position
despite containing only 20 accident records. Its high score
was caused by 11 severe injuries and seven fatalities:

Ho=15+3x11+9x7=111.

The Dragomyrchany cluster contained 38 accidents,
33 minor injuries, 18 severe injuries, and one fatality,
giving Hs = 96. The Cherniiv cluster contained 23
accidents but was ranked fourth because its consequences
included 12 severe injuries and four fatalities, resulting in
H. = 88. These results show that the highest-priority
locations are not determined exclusively by the number of
recorded accidents.

C. Comparison with Accident-Frequency Ranking. A
comparison of the two ranking criteria demonstrates the
practical effect of casualty weighting. Within the ten
highest-scoring clusters, the Halytska Street corridor had
the largest accident count (Ni = 40). However, it
contained no fatalities and obtained Hy = 66, placing it
seventh in the casualty-weighted ranking. Tysmenychany
ranked fourth by accident count within the selected set but
first by Hx because the cluster included eight fatalities.
Berezivka demonstrates an even larger ranking
change: it ranked ninth by accident count within the top-
ten set but second by Hy because of seven fatalities and 11
severe injuries. Chukalivka contained 13 accidents,
whereas the Dovzhenka area contained 24; nevertheless,
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Chukalivka received the higher hazard score because it
included two fatalities:

HChukalivka = 50 > HDovzhenka = 48.

The indicators Ny and Hi therefore characterize
different aspects of road safety. Ny reflects the recorded
accident frequency, whereas Hy reflects the accumulated
severity of casualty outcomes. Both indicators should be
retained in the analytical output rather than treated as
interchangeable measures.

D. Detailed example of cluster assessment. The
Nezalezhnosti Street cluster in Ivano-Frankivsk provides
an illustrative example of the calculation. The cluster
includes records associated with Nezalezhnosti Street and
the adjacent Khryplynska and Yosyfa Slipoho streets. It
contains 27 accidents with 31 minor injuries, eight severe
injuries, and two fatalities. Accordingly,
H=31+3x8+9x2="73.

This cluster occupies the fifth position in the weighted
ranking. The underlying records include side collisions,
frontal collisions, pedestrian crashes, and cyclist crashes.
For example, the accident recorded on 19 December 2025
resulted in three minor injuries and two severe injuries
and therefore received an individual score of nine points.
Aggregation of this record with the remaining accidents
produced the cluster-level value reported above.

E. Discussion. The results demonstrate that casualty-
weighted ranking differs materially from ranking based
solely on accident frequency. Locations with many
accidents but predominantly minor outcomes may move
downward, whereas clusters containing fatalities and
severe injuries move upward. For intervention
prioritization, this distinction prevents severe but less
frequent accident concentrations from being obscured by
locations with a larger number of comparatively low-
severity events.

The integral score should not be interpreted as a direct
estimate of accident probability, economic loss, or
predictive risk. It is a relative prioritization indicator
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calculated from recorded casualty outcomes. Its values
depend on the selected casualty weights, spatial distance
threshold, minimum cluster size, observation period,
completeness of the accident records, and accuracy of
geocoding.

The score should also be interpreted together with its
constituent indicators. Similar values of Hyx may arise
from different casualty structures: one cluster may contain
numerous severe injuries, while another may contain
fewer injuries but more fatalities. The system therefore
presents MK, Sk, Fk, and Hk separately so that analysts
can examine both the integral score and the casualty
structure responsible for it.

F. Infocommunication and loT integration architecture.
The developed information system can be represented as a
multi-layer infocommunication architecture comprising
data acquisition, communication, data management,
analytical processing, and visualization layers. In the
current implementation, accident records are obtained
from official reporting forms and stored in a relational
database after validation and geocoding.

The data acquisition layer can subsequently be
extended through integration with loT-enabled sources,
including intelligent traffic counters, connected road
cameras, roadside monitoring devices, weather stations,
vehicle communication systems, and mobile reporting
applications. These devices may provide data on traffic
volume, vehicle speed, weather conditions, illumination,
road surface conditions, and the presence of vulnerable
road users.

The communication layer is responsible for
transferring the collected information to the central
processing subsystem through standardized application
programming interfaces  or lightweight loT
communication protocols. The received data are
validated, temporally synchronized, and associated with
geographic coordinates before being stored in the
database.

The analytical layer applies the proposed spatial
clustering and weighted casualty assessment method. In
this architecture, the integral hazard score is not an
isolated calculation but an analytical service that
transforms heterogeneous accident-related data into
ranked spatial risk indicators. The results are delivered to
users through the visualization layer in the form of

interactive maps, cluster reports, and hazard-level
indicators.
It should be emphasized that the current

implementation primarily processes official accident
records. The direct acquisition of data from loT devices
represents an architectural extension and a direction for
further development rather than functionality already
evaluated in the present study.

CONCLUSIONS
The study developed a formal method for ranking road
traffic accident clusters using spatial proximity and
casualty severity. The method combines Haversine-based
distance calculation, graph-based cluster formation,
accident-level casualty weighting, and cluster-level score
aggregation.
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The weighting coefficients for minor injuries, severe
injuries, and fatalities form an integral hazard indicator
for individual accidents and spatial clusters. This indicator
supplements the traditional accident-count metric and
enables clusters with similar accident frequencies to be
differentiated according to the severity of their
consequences.

The method was implemented within a web-based
accident analysis system that calculates cluster indicators,
ranks the identified locations, and presents the results
through analytical tables and map visualizations.

The results obtained can be utilized by local
authorities and relevant agencies for planning road safety
measures, optimizing resource allocation, and reducing
accident rates. Prospects for further research include
extending the hazard assessment model by incorporating
additional factors, such as traffic intensity, characteristics
of road infrastructure, and temporal patterns of accident
occurrence.
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AHOTALLIA Y cTaTTi po3rnaHyTo 3a4adyy GOpPMani30BaHOIO PaHKYBaHHA AINAHOK KOHUEHTPALii AOPOXHbO-TPAHCNOPTHUX
npurog, 3 ypaxyBaHHAM He /INLe KiIbKOCTi 3adiKcoBaHMX MOAiN, @ M TAMKKOCTI iX HacniakiB. AKTyasbHICTb A0CAIAMKEHHA
3yMOBJ/IEHa TUM, LLO TpagMLiliHe BNOpAAKYBAaHHA aBapiMHO-Hebe3neyHnx ainAaHok 3a yactototo ATIN morKe HeAoOUiHIOBaTH
NIOKALi 3 MEHLUOK KiNbKICTIO NpUrod, ane 3Ha4YHOM KiNbKICTIO BaXKO TPaBMOBAHMX i 3arMbavx. 3anponoHOBaHO METOZ,
iHTerpanbHOi OLiHKM Hebe3neyHocTi, y AKoMy Ana KOXKHOT ATM 06YMCAOETLCA 3BaXKEHUM MOKA3HMK Ha OCHOBI KiNbKOCTI
NIETKO TPaBMOBAHMX, BaXXKO TPaBMOBaHMX i 3arnbaux. [na uMX KaTeropii 3acTocoBaHO Barosi KoediuieHTM 1, 3 i 9
BignoBigHO. Ha piBHIi NpoCTOPOBOro Knactepa iHAMBIAYaNbHI OLiHKM arperytoTbCa B iHTErPasIbHUIN NOKA3HMK, WO AAE 3MOTY
OfHOYACHO BpaxoByBaTW 4actoTy ATM Ta TAXKKICTb iX Hacnigkis. lMpocTopoBe rpynyBaHHA MOAIN BUKOHYETbCA 33
reorpadiyHMMM KoopauHaTamu. BiAcTaHb MiK TOYKaMM BU3HAYAETbCA 3@ (GOPMY/IOD raBepcuMHyca, a MHOXWHa AT
NOAAETLCA Y BUrNAAI HeopieHTOBaHOrO rpada 6113bKocTi. Pebpo mixK ABOMA BepLIMHAMU GOPMYETLCSA, AKLLO BiACTaHb MiXK
BignosigHumu ATM He nepeBuWLLY€E 3a4aHOr0 NOPOroBOro 3Ha4yeHHA. Knacrepy BU3HAYAOTLCA AK KOMMOHEHTU 3B’A3HOCTI
uboro rpada. 3anponoOHOBAHWUIN aNrOPUTM OXOMJIKOE Bajifdalito Ta reoKoAyBaHHA 3anucis, 0BYUCNEHHA iHOMBIAYaNbHUX
OLHOK, monapHe MOPiBHAHHA KOOPAMHAT, GOPMYBaHHA KNacTepis, arperyBaHHA NOKA3HMKIB NOCTPAXKAAAUX i PaHIKyBaHHA
KnacTepis 3a iHTerpasbHOK OUiHKOW. O6uMcaloBanbHa CKNagHicTb 6a30Boi peanisauii ctaHoBuTb O(n)2), OCKiNbKM
LOMIHYIOHOI OMepaLlieto € nonapHe MOpiBHAHHA 3anuciB. MeTog, peanisoBaHo y cKaai BebopieHTOBaHOI iHpopmaLiiHOT
cuctemu aHanisy AOTI. EKcnepMmeHTanbHe OLiHIOBAHHA BUKOHAHO Ha 3anucax 3a 2017-2025 poku ans IBaHo-PpaHKiBCbKOI
MiCbKOT TepuTOpiasbHOT rPOMaZM 3 NOPOroM MPOCTOPOBOi 6AM3bKOCTI 50 M i MiHIManbHUM po3mipom Knactepa 3. Ana
KOXHOTO K/iacTepa CUcTEMA BWM3HA4a€e KinbKictb [ATIM, cymapHy KifbKiCTb /NIerKO TPaBMOBAHWX, BaXKO TPaBMOBaHMUX i
3arnbanx, a TaKoX iHTerpasbHU NOKa3HWK Hebe3neyHoCTi. AHaNi3 4ecATU KAacTepis i3 HaMBULLMMMK OLiHKaMM NOKa3as., Lo
PaHXKYBaHHA 3a TAXKICTIO HACNIAKIB iCTOTHO Bigpi3HAETLCA Bif, PaHXKyBaHHA /MLwe 3a Kinbkictio ATIM. 3okpema, Knactepu 3
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MEHLUOK KiNIbKICTIO NOAiK, ane 6iNbWwok KiNbKICTIO 3arMbamx i BaXKKO TPaBMOBAHWX, OTPUMYKOTb BULLMIKA MPIOPUTET.
3anponoHOBaHUIM MOKA3HUK He € NPAMOI OLiHKOK MMmoBipHOCTI ATl abo eKOHOMIYHMX 36UTKIB, @ BUKOPUCTOBYETLCA AK
BiAHOCHMI IHCTPYMEHT npioputu3auii. Po3pobaeHnii metos moxe ByTWM aHaNITUYHUM KOMMNOHEHTOM iHGOKOMYHIKaLiMHOT
CUCTEMW MOHITOPUHTY 6e3MeKn [O0POXKHbOTO PyXy Ta Hagani pPo3WMPOBATUCA LWAAXOM iHTerpauii 3 loT-npuctposmu
[0POXKHBOI IHPPACTPYKTYPU.

K/TIOYOBI C/IOBA [0pOKHbO-TPAHCMOPTHa npuroaa, Knactep AT, iHTerpasbHa ouiHka Hebe3neyHoCTi, KnacTepusauis,
6e3neKa fOPOKHLOTO PYXY.
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