KA3AKCTAH-BPUTAH TEXHUKAJIBIK
YHUBEPCUTETIHIH, XABAPIIBICHI Tom 23, Ne 2, 2026

UDC 553.43:550.83:004.8
IRSTI 38.35.19

https://doi.org/10.55452/1998-6688-2026-23-2-435-450

*Saduov A.,
Senior Lecturer, ORCID ID: 0000-0003-1501-7772,
*e-mail: a.saduov(@satbayev.university
!Satbayev University, Almaty, Kazakhstan

UNSUPERVISED DELINEATION OF PROSPECTIVITY ZONES
FOR STRATIFORM CU-CO IN THE SOUTHERN
COPPERBELT MARGIN (ZAMBIA)

Abstract

This study presents an unsupervised workflow for delineating prospectivity zones for stratiform copper-cobalt
mineralization in the southern margin of the Central African Copperbelt, Zambia, using only airborne geophysical
data (gravity, magnetics, radiometry, terrain). Three clustering algorithms-K-Means, Fuzzy C-Means (FCM), and
Self-Organizing Maps (SOM)-were applied, followed by consensus clustering to isolate robust target zones. Key
geophysical filters (tilt derivative, total horizontal derivative, analytic signal) and radiometric ratios (U/Th, U/K)
were computed and compared across clusters. The most prospective cluster was validated against literature-calibrated
geophysical thresholds and was found to match known exploration criteria and regional structural trends. A final
probabilistic prospectivity map was generated from FCM membership, classifying targets into three confidence
levels. While lack of drill-hole data prevents quantitative accuracy assessment, this approach demonstrates that fully
unlabeled machine learning on airborne data can effectively guide early-stage exploration in data-sparse regions.
The proposed workflow offers a reproducible framework for Al-driven prospectivity mapping in frontier terrains.

Keywords: copper-cobalt, unsupervised learning, clustering, airborne geophysics, Zambia.
Received March 2, 2026, accepted May 28, 2026.
Introduction

The Central African Copperbelt (Zambia and the Democratic Republic of the Congo) has been
recognized as the world’s largest sediment-hosted copper province and a major cobalt source. The
Neoproterozoic Katangan basin has been reported to contain ~8.7 billion tonnes of copper ore at
~2.6 wt% Cu, and mineralization along the southern Zambian margin has been interpreted to extend
beneath sedimentary cover into greenschist- to amphibolite-facies rocks affected by the Lufilian
orogeny [1]. In contrast to the well-drilled northern districts, the Southern Copperbelt Margin has
remained weakly constrained by geochemical sampling and drilling, and stratiform Cu—Co potential
has therefore been expected to be largely concealed beneath cover [1].

Traditional mineral prospectivity mapping (MPM) approaches, including knowledge-driven
overlays and supervised machine-learning models, have been shown to depend on reliable positive
(deposit) and negative (barren) labels [2, 3]. In greenfield settings, occurrences are commonly absent
and true negatives cannot be verified, which limits the applicability of supervised calibration and can
render weakly supervised strategies inconclusive [3]. Consequently, fully unsupervised approaches
have been required to delineate exploration targets without deposit labels.

Unsupervised learning has been increasingly used to detect multivariate domains and anomalies
directly from geodata. Clustering methods have been applied to delineate coherent geoscientific
signature zones, yet many studies have relied on a single algorithm and/or on expert-guided cluster
selection. To reduce algorithm-specific bias, a consensus framework has been adopted by integrating
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K-Means, Fuzzy C-Means (FCM), and Self-Organizing Maps (SOM), and only areas consistently
identified across methods have been retained as high-priority zones [4]. The complementary
behaviour of hard partitions (K-Means), gradual memberships (FCM), and topology-preserving
mapping (SOM) has been leveraged to improve robustness under label-scarce conditions [5].

Because drill-hole and systematic geochemical data were unavailable, prospectivity was inferred
solely from airborne geophysical proxy variables. Magnetic derivatives, including tilt derivative
and total horizontal derivative, were used to emphasize structural edges and shallow sources, while
analytic signal amplitude was used to highlight source-centred responses. Radiometric ratios (U/Th
and U/K) were further used as proxies for alteration and redox-related processes, and the applicability
of radiometric criteria in exploration has been supported by regional case studies [6]. These six co-
registered layers were used as the core input to the clustering ensemble.

Cluster prioritization was performed by comparing cluster summary statistics to literature-
derived thresholds representing geophysical responses expected in favourable structural and
alteration settings. This external benchmarking was intended to constrain cluster selection objectively
and reduce interpretive subjectivity in the absence of local training data. The study was therefore
designed to deliver an objective, data-driven prospectivity map for stratiform Cu—Co mineralization
in a true greenfield setting and to demonstrate the utility of ensemble unsupervised analytics for
frontier exploration targeting.

Geological and Geophysical Context

Geological Setting

The study area has been located near Chililabombwe and Chingola (northern Zambia) along the
southern margin of the Central African Copperbelt. The regional basement has been overlain by the
Neoproterozoic Katanga Supergroup (~880-520 Ma), which hosts stratiform Cu-Co mineralization
predominantly within the Lower Roan Subgroup. In particular, the carbonaceous Ore Shale Formation
at the transition from red-bed siliciclastics to overlying reduced sediments has been reported to
contain disseminated chalcopyrite, bornite, and chalcocite hosted by bedding-parallel fabrics and
carbonate bands [7].

Late Neoproterozoic to Early Paleozoic Pan-African deformation has been expressed by the
Lufilian Arc, a NW-SE-trending fold-and-thrust belt, where northeast-vergent thrusting has emplaced
Roan sequences onto pre-Katangan crystalline basement. Basement highs, composed mainly of
Paleoproterozoic to Mesoproterozoic granites and gneisses, have been interpreted to control sub-
basin segmentation during deposition and to influence the preservation and localization of Cu-Co
mineralization; for example, basement ridges have been associated with Roan thinning/absence and
ore concentration along ridge flanks.

Along the southern Copperbelt margin, Roan stratigraphy has been largely concealed beneath
thrust sheets and younger Kundelungu cover. The Chililabombwe-Chingola district has exemplified
this configuration, where high-grade Ore Shale orebodies have been exploited at major operations
(e.g., Konkola and Nchanga) and have been interpreted to continue downdip beneath thrusts to
depths exceeding 1 km, remaining partly blind at surface. Structural duplication and folding of the
Ore Shale horizon have been expected to generate synclines and faulted blocks capable of hosting
concealed repeats or extensions of mineralization [7].

Airborne survey and preprocessing

A high-resolution airborne survey (KoBold Metals NRG2155) has been acquired over the study
area (2022) and the publicly released dataset has been accessed via Kaggle [8]. Gravity, magnetics,
radiometrics, and terrain data have been collected along NE-SW flight lines spaced 200 m apart with
orthogonal tie-lines at ~2 km, at a nominal terrain clearance of ~80 m. Instrumentation has been
reported to include a cesium-vapor magnetometer, an airborne gravimeter stabilized by GPS/inertial
measurements, and a 32 L Nal gamma-ray spectrometer; dual-frequency GPS positioning has been
used for georeferencing.
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Figure 1 — Geographical location of the airborne survey polygon (red outline) near Chililabombwe-Chingola
on the southern margin of the Central African Copperbelt The polygon from the provided KML overlay is
draped on Google Earth imagery, showing the proximity to the DRC-Zambia border
and known mining areas (yellow outline)
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Figure 2 — Simplified geological map of the southern margin of the Central African Copperbelt in northern
Zambia (adapted from Porter GeoConsultancy 2024). The Roan Group (hosting stratiform Cu-Co ore) is
exposed in the cores of Lufilian fold structures and otherwise concealed beneath Nguba and Kundelungu

Group formations. Purple stars indicate major Cu-Co deposits (e.g., Konkola, Nchanga).
The survey area (yellow outline) spans a zone of complex thrusting and folding where
Roan units are largely hidden, highlighting the potential for concealed mineralization.
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Standard corrections and derivative transformations have been applied to prepare analysis-ready
layers. Gravity observations have been corrected for latitude, free-air, terrain (p = 2.67 g cm™), and
Bouguer effects to derive Bouguer anomalies and gravity disturbance grids, followed by computation
of first vertical derivative and total horizontal derivative to enhance shallow and lateral density
contrasts [10]. Magnetic total-field data have been leveled, diurnally corrected, and reduced to the
pole to center anomalies over their sources, and derivative products (first vertical derivative and total
horizontal derivative) have been generated for edge enhancement [11]. Tilt derivative and analytic
signal amplitude have been computed to emphasize subtle sources and source-centered responses,
respectively. Radiometric K, eTh, and eU channels have been noise-filtered using NASVD, and ratio
maps (U/Th and U/K) have been produced as proxies for alteration and redox-related processes. A
digital terrain model has been derived to provide elevation context.

All layers listed in Table 1 have been resampled to a common 50 m grid (WGS84 UTM Zone
35S).
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Figure 3 — Composite geophysical attribute maps (standardized) for the airborne survey area.
Top row (left to right): Bouguer gravity anomaly; gravity total horizontal derivative (THD);
reduced-to-pole (RTP) magnetic intensity. Bottom row (left to right): magnetic tilt derivative (TDR);
analytic signal amplitude; uranium/thorium (U/Th) ratio

Table 1 — Summary of input geophysical and radiometric data layers from the airborne survey
(NRG2155). All grids are 50 m resolution

Data Layer Description (Measurement)
X, Y Coordinates (projection: WGS84 UTM Zone 35S, in meters)
Bouguer267 Processed Bouguer gravity anomaly (terrain-corrected, density 2.67g/cc) in mGal
Gravity disturbance Gravity disturbance (residual anomaly after regional removal) in mGal
Grav_FVD Gravity first vertical derivative (enhances shallow density contrasts)
Grav_THD Gravity total horizontal derivative (highlights lateral density gradients)
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Continuation of table 1

Grav_Gaussian_HP Gravity high-pass filter (Gaussian filter isolating local high-frequency gravity
signal)

Processed magnetics RTP | Magnetic intensity, reduced to pole (nT; highlights total field anomalies
centered over sources)

Gradient levelled Leveled magnetic vertical gradient (nT/m; measured or computed vertical
magnetic gradient, leveled)

Mag FVD Magnetic first vertical derivative (sharpens shallow magnetic sources)

Mag THD Magnetic total horizontal derivative (highlights edges of magnetic bodies)

Mag_Tilt Derivative Magnetic tilt derivative (degrees; angle of total field, useful for subtle source
detection)

Mag_Analytical Signal Magnetic analytic signal amplitude (nT/m; combined 3D gradient magnitude,
peaks over magnetic source centers)

Potassium NASVD Potassium (% K) from radiometric survey (NASVD noise-filtered)

Uranium NASVD Uranium (ppm eU) from radiometric survey (NASVD filtered)

Thorium NASVD Thorium (ppm eTh) from radiometric survey (NASVD filtered)

U Th ratio Uranium/Thorium ratio (dimensionless; highlights U enrichment or Th
depletion)

U K ratio Uranium/Potassium ratio (dimensionless; can indicate uranium mobility vs K)

Digital terrain Digital Terrain Model (m; elevation above sea level)

Methodology

Data Standardization and Feature Selection

All eighteen geophysical and radiometric variables prepared in Section 2.2 were considered
during exploratory analysis. For clustering and subsequent quantitative validation, six diagnostic
features were retained: Grav_THD, Mag THD, Mag_Tilt Derivative, Mag_Analytical Signal, U/
Th, and U/K. This selection was justified by the availability of published threshold intervals and
methodological constraints enabling external benchmarking of cluster signatures [10—14]. Variables
lacking transferable validation thresholds (e.g., Bouguer anomaly, DTM, and individual K-Th-U
channels) were not prioritized for validation due to limited comparability across terrains and potential
sensitivity to surficial processes; in particular, K and Th responses may be strongly influenced by
regolith and weathering and may not reflect subsurface mineralization [9].

No features were removed or down-weighted within the adopted six-feature workflow. Prior
to clustering, each retained feature was standardized to zero mean and unit variance to ensure
comparable scaling between gravity derivatives, magnetic derivatives, and radiometric ratios and to
prevent dominance of any variable within distance-based clustering.

3.2. Unsupervised clustering algorithms

K-Means clustering was used to obtain hard spatial partitions by minimizing within-cluster
variance [10]. Solutions with k = 3 and k = 4 were evaluated to test partition stability and to assess
whether additional clusters produced meaningful spatial structure.

Fuzzy C-Means (FCM) clustering was used to represent gradational boundaries via membership
degrees in [0, 1]. The fuzzifier was set to m = 2 as a conventional compromise between membership
smoothness and numerical stability, and ¢ = 3 and ¢ = 4 were examined. Membership fields were
interpreted as continuous measures of similarity to each cluster.

Self-Organizing Maps (SOM) were trained using a 6 x 6 lattice to preserve topological relations
in the reduced feature space. The MiniSom implementation was used for training and mapping.
After convergence, SOM prototypes were aggregated into three groups to obtain a spatial label map
consistent with the k = 3 partitioning used across methods.

These algorithms were selected to exploit complementary behaviour: compact partitions
(K-Means), fuzzy transitions (FCM), and topology-preserving representation (SOM). Supervised
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and semi-supervised schemes were not adopted because reliable positive and negative labels were
unavailable in this greenfield setting [10].

3.3. Consensus Clustering

To obtain a robust ensemble partition, K-Means, FCM, and SOM were applied independently to
the same six standardized features with k (or ¢) = 3. For FCM, hard labels were derived by selecting
the maximum-membership class per sample. For SOM, neuron prototypes were grouped into three
clusters and labels were propagated to all samples.

The three label vectors were assembled into an N x 3 label matrix, where each row encoded the
triplet of method-specific assignments for one sample. A secondary K-Means run with k =3 was then
performed on this label matrix to derive the final consensus partition (consensus_k3). This strategy
was intended to down-weight method-specific artefacts and to emphasize spatial patterns persistent
across algorithms [11].

Validation using literature-based feature thresholds

Consensus clusters were validated by comparing their feature-wise mean values to literature-
derived anomaly intervals for the six retained features. Threshold ranges reported for potential-
field edge detection, tilt derivative and analytic signal applications, as well as radiometric
alteration indicators, were used to define expected anomaly magnitudes over structurally complex
or mineralization-favourable zones. Because anomaly amplitudes may be attenuated by depth and
cover, gravity and magnetic derivative thresholds were adjusted downward by 15-30% to account for
amplitude decay. Radiometric thresholds were similarly reduced to account for weathering-related
depletion effects reported for uranium and potassium responses in near-surface materials [12].

Threshold Calibration

For cross-feature comparability, both cluster means and threshold bounds were transformed into
Z-scores using the global mean (p) and standard deviation (o) of each feature:

z-X-H )
o}
where p and ¢ were computed from the full dataset. A cluster was considered consistent with the
benchmark if its standardized mean exceeded the standardized threshold criterion.

To address skewness and to emphasize proportional anomalies, a logl0 transformation was

additionally applied to selected features (notably ASA and U/K) and to the corresponding thresholds:

L =log,,(X) (2)

and agreement with benchmark ranges was evaluated in log space. This supplementary check
was used to ensure that conclusions were not driven by extreme-value asymmetry and to support
interpretation under multiplicative anomaly behaviour [13—15].

Results

Clustering Results

The optimal cluster number was evaluated using the elbow criterion and silhouette scores. A
clear inflection and the highest silhouette values were observed at k = 3, whereas improvements
beyond k = 3 were marginal and k = 4 produced additional fragmentation, particularly in the eastern
sector.

K-Means partitioning with k = 3 produced three spatially coherent domains. The k = 4 solution
subdivided the northeastern domain without a clear gain in spatial interpretability. Stable convergence
was achieved using multiple random initializations under Lloyd’s optimization scheme.
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Figure 4 — Elbow method (sum of squared errors versus k)
and silhouette score plot for k = 2-6. The inflection point in the elbow curve
and peak in the silhouette coefficient at k = 3 support the selection of three clusters.
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Figure 5 — K-Means clustering: (a) k = 3 showing three compact zones;
(b) k =4 illustrating over-fragmentation in the northeast

SOM training on a 6 x 6 lattice yielded 36 prototype neurons summarizing the six-feature input
space [16—17]. The resulting neuron map captured local continuity and discontinuity in multivariate
geophysical signatures.
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Figure 6 — Self-Organizing Map (6 % 6) projection encoding the six geophysical features onto 36 neurons.
Adjacent neurons on the map correspond to similar input signatures, highlighting local geophysical
variability and structural lineaments
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Post-clustering of SOM codebook vectors using K-Means (k = 3) generated smoother, more
spatially continuous domains relative to direct K-Means. As with K-Means, the k = 4 variant
introduced additional fragmentation.
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Figure 7 — Clustering of SOM prototypes with K-Means: (a) k = 3 yields spatially coherent domains;
(b) k =4 introduces unnecessary subdivisions

FCM with m = 2 and ¢ = 3 produced spatial membership gradients, emphasizing transitional
zones relative to hard partitioning. The ¢ = 4 variant increased partition complexity with limited
additional structure.
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Figure 8 — Fuzzy C-Means clustering: (a) ¢ = 3 showing membership gradations;
(b) ¢ =4 illustrating increased complexity with limited interpretive gain

Feature discrimination was quantified using ANOVA F-scores computed from cluster partitions.
In K-Means, the largest F-scores were associated with gravity and radiometric variables, indicating
their dominant role in partition separation. Comparable patterns were observed for FCM and SOM-
derived partitions.
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Figure 9 — ANOVA F-values for each geophysical feature in KMeans clustering (k=3 and k=4).
Highest discrimination observed for gravity and radiometric features
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Figure 10 — Feature importance for Fuzzy C-Means clustering based on ANOVA F-scores.
The top features align with those found in KMeans
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Figure 11 — ANOVA F-values for SOM + KMeans clustering across all features.
The results confirm the dominance of gravity and radiometric attributes in cluster differentiation

Consensus clustering was then generated by meta-clustering the label vectors from K-Means,
FCM, and SOM using K-Means (k = 3), producing the final consensus k3 partition. The resulting
consensus map highlighted zones of multi-method agreement.
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Consensus Clustering Map (EMeans + FCM + S0M, k=13)
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Figure 12 — Consensus clusters (consensus_k3) derived from meta-K-Means on method label vectors.
Regions consistently identified by all three methods are emphasized as priority targets

Cluster Validation Against Geophysical Thresholds

Validation of consensus k3 was performed by comparing feature-wise cluster means with
literature-based intervals for six diagnostic variables (Grav.THD, Mag THD, Mag_Tilt Derivative,
Mag_ Analytical Signal, U/Th, and U/K). The adopted ranges and sources are summarized

in Table 2.

Table 2 — Calibrated geophysical intervals used for cluster validation

Feature Literature Interval Justification / Source
Grav_THD 0.0025-0.0041 Zhu et al. (2022); Gupta et al. (2018)
Mag THD 1.66-3.13 Radhakrishna et al. (2014)

Mag_Tilt Derivative 1.52-1.55 Stewart and Miller (2018)
Mag_Analytical Signal 150-750 Onyedim and Awoyemi (2005)
U/Th ratio 0.5-1.5 Ciputra et al. (2024)

U/K ratio 5-12 IAEA (2003)

Standardized (Z-score) cluster means were compared against the corresponding standardized
threshold bounds, and Cluster 1 was identified as the cluster most consistently meeting or exceeding
the benchmark intervals.

A complementary comparison was performed using log10-transformed cluster means and log10-

scaled thresholds, confirming the same priority ranking.
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Figure 13 — Standardized (Z-score) cluster means for consensus_k3 compared
to literature-based geophysical intervals. Horizontal dashed lines indicate the lower and upper bounds
of each threshold interval derived from published studies. Cluster 1 exhibits consistent alignment with
or elevation above these bounds across multiple features, reinforcing its geophysical plausibility
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Figure 14 — Log;o-transformed cluster means for consensus_k3 compared to log;o-scaled intervals.
Horizontal dashed lines denote the transformed interval limits

Final Cu-Co Prospectivity Map

A continuous prospectivity map was generated from the FCM membership to the target cluster
(Cluster 1, k = 3). Membership values were interpreted as continuous similarity scores to the selected
prospective domain.
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Figure 15 — Continuous prospectivity map based on FCM membership to Cluster 1 (k = 3).
Color bar indicates membership values from 0.0 (blue) to 1.0 (red)
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For decision-oriented targeting, membership values were discretized into three classes: Low
(0.0-0.5), Medium (0.5-0.8), and High (0.8-1.0), based on the empirical membership distribution.
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Figure 16 — Distribution of FCM membership values for Cluster 1 (k = 3) with 50 bins.
Dashed lines at 0.5 and 0.8 mark the thresholds for medium and high prospectivity classes
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Figure 17 — Categorical Cu-Co prospectivity map (Low/Medium/High)
based on FCM membership to Cluster 1 (k= 3)

Thus, the High-prospectivity zones (red) demarcate prime targets for Cu-Co exploration,
particularly on the southeastern and southern flanks of the survey area.

Discussion

The results demonstrate that ensemble unsupervised clustering of airborne gravity, magnetic,
and radiometric data can delineate structurally coherent Cu-Co target zones in the data-scarce
southern Copperbelt margin without the use of labeled training data. By integrating K-Means,
Fuzzy C-Means, and Self-Organizing Maps within a consensus framework and validating cluster
signatures against literature-derived geophysical intervals, an objective and reproducible targeting
scheme was obtained. The high-prospectivity domain forms a spatially coherent belt concentrated in
the southern and southeastern sectors of the survey area and occurs in proximity to major stratiform
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Cu-Co districts, suggesting consistency with the fold-and-thrust architecture of the Lufilian
Arc [18-20]. Elevated magnetic edge indicators and radiometric ratios within the priority cluster are
compatible with structurally prepared zones and alteration-related contrasts reported in analogous
Cu-Co systems [21-22]. Methodologically, the integration of consensus clustering with quantitative
threshold benchmarking reduces subjective cluster selection and mitigates algorithm-specific bias,
as recommended in ensemble clustering theory [23], while ensuring consistency with established
geophysical anomaly behaviour [24]. Nevertheless, several limitations remain. The absence of drilling
or direct geological validation prevents quantitative accuracy assessment; literature-based threshold
intervals represent generalized analogues and may not fully capture local lithological or cover
variability; radiometric responses may be attenuated by weathering and regolith processes [25]; and
multivariate similarity does not guarantee geological uniqueness of causative sources. Therefore, the
presented results should be interpreted as a preliminary, data-driven targeting framework requiring
subsequent geological verification and potential integration with geochemical or semi-supervised
extensions.

Conclusion

A fully unsupervised workflow for delineating prospective stratiform Cu-Co zones in the southern
Copperbelt margin (Zambia) has been developed using multi-parameter airborne geophysical data.
By combining K-Means, Fuzzy C-Means, and Self-Organizing Maps within a consensus clustering
scheme and validating cluster signatures against literature-calibrated geophysical thresholds, a priority
cluster was objectively identified and translated into a continuous probabilistic prospectivity map.
The selected cluster occupies approximately 12% of the survey area and concentrates exploration
focus on the most geophysically anomalous terrain. Spatial concordance with the regional Lufilian
structural framework and proximity to established Cu-Co districts support the geological plausibility
of the delineated targets [18,19]; however, quantitative validation remains contingent upon ground
truth data. The proposed ensemble unsupervised framework provides a reproducible and transferable
early-stage targeting approach that can be extended through geochemical integration, weak labeling
strategies, and application across other metallogenic provinces.
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3AMBHUSIIAFBI MBIC BEJJIEVIHIH OHTYCTIK JKUETTH/IE

CTPATU®OPM/IbI MBIC-KOBAJBT MUHEPAJIIAHYBIHBIH

NMEPCHEKTUBAJBIK ANMAKTAPBIH MYFAJIIMCI3 OKBITY
QMICTEPI HETIBIHJE ANKBIHIAY

Angarna

Makanana Opranbsik Appuka Mbic OenieyiniH OHTYCTIK )kuerinie (3aMOust) opHanacKaH cTparuopM bl MbIC-
KOOAJIBT MUHEPAJIaHy BIHBIH ITEPCIIEKTHBAIIBI aMaKTaphIH TEK adporeo(n3nKalbIK IepeKTep HeTi31H e alKpIH1ayFa
apHaJFaH TOCL1 YCHIHBUIFaH. [laliaiaHpUFaH ACPeKTep IPaBUMETPHUSUIBIK, MArHUTTIK, PaAHOMETPHSIIBIK JKOHE
Genepiik mapamerprepai Kamtuabl. Tanmay OapeiceiHIa KIacTepieyaid yu anroputmi — K-Means, Fuzzy C-Means
(FCM) xone KoxoHeHHIH e3iH-631 yibIMaacThiparbiH kapranapbl (Self-Organizing Maps, SOM) KoniaHbUIBIII,
KCHiH OJlap/IbIH HOTWIKENEpl TYpaKThl MakcaTThl aWMakTapbl OeJlill KepceTy MaKcaTbhlH/la KOHCEHCYCTBIK
KJacTepiiey aschlHna OipikTipinai. OpOip Kiactep YLIH Heri3ri reodu3uKalblK TYBIHABI KOPCETKIIITEP, OHBIH
ITHE €HIC TYBIHIBICHI, TOJBIK KOJIICHEH TYBIHABI JKOHC aHAIMTUKANBIK curHai, comai-ak U/Th sxome U/K
PaIMOMETPUSIIBIK KaThIHACTApBl ECENTENil, 03apa CalbICThIpbULIbL. EH mepcrekTHBansl Kiactep onebuerrepre
HETI3[eNTeH Te0(PU3UKAIBIK MIEKTI MOHIEP apKbUIBI BaTHIAIMUIAHBIN, OHBIH OCNTi i37ey KpUTepHiiiepi MeH
OHIPIIK KYpPBUIBIMIBIK 3aHJBUIBIKTApFa COMKeCc KeneTiHli KepceTiiii. KOpBITBIHABI MepCIeKTHBAIBUIBIKTHIH
BIKTUMAJIJIBIK KapTackl FCM alropuTMiHiH MYIIETIK MOHJEpl HEri3iHle KypacThIPbUIbIN, KeHiH CEHIMILTIKTIH
yi feHreitine ikrenji. bypreulay nepekrtepiHiH OonMaybl HOTHIKENEpIiH AJIITIH TiKeJdeld caHIblK Oaranayra
MYMKIiH/IIK OepMereHiMeH, abIHFaH KOPBITHIH/IBIIAP KOMITapaMeTpili a3poreo(hU3NKaIBIK AepeKTepre KOIIaHbUFaH
MYFaIIiMCi3 OKBITY SIICTEpiHIH TeONOTHSIIBIK aKIapaTr Tallllbl jKarmainapaa Oapray >KYMBICTapBIHBIH OacTamKel
Ke3eHIepiHae THIMAI MalgaTaHbUTYhl MYMKIH €KeHIH KOpCeTTi. ¥CBHIHBUIFAH TACUIAL a3 3epPTTENreH ayMaKTapaa
JKacaH/Ibl MHTEIJICKTKE HETi3JIeNreH MepCIeKTHBAIbUIBIKTEl Oarajay/blH KalTa J>KaHFBIPTBUIATBIH OJIICTEMEIiK
Heri3i peTiHie KapacTeIpyra Oonabl.

Tyiiin ce3aep: MbIC-KOOAIBT, MYFalliMCI3 OKBITY, KJIacTepliey, asporeodusnka, MeperekKTHBAIBIKTEI 00IKaYy,
3aMOust.
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BBIJIEJJEHUE 30H NEPCIEKTUBHOCTU CTPATU®OPMHOM
MEJHO-KOBAJIbTOBOW MUHEPAJIU3AIIMU HA OCHOBE
METOJOB OBYYEHUS BE3 YYUTEJISI HA FO)KHOH OKPAMHE
MEJHOTI'O ITOACA (3AMBUAA)

AHHOTAUMS

B crarbe npezcraBieH Moaxo/| K BBIJCICHUIO MIEPCIEKTUBHBIX 30H CTPAaTU(OPMHOI MEIHO-KOOAIBTOBOI MH-
HepaJi3aluy Ha IKHOW okpanHe LleHTpanmbHo-Adprkanckoro Mennoro nosica (3amOust) Ha OCHOBE MCKIIIOUH-
TEJBHO a3pOre0(U3NICCKUX JaHHBIX, BKIIOUAIOMINX TPaBUMETPUICCKHIE, MATHUTHBIC, PaJIHOMETPUICCKIE U TOTIO-
rpadudeckne mapameTpsl. s aHann3a ObUTH WCIONB30BAaHBI TPH alNropuTMa kiactepusannu — K-Means, Fuzzy
C-Means (FCM) u camoopranmsyrormuecs kaptel Koxonena (Self-Organizing Maps, SOM), mocie 4ero pe3ymnbTaTsl
ObBLIH 06BCL[I/IHCHI)I B paMKax KOHCGHCyCHOﬁ KJIaCTeprU3anvun IJisd BbIACIICHUA yCTOﬁQHBLIX LEJIEBBIX 30H. ITo xax-
JIOMY KJ1acTepy ObUIM PACCYMTAHBI M COMOCTABIICHBI KIIOYEBbIe Te0()U3NUECKUE ITPOU3BOIHBIE, BKIIOUAsl IIPOU3BO-
JTHYIO HaKJIOHA, MOJHYI0 TOPH30HTAIBHYIO TPOM3BOIHYIO U AHAJMTHYCCKUH CHUTHAII, a TaKKe PaJnOMETPHUYECKHE
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ornowenus: U/Th n U/K. Hanbonee nepcriekTHBHBIN KitacTep ObUT BAJIMAMPOBAH I10 JIUTEPATyPHO 0OOCHOBAHHBIM
reoU3n4ecKuM IOPOTOBBIM 3HAYEHHUSIM U T10Ka3aJl COOTBETCTBHE MU3BECTHBIM ITOMCKOBBIM KPUTEPHUSIM U PEruo-
HAJIBHBIM CTPYKTYPHBIM 3aKOHOMEPHOCTSIM. MTOroBasi BEeposITHOCTHAsI KapTa IEepCHeKTUBHOCTH Oblila MOCTPOCHA
10 3HAYECHHsM IpHHAUISKHOCTH FCM 1 IOMOJHUTENBHO pasielicHa Ha TPU YPOBHS yBepeHHOCTH. HecMoTps Ha
OTCYTCTBHE OypOBBIX JaHHBIX, HE TO3BOJLIOLICE BBIIOJIHUTE HPSMYIO KOJIMYECTBEHHYIO OLIGHKY TOYHOCTH, HOJIY-
YEHHbIE Pe3yIbTaThl IIOKA3bIBAIOT, YTO METOAbI 00ydeHUs Oe3 yunuTens, IPUMEHEHHbIe K MHOTOIIapaMeTPHUYeCKUM
a’poreo(M3NUECcKUM AaHHBIM, MOTYT 3()()EKTUBHO HCIOIB30BATHCS JUISl PAHHUX CTaJHi TTOMCKOBO-Pa3BEI0YHBIX
pabor B ycnoBusix aedunmra reosiorudeckoid nHdGopmanuu. [IpeyioxkeHHbIH MOIX01 MOXKET paccMaTpUBAaThCs KakK
BOCTIpOM3BOINMast ocHOBa [yt VIM-opHeHTHPOBaHHOTO POTrHO3UPOBAHMSI IIEPCIIEKTUBHOCTHU B CJ1a00 M3Y4YEHHBIX
TEPPUTOPHUSIX.

KaoueBble ci10Ba: Me1b-K00aIIbT, 00yUeHUE 0€3 yUuTes, KIacTepu3aliys, a3poreo(pusnKa, MporHo3upoOBaHUe
MEPCICKTUBHOCTH, 3aMOUsI.
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