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ABSTRACT

The convergence of artificial intelligence (Al), machine learning and
geospatial technologies has transformed how ecologists detect, map and
monitor biodiversity in threatened landscapes. This review synthesizes 82
peer-reviewed articles retrieved from Scopus (2013-2025) applying Al, GIS
and remote-sensing-based methods to biodiversity hotspot research. A
PRISMA-adapted procedure reduced an initial 800 records to 82 relevant
documents, 82 of which were fully analyzed. Annual output expanded
sharply after 2018, with most documents published in 2023-2025. Random
Forest was the dominant algorithm (34 of 82 documents), followed by
species-distribution-modelling frameworks (20), Sentinel-1/2 imagery (18)
and deep learning (15). The literature clusters around machine-learning
classification, deep-learning survey interpretation,
UAV/hyperspectral/LIDAR platforms, satellite monitoring, eDNA and
citizen-science integration, and invasive-species detection. The United
States, India and Brazil were the most cited producing countries; Remote
Sensing, Ecological Informatics and Ecological Indicators were the leading
outlets. No study addressed Uzbekistan or Central Asia, revealing a clear
geographical gap, although transferable evidence from arid, steppe and
grassland ecosystems elsewhere is identified. Al-assisted geospatial
monitoring is methodologically mature for operational use, but its transfer to
data-scarce Central Asian contexts requires dedicated empirical validation,
capacity building and open-data infrastructure.
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N CcKyCCTBEHHBIN UHTEJIEKT U
reornpoCTPaAaHCTBEHHbIE TEXHOJIOTHH B
HCCJICIOBAHUSX TOPSAYMX TOYEK
OuopasHooOpa3usi: OMOIMOMETPUYECKHH 0030p HA
OCHOBE SCOpUS M PeKOMEHIAIUH JIJIs1

Y30exkucrana

Coueranne wuckycctBeHHOro uHrtemekra (MW), mammaHOTO
Oo0y4YeHHsI M TeONpPOCTPAHCTBEHHBIX TEXHOJOTHI KOPEHHBIM 00pa3oM
U3MEHUJIO TOAXOMABI JKOJIOTOB K  BBIABICHUIO, KAapTUPOBAHUIO W
MOHUTOPUHTY  Omopa3zHOOOpasusi B  HAXOAAUIMXCS MOJ  yrpo3oi

KurwueBble ciioBa:
WCKYCCTBEHHBIN
HMHTEJUIEKT,
MAaIIMHHOE
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McYe3HOBeHMs JaHamadTax. B qanHOM 0030pe 0000I1IeHBI Pe3yIbTaThl 82
PELEH3UPYEMBIX HAYUHBIX CTaTei, 0TOOpaHHBIX U3 0a3bl JaHHBIX Scopus 3a
2013-2025 rr., B KOTOPBIX MPUMEHSUIUCh METOJbI HA OCHOBE MCKYCCTBEH-
Horo wuHTe/wiekra, ['MC ® JUCTAaHIIMOHHOTO 30HIMPOBAHHS  JUIA
UCCIICIOBAHMS «TOPSYMX TOYEK» OuopasHooOpasus. AganTHpOBaHHAs
npoueaypa PRISMA no3Bosinia cokpaTuTh IEpBOHAYAIbHYIO BBIOOPKY M3
800 myOsmmkanuii 10 82 peyieBaHTHBIX JIOKYMEHTOB, BCE M3 KOTOPBIX ObUIH
MOJI-BEePrHYTHl MoMHOMY aHanu3y. [locie 2018 roma HaGmromancs pe3Kuii
POCT €XKEroJHOro KOJH4Ye-CTBa MyOJuKauuid, NpudéM OOJBIIMHCTBO
JOKYMEHTOB Obuto  omyOmukoBano B 2023-2025 rr. Hawubonee
pacnpocTpaHEHHBIM JIITOPUTMOM oKaza’scs Random Forest,
UCIOJB30BaHHBIM B 34 u3 82 JOKYMEHTOB, 3a HUM CIEAYIOT METO/BI
MOJICJIMPOBaHUS pacnpocTpaneHuss BuAoB (20), naHHbIE H300paKEHUI
Sentinel-1/2 (18) u rnybokoe oOyuenue (15). Hayunas snuteparypa B
OCHOBHOM COCpEJOTOYEHa Ha KJIacCU(PUKAUU C HCIOIb30BAaHHEM
MAaIIMHHOTO 00yUYeHHsI, MHTEPIIPETAIMH TaHHBIX HA0JII0ICHHI TOCPEACTBOM
riyookoro oOydenus, npumeHenun UAV/runepcnextpanbHbix/LiDAR-
wiatpopM, CIIyTHUKOBOM  MOHUTOpHHTe, wuHTerpauun eDNA
TpaXXIAaHCKOW HAayKH, a Tak)Ke BbBISBICHHUM HHBa3UBHBIX BHIIOB. CIIIA,
Wnmus w Bbpaswims sBns-muck Hambosiee HUTHPYEMBIMH CTPaHAMHU 10
KOJIMYECTBY OITyOJIMKOBAHHBIX HCCIEAOBAHUN; BEAYUIUMH HAy4YHBIMHU
u3nanusMu - BeicTymmiin - Remote  Sensing, Ecological Informatics wu
Ecological Indicators. Hu o1HO U3 pacCMOTpEHHBIX UCCIeI0OBAaHUI HE OBbLIO
NOCBSIIEHO Y30ekucTtany win LlenTpanbHol A3uu, 4TO CBUAETEILCTBYET O
HAJIMYUU OYEBUIHOTO reorpaduueckoro mpobdena. Bmecrte ¢ Tem Obuin
BBISIBIICHBI PE3YJIbTATHl MCCICIOBAHUN 3aCyIUIMBBIX, CTEIHBIX M JIyTOBBIX
9KOCUCTEM JIPYTHMX PETHOHOB, KOTOpPBIE MOTYT OBITh aJanTHPOBAaHBI K
ycinoBusiM LlenTpanbHoil Asuu. ['eonpocTpaHCTBEHHBI MOHUTOPUHI C
HCIOJIb30BaHNEM MCKYCCTBEHHOTO MHTEJUIEKTA JOCTUT METO0JIOTUYECKOM
3peNocT, HEOOXOTUMOHN sl TPAKTUYECKOTO NMPUMEHEHUS, OIHAKO €ro
nepeHoc B ycnoBus LleHTpanbHON A3uu, Xapakrepusyrommecs aeguuurom
JAHHBIX, TpeOyeT TPOBENEHHsS CIENUAIN3UPOBAHHON AMITHMPHUIECKON
BAIMJAIMK,  Pa3BUTUSA  KaJpOBOIO  MOTEHUHMAla W CO3JaHMs
UHOPACTPYKTYPBI OTKPHITHIX JIAHHBIX.

obyuenne, Random
Forest,
JUCTaHITUOHHOE
30HMPOBAHUE,
reorpaduyecKue
MH(POPMALOHHBIE
CHCTEMBI, «TOpSYHC
TOYKID)
OropazHooOpasus,
MOJICTTUPOBAHUE
pacrpocTpaHeHHS
BUJIOB, Y30€KHCTaH.

Biologik xilma-xillik markazlarini tadqgiq etishda
sun’iy intellekt va geomakon texnologiyalari:
Scopus ma’lumotlar bazasiga asoslangan
bibliometrik tahlil va O¢‘zbekiston uchun

tavsiyalar

ANNOTATSIYA

Sun’iy intellekt (SI), mashinali o°gitish va geofazoviy
texnologiyalarning uyg‘unlashuvi ekologlarning xavf ostidagi landshaftlarda
biologik xilma-xillikni aniglash, xaritalash va monitoring qilish usullarini
tubdan o‘zgartirdi. Mazkur sharh Scopus ma’lumotlar bazasidan (2013—
2025-yillar) olingan, biologik xilma-xillikning «gaynoq nugtalari»ni tadgiq
etishda sun’iy intellekt, GIS va masofadan zondlashga asoslangan usullarni
go‘llagan 82 ta tagrizdan o‘tgan ilmiy magolani umumlashtiradi. PRISMA

Kalit so‘zlar:

sun’iy intellekt,
mashinali  o‘qitish,
Random Forest,
masofadan zondlash,
geografik  axborot
tizimlari,  biologik

xilma-xillikning
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metodologiyasiga moslashtirilgan tartib asosida dastlabki 800 ta manbaadan | «gaynoq nugqtalari»,
82 tasi tegishli hujjat sifatida saralandi va ularning barchasi to‘liq tahlil | turlarning

gilindi. Yillik ilmiy nashrlar soni 2018-yildan keyin keskin oshgan bo‘lib, | targalishini
hujjatlarning asosiy gismi 2023-2025-yillarda chop etilgan. Random Forest | modellashtirish,
algoritmi eng ko‘p qo‘llanilgan usul bo‘lib, 82 ta hujjatning 34 tasida | O‘zbekiston.
ishlatilgan. Undan keyingi o‘rinlarda turlarning tarqalishini modellashtirish
(20 ta), Sentinel-1/2 tasvirlari (18 ta) va chuqur o‘qitish (15 ta) turadi. Ilmiy
adabiyot-larda  asosiy  yo‘nalishlar mashinali  o‘qitish  asosidagi
klassifikatsiya, chuqur o‘qitish yordamida kuzatuv ma’lumotlarini talqin
qilish, UAV/giperspektral/LiIDAR  platformalari, sun’ily yo‘ldosh
monitoringi, eDNA va fugarolik fanini integratsiyalash hamda invaziv
turlarni aniglashdan iborat. Eng ko‘p iqtibos keltirilgan tadqiqotlarni nashr
etgan mamlakatlar AQSh, Hindiston va Braziliya bo‘lgan; Remote Sensing,
Ecological Informatics va Ecological Indicators jurnallari yetakchi nashrlar
sifatida qayd etilgan. Hech bir tadgiqot O‘zbekiston yoki Markaziy Osiyoga
bag‘ishlanmagan bo‘lib, bu aniq geografik bo‘shliq mavjudligini ko‘rsatadi.
Shu bilan birga, boshqa hududlardagi qurg‘oqchil, dasht va o‘tloq
ekotizimlarida olingan hamda Markaziy Osiyo sharoitiga moslashtirilishi
mumkin bo‘lgan ilmiy dalillar aniglandi. Sun’iy intellekt yordamidagi
geofazoviy monitoring amaliy qo‘llash uchun metodologik jihatdan
yetarlicha rivojlangan, biroq uni ma’lumotlar tanqis bo‘lgan Markaziy Osiyo
sharoitiga joriy etish maxsus empirik validatsiya, mutaxassislar salohiyatini
oshirish va ochiq ma’lumotlar infratuzilmasini rivojlantirishni talab etadi.

1. Introduction

Global biodiversity loss is spatially uneven, concentrated in hotspots under intense
anthropogenic pressure, where traditional field surveys are too labour-intensive to match the
resolution conservation planning requires. This gap has been addressed by the convergence of GIS,
remote sensing (Sentinel, Landsat, UAV, hyperspectral and LiDAR platforms) and artificial
intelligence-especially Random Forest-which together convert spatial layers into maps of species
occurrence and habitat suitability [1,14], and increasingly incorporate eDNA metabarcoding
[4,5,9,20], citizen-science records [2,7,8] and deep learning for image-based detection [12].

Despite this maturation, Al-assisted biodiversity research remains geographically uneven:
citation impact concentrates in the United States, India, Brazil, the United Kingdom and Australia,
while Central Asia’s arid, steppe and mountain ecosystems are essentially absent from the indexed
literature. Uzbekistan spans desert, steppe, riparian (tugai) and mountain ecosystems of regional
significance, yet no Al- or GIS-based biodiversity assessment of the country was found in the corpus
reviewed here, even though toolkits demonstrated in analogous systems-the desert steppe of China
[15] and the semi-arid rangelands of Kenya [11]-are, in principle, transferable. This review therefore
(i) characterises the growth, geographic distribution and thematic composition of the 2013-2025
AI/GIS biodiversity-hotspot literature; (ii) synthesises the evidence into thematic clusters; and (iii)
evaluates its relevance to Uzbekistan.

2. Materials and Methods

This review is based on a bibliographic corpus retrieved from Scopus, restricted to 2010-2025
and English-language documents, combining biodiversity-, Al- and geospatial-technology-related
search terms applied to title, abstract and keyword fields (800 initial records).

Document selection followed a PRISMA-adapted workflow (Figure 1): 240 duplicates
removed (560 remaining); 160 non-Article/Review records excluded (400 remaining); restriction to
four relevant Scopus subject areas-Environmental Science, Earth and Planetary Sciences, Computer
Science, Agricultural and Biological Sciences (352 remaining); and an 80% relevance screening of
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abstracts, excluding 270 further. Eighty-two records satisfied the final criteria, 82 of which had
complete metadata and form the corpus analysed here.

The 82 documents were processed with Bibliometrix/Biblioshiny and VOSviewer to
characterise annual production, leading sources/countries, and keyword co-occurrence, and were
thematically classified by algorithm, sensor platform and ecosystem type using the original authors’
own terminology. No new experimental analysis was generated; all figures and statistics below
derive from the bibliometric analysis of the corpus or the reported content of the reviewed

documents.
FLOW CHART OF STUDY SELECTION PROCESS
Al, GIS and Biodiversity Hotspot Research (2010-2025)

Records identified from Scopus database

1 {n = 800) pmssmo St oy
[ TITLE - ABS XEY ( biodiversity AND hotspot ) OR | Racords removed belore sreening
TITLE-ABS-KEY [ biodiversity AND conservation ) | AND in = 240)
IDENTIFICATION (VITUE-ABS-KEY [ aetificial AND intaligence ) OR
TITLE-ABS-KEY ( machire AND learming ) OR : Duplicats eacords removed i
TITLE-ABS-KEY | deep AND learming | | AND L P P e -

{ TITLE ABSKEY ( gis | OR TITLE.ABS-KEY | remete AND seriesy | )

{ : Records excluded
Records after duplicates removed ‘ ! @ based on document type
{n « 160)

- I =] {n = 560) i
E Time sparc 2010-2025 t Roasen: Net Article or Riniew
L

Language: English ! feq. Conference Paper, Book Chapeer,

SCREENING | Editorlal, Note, Short Survey, etc.}
( \ i Records excluded
% Records screened i . based on subject area
(n = 400) 1 {n = 48)
Document type: Article & Review \ Reasor: Not in selectnd wbject aress
(0.9, Medkcine, Secial Stiences,
L & - — Physics and Astronomy, etc)
-\\\ “/,- ‘
~~
Records assassed for eligibility
( 3 ? Records excluded after
\! n = 352) 2
crcloded 10 § abstract screening
Scbymet areas E {n=270)
» Ervronmantal Scence
EUGH » Earth and Planetary Scences Ressory Relevance < BO%
IBauTY » Computer Science Not aligred with the research topic
* Agricutursd and Biclogical Scences
“1 ~— _— { S — > : Final Incluslon criteria

< Studies included in bibliometric analysis | © Articde or Revrw
{ ._Il (n=82) 3 @ Erglsh language
" @ 0.

Final dataset for biblometric and
INCLUDED wisualization analysis © obsen o

Source: PRISMA 2020 Flow Disgram Adaptation {Page et al, 2021)

Figure 1. PRISMA-adapted flow diagram of the study selection process for the
Al/GIS/biodiversity-hotspot literature corpus (2010-2025), from initial identification (n =
800) through screening, eligibility and final inclusion (n = 82).

3. Results

3.1 Bibliometric overview

The 82 documents were published between 2013 and 2025, with output rising sharply after
2018-eleven documents in 2023, fifteen in 2024 and twenty-nine in 2025, more than half the corpus
in the final two years. Of the 82 records, 73 were research articles and seven reviews. Leading
outlets were Remote Sensing (12), Ecological Informatics (6) and Ecological Indicators (5). The
United States (134 citations), India (115) and Brazil (114) were the most cited producing countries,
followed by the United Kingdom, Australia, Germany, Israel, Italy, Switzerland and South Africa
(Figure 2). No document originated from, or was co-authored by an institution in, Uzbekistan or
another Central Asian country.
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Figure 2. Most cited countries in the reviewed corpus, by total citations received
(Bibliometrix/Biblioshiny analysis).

3.2 Algorithms, sensor platforms and thematic clusters

Random Forest was the dominant algorithm (34 of 82 documents), applied from prediction of
tree-species distribution in data-poor forests [1] to diversity-index prediction across China’s desert
steppe [15], and consistently favoured for its robustness to noisy, high-dimensional predictor sets
[1,14,18]. Deep learning (15 documents) offered advantages mainly with large, spectrally complex
datasets - UAV hyperspectral imagery or LIDAR [12] - though its computational demands limit use
in data-scarce settings. Satellite remote sensing, led by Sentinel-1/2 (18 documents), and
UAV/hyperspectral/LiDAR platforms formed the observational backbone, complemented by cloud-
based platforms such as Google Earth Engine [19].

Species-distribution modelling recurred across 20 documents, spanning taxa from red panda
and black rhino to sub-alpine grassland species [10]. eDNA metabarcoding was integrated with
remote-sensing predictors for fish and arthropod biodiversity [3,4,5,9,20], and citizen-science data
were combined with machine-learning predictors to monitor waterbird habitats, range-limit species
and protected areas [2,7,8]. Invasive-species detection-Sentinel-2 classification of shrub
encroachment in Kenya [11] and hyperspectral discrimination in the Western Ghats [3] - and
grassland/mountain biodiversity under environmental change, including the ORCHAMP network
[16], were further recurring clusters directly relevant to Uzbekistan’s steppe and mountain biomes.
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Figure 3. Keyword co-occurrence network (VOSviewer) of author keywords across the 82-
document corpus.
4. Discussion
The reviewed evidence shows strong convergence around Random Forest, reflecting its
robustness to noisy, high-dimensional predictor sets [1,14,18], complemented by deep learning
e
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where large, high-dimensional imagery is available [12]. Sensor platforms present a resolution—
extent trade-off-satellite time series (Sentinel-1/2) for landscape-scale coverage versus
UAV/hyperspectral/LIDAR for fine-scale structure-while eDNA and citizen-science data are
increasingly integrated as complementary streams [2,4,5,7,8,9,20]. Several limitations, reported by
the reviewed authors themselves, deserve note: model transferability across regions is not
guaranteed without local recalibration [1,18]; ground-truth data scarcity, rather than algorithm
choice, is the primary bottleneck limiting accuracy [17]; and gaps in standardisation of biodiversity
variables complicate cross-study comparison [13,17]. These point toward the investments-local
training data, regional calibration, standardised protocols-needed to extend this evidence base to
regions such as Central Asia.

5. Recommendations for Uzbekistan

The absence of any Al-, GIS- or remote-sensing-based biodiversity hotspot study addressing
Uzbekistan or Central Asia in the reviewed corpus is itself the review’s most direct finding for the
country; any recommendation must therefore be framed as an inference of transferability from
analogous systems studied elsewhere, not as a synthesis of Uzbekistan-specific findings.

Uzbekistan’s desert and steppe ecosystems are comparable to the desert-step-pe system
validated in China [15] and the semi-arid rangelands mapped with Sentinel-2 ensemble classifiers
in Kenya [11]; combining Sentinel-1/2 time series with Random Forest is, in principle, transferable
to these zones, subject to local ground-truth data [1,14]. Uzbekistan’s mountain systems (western
Tian Shan, Pamir-Alai) are similarly comparable to sub-alpine systems studied via Random Forest-
based richness prediction [10] and to networks such as ORCHAMP [16]. Two infrastructural
enablers could lower the barrier to adoption: cloud-based platforms such as Google Earth Engine
[19], and citizen-science/eDNA integration [2,4,5,7,8,9,20], both of which reduce dependence on
local high-performance computing and systematic field survey alone.

On this basis: methodological transfer of Sentinel-1/2 and Random Forest-based protocols,
validated in analogous desert-steppe and rangeland systems [11,15], to Uzbekistan’s steppe and
desert biomes; adoption of cloud-based processing platforms [19]; and recognition that the absence
of any reviewed Central Asian case study is a well-defined research gap whose first empirical
closure would be of national and international relevance.

6. Conclusions

This review synthesised 82 peer-reviewed documents retrieved through a PRISMA-adapted
Scopus search to characterise Al and geospatial-technology-based biodiversity-hotspot research
(2013-2025). The literature shows accelerating growth and strong convergence around Random
Forest, complemented by deep learning for high-dimensional imagery, with Sentinel-1/2 as the
backbone of landscape-scale monitoring and eDNA/citizen-science data increasingly integrated as
complementary streams. At the same time, the review documents a clear geographic gap: no study
addresses Uzbekistan or Central Asia. Given the maturity of Random Forest- and Sentinel-based
approaches in analogous desert, steppe and mountain systems elsewhere, this gap reflects an absence
of documented application rather than a lack of methodological readiness, and closing it will require
local ground-truth data collection, regional model calibration, and cloud-based processing
infrastructure.
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