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Abstract

The European Green Deal outlines the European Union’s roadmap
for the green transition required by the Paris Climate Agreement. As
part of its sustainable environmental policies, the European Green
Deal aims to integrate digital transformation with the preservation
of ecosystem services, the enhancement of green infrastructure, and
the long-term sustainability of green networks. Green infrastructure
contributes directly to the environmental objectives of the Green Deal
by reducing carbon emissions, improving air quality, and conserving
biodiversity. Therefore, accurately identifying, monitoring, and
mapping green infrastructure is essential to achieving these goals.
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In this context, artificial intelligence (Al)-based automated tree
detection systems, a rapidly advancing technology, play a critical
role in fields such as forest management, biodiversity monitoring,
and carbon footprint assessment. This study aims to support green
policy objectives by automatically detecting tree communities in a
specified region using Al algorithms applied to open-access satellite
imagery. The research was conducted across three sample areas with
varying environmental characteristics. The methodology integrates
image-processing techniques with object detection algorithms,
enabling high-accuracy classification of trees. The results contribute
significantly to climate change mitigation efforts, carbon stock
monitoring, smart urban planning, and the formulation of agricultural
policies. Moreover, the proposed system can function as a decision
support mechanism for public institutions, local governments,
environmental scientists, and policymakers. In alignment with the
European Green Deal’s vision of digital green transformation, such
Al-based applications hold substantial potential for enhancing
environmental sustainability.

Keywords: artificial intelligence, green infrastructure, European Green
Deal, digital green transformation, automated tree detection

INTRODUCTION

Climate change, one of the most pressing global challenges
of the 21* century, is not limited to rising temperatures alone; it also
encompasses a wide range of environmental consequences such as
biodiversity loss, diminishing water resources, degradation of forest
ecosystems, and the shrinking of natural habitats due to urbanization
pressures (Gilman et al. 2010; Malanson and Alftine 2023). Scientific
evidence clearly identifies anthropogenic greenhouse gas emissions as
the primary driver of this transformation (Chen et al. 2023; Han ef al.
2024), thereby reinforcing the urgency for environmentally sensitive,
sustainable, and digitally supported new policy frameworks. In this
context, the European Green Deal, announced by the European Union
in 2019, provides a transformative framework for combating climate
change and achieving environmental sustainability goals (Paleasri
2022; Boix-Fayos and de Vente 2023).

46



S. Selim, I. Yilmaz, P. Kinikli IMPLEMENTATION OF AI-BASED DETECTION...

The European Green Deal outlines strategic objectives such
as achieving a carbon-neutral continent, promoting the efficient use
of natural resources, implementing circular economy practices, and
preserving biodiversity (Samper et al. 2021; Skjerseth 2021; Knez et
al. 2022). In the realization of these targets, digital transformation plays
a key role not only in the domains of production and energy but also
in environmental monitoring, planning, and management processes.
This integrated approach, referred to as the digital green transition,
aims to enable more accurate, timely, and data-driven environmental
decision-making (Bertoncelj 2022). Within this framework, digital
technologies such as artificial intelligence (Al), Remote Sensing (RS),
Geographic Information Systems (GIS), and big data analytics are
contributing significantly to the monitoring of environmental assets
and changes, representing a paradigm shift in how environmental
information is gathered, interpreted, and utilized (Himeur et al. 2022;
Caglar et al. 2025).

For green transition policies to be effectively implemented, the
preservation and enhancement of green infrastructure — comprising
trees, green spaces, forests, and other forms of natural vegetation — are
of critical importance (Besley and Persson 2023). Green infrastructure
is not merely an aesthetic component; it functions as a carbon sink,
improves air quality, mitigates the urban heat island effect, and supports
biodiversity, making it a vital environmental asset (Semeraro et al.
2021; Belcakova et al. 2022). In areas experiencing rapid urbanization,
the strategic conservation of green infrastructure is a prerequisite
for the development of climate-resilient cities (Kumar et al. 2023).
However, traditional methods for monitoring these natural assets —
such as field surveys and manual tree counting — are impractical,
time-consuming, and costly, particularly when applied to large forested
areas or in the context of limited resources (Himeur et al. 2022). In this
regard, automated tree detection presents significant potential for the
effective management of green infrastructure in both rural and urban
landscapes. Accurate identification of tree count, distribution, and
health status plays a crucial role in a variety of applications, including
forest fire risk management, urban planning, carbon stock assessment,
and biodiversity monitoring (Polacek et al. 2023; Capecchi et al. 2023).
Due to the limitations of conventional techniques, Al-based image
processing and object detection algorithms have become increasingly
prevalent in recent years (Choi ef al. 2022; Miranda et al. 2023; Heng
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et al. 2024). Artificial intelligence technology, which is fundamentally
based on machine learning and enables a machine to acquire knowledge
through data processing, focuses on the development of algorithms
and models that improve the performance and knowledge bases of
computer systems (Luknar 2025). Among these models, the deep
learning models have shown strong performance when applied to
high-resolution imagery derived from satellite data, unmanned aerial
vehicle (UAV) footage, and sensor-based systems (Jintasuttisak et al.
2022; Li et al. 2023). These models offer automated, high-accuracy
detection capabilities, enabling both cost and time efficiencies while
ensuring continuous, up-to-date environmental monitoring (Wu et al.
2021; Onishi and Ise 2021). These technological advancements are
grounded in the integration of RS and GIS (Velasquez-Camacho et
al. 2023). RS techniques enable large-scale, real-time monitoring and
provide valuable insights into vegetation health, moisture levels, and
stress indicators through infrared, multispectral, and hyperspectral
imagery (Raihan et al. 2023). GIS, in turn, facilitates spatial analysis
and multilayer visualization of this data, grounding environmental
decision-making in a scientifically robust framework (Li et al. 2023).
The integration of Al algorithms with these systems automates the
entire workflow — from data analysis to geospatial mapping — thereby
significantly enhancing the efficiency and accuracy of decision support
mechanisms (Mohan and Giridhar 2022; Choi ef al. 2023).

In line with the digital transformation vision of the European
Green Deal, this study aims to support the conservation of green
infrastructure and enhance environmental management through the
automated detection of trees using artificial intelligence. In doing so,
the study exemplifies the potential of technology-based solutions to
contribute to the Green Deal’s overarching goals of building a climate-
neutral and environmentally friendly society. Although the Green Deal
formally encompasses the 27-member states of the European Union
(EU), its objectives are also expected to be supported by countries in
cooperation with the EU (EU 2019; Kattelmann et al. 2021). Turkey,
due to its geographical position and strong economic, political,
and environmental ties with the EU, holds significant potential in
contributing to the goals of the European Green Deal. While not an EU
member, Turkey’s participation in the Customs Union and its candidate
country status position it in close alignment with EU environmental
and climate policies. Consequently, the priorities set forth by the
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Green Deal have a direct influence on Turkey’s environmental policy
landscape. In this context, the present study, conducted in Turkey,
aligns with the country’s commitment to contributing to these goals
through its ratification of the Paris Agreement and its formulation
of the Green Deal Action Plan. This national plan aims to enhance
environmental sustainability, reduce carbon emissions, and promote
the transition to a green economy (Ministry of Trade 2021). Therefore,
the current study holds particular relevance in supporting Turkey’s
alignment with Green Deal objectives. The methodology presented in
this article offers not only academic contributions but also practical
implications. It aims to provide local governments, environmental
planners, and conservation specialists with a scalable, verifiable, and
sustainable tool for environmental monitoring.

MATERIAL AND METHOD

In this study, the detection and counting of trees in agricultural
lands with varying soil characteristics were carried out using up-to-
date and open-access Google satellite imagery, combined with an
artificial intelligence-supported deep learning approach. The proposed
methodology consists of four main steps: data preparation, model
implementation, postprocessing of model outputs, and accuracy
assessment (Figure 1).
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Figure 1. Method flowchart

1. Data Preparation

Satellite Imagery Ground Truth Data
(RGB, 3 Parcels) (Manual Points})
T
1
\
\
Yimage Input

v

2. Tree Deteption (YOLOvO)
Y

Madel Application
(Pre-trained YOLOvV9)

Raw Detections
(Polygon Qutputs)

T
i
i
]
I
i
i
i
1
I
i
i
i
]
i
i
i
I
1
i
i
i
I
i
i
i
i
I
i
i
i
I
I
i
i
i
I
i
i
i
i
I
i
i
i
I

T
1
{
1
\Raw Polygons Ground Truth Data

3. Detection Riltering (Python)
Y

Palygon Filtering
(Geometric & Area-based)

Filtered Detections
(Final Polygons)

i
1
i

i

\, -

Accuracy Analysis
(Matching & Metric Calculation)

’/5. Results%

Metrics Visual Results
(Table 1) (Figure 2)

Source: Authors

50



S. Selim, I. Yilmaz, P. Kinikli IMPLEMENTATION OF AI-BASED DETECTION...

The study was conducted on three distinct agricultural parcels
(Parcel 1, Parcel 2, and Parcel 3), each characterized by different
ground conditions, geometrical configurations, and tree density patterns.
Perennial agricultural lands were selected due to their dual significance
in both economic productivity and ecological value. The trees within
these parcels provide a wide range of ecosystem services, including
carbon sequestration, oxygen production, urban heat island mitigation,
and support for biodiversity, while also contributing to the economy
through fruit yield. For tree detection, high-resolution RGB satellite
imagery obtained from the Google Earth platform was utilized. To
evaluate the performance of the model, the tree locations within each
parcel were manually digitized and converted into point geometries to
create ground truth datasets (Figure 2).

Figure 2. Study area data (The red dots represent the validation data)
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For the detection of tree crown centroids, the pre-trained “Tree-
Tops Detection” model available within the “Model Zoo™ collection of
the QGIS Deepness plugin was employed. This model operates with an
input resolution of 640x640 pixels and was trained on a custom dataset
comprising a combination of various open-source image collections. It
is built upon the YOLOVY architecture as the underlying object detector,
with the confidence threshold set at 0.10 and the Intersection over Union
(IoU) threshold at 0.50 (Lu and Wang, 2024). YOLOV9, as the latest
advancement in the YOLO series, introduces architectural innovations and
enhanced training strategies that significantly improve detection accuracy
while preserving real-time inference speeds (Wang et al. 2024; Chien
et al. 2024). Evolved from the YOLOV7 framework, YOLOV9 is based
on a novel module known as Generalized Efficient Layer Aggregation
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Network (GELAN), which allows for optimized parameter utilization by
leveraging more efficient convolutional operators. One of the most notable
innovations in YOLOV9 is the integration of Programmatic Gradient
Information (PGI), a newly proposed training enhancement framework
(Zhang 2024). PGI improves gradient flow during training, mitigates
information loss in deep neural networks, and enhances parameter learning
through more targeted and enriched input data (Kumar et al. 2024). These
architectural and algorithmic improvements result in measurable gains
in both speed and accuracy when compared to previous YOLO versions
(Ikmel and El Amrani 2024; Ye et al. 2024; Topgiil et al. 2025). Initially,
the model outputs tree crown detections as bounding polygons within the
input satellite imagery. These raw polygon outputs (input_raw_polygon
path) were subjected to a sequence of post-processing steps using Python
and the GeoPandas library to reduce noise and exclude non-tree objects.
The post-processing included reprojection of all spatial data into a locally
appropriate projected coordinate reference system (EPSG:32636) for
accurate geometric calculations, removal of null or invalid geometries,
area-based filtering using absolute or relative thresholds calculated
within the projected CRS (a coordinate reference system that transforms
geospatial data from the Earth’s 3D surface to a 2D map projection), and
additional filtering based on polygon aspect ratios. The resulting filtered
polygons were exported as a shapefile (output filtered polygon path) and
used for further analysis in comparison with ground truth datasets across
the sample parcels.

After the automatic detection of trees using artificial intelligence-
supported deep learning algorithms, the verification phase was initiated.
To quantify the detection performance of the filtered tree polygons,
the metrics presented in Table 1 were calculated based on ground truth
points. In this phase, matching was performed by checking whether a
ground truth point was located within a filtered predicted polygon. The
evaluated metrics include the Ground Truth Tree Count (GT), Estimated
Number of Polygons (ENP), True Positives (TP), False Positives (FP),
and False Negatives (FN), which are frequently used in the literature
(Reddy and Karthikeyan 2022), along with derived measures such as
Precision, Recall, and F1 Score. The corresponding equations were
implemented within an automated workflow (Equations 1, 2, 3, and 4).
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Accuracy = TP+TN .
4 (TP +TN +FP + FN) (Equation 1)
Precision = T—P (Equation 2)
TP + FP
Recall = _r (Equation 3)
TP +FN

(2 - Precision- Recall )
F1 Score =

(Precision + Recal ) (Equation 4)

RESULTS

In this study, a comprehensive analysis was conducted using
artificial intelligence and deep learning algorithms to detect trees in
three agricultural parcels with distinct morphological characteristics. The
applied method was trained on high-resolution satellite imagery and field
data, demonstrating applicability under heterogeneous conditions such
as varying vegetation densities and terrain structures. The performance
exhibited by the deep learning models yielded promising results for
automatic tree detection. Model outputs were evaluated through accuracy
analyses, with detection success assessed separately for each parcel. The
mapping process was considered a critical stage for visually presenting
tree detection results and examining model accuracy on an area-based
scale. The maps shown in Figure 3 facilitate a comparative interpretation
of the performance of the Al-supported deep learning method used
for automatic tree detection under different parcel conditions, thereby
visually supporting the applicability of the proposed approach.
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Figure 3. Trees detected by deep learning algorithms after Python-based
filtering (The blue dots represent the detected trees)
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The performance of the “Tree-Tops Detection” model used in this
study was demonstrated across three different agricultural parcels using
Google satellite imagery. Parcel 1 consists of trees planted on bare soil
with partially regular row and spacing patterns, some gaps, and mostly
similar crown diameters. The applied model successfully detected the
regular groups but showed errors in areas with morphological variations.
Parcel 2, also situated on bare soil, contains trees with mixed gaps and
diverse shapes. The varying tree morphologies in this parcel notably
increased the model’s error rate in detection. Parcel 3 is characterized by
a green ground cover with trees arranged in regular rows and spacing,
exhibiting uniform shapes. In this area, the model achieved higher
accuracy compared to the other parcels (Table 1).

Table 1. Automatic Tree Detection Performance Metrics for Different Parcels

Metrics Parcel 1  Parcel2  Parcel 3
True Tree Count (Ground Truth) 406,00 362,00 243,00
Estimated Number of Polygons (ENP) 474,00 511,00 263,00
True Positive (TP) 404,00 359,00 247,00
False Positive (FP) 88,00 158,00 21,00
False Negative (FN) 26,00 24,00 11,00
Precision 0,82 0,69 0,92
Recall 1,00 0,99 1,02
F1 Score 0,90 0,82 0,97
Accuracy: 0,78, 0,66, 0,88
Source: Authors
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The model demonstrated F1 scores ranging from 0.82 to 0.97 across
the three parcels. The highest F1 score (0.97) was observed in Parcel 3,
while the lowest F1 score (0.82) was recorded in Parcel 2. Overall accuracy
values were calculated as 0.78 for Parcel 1, 0.66 for Parcel 2, and 0.88 for
Parcel 3. These performance variations among parcels are closely related
to the characteristics of the terrain and tree cover. For example, in Parcel
3, which showed the highest performance, trees are more homogeneous,
dense, and regularly spaced with clear contrast against the ground. In
contrast, Parcel 2, which exhibited the lowest performance, contains sparser
trees, variable ground conditions, and spectral/textural properties similar
to tree crowns, resulting in an increased number of False Positives (FP).
Parcel 1 demonstrated moderate performance, where the high number
of False Positives reduced the precision value. Generally, the relatively
low number of False Negatives (FN) across all parcels indicates that the
model is capable of detecting existing trees but tends to produce more FPs
as ground complexity increases and tree density decreases. The model’s
performance is influenced by factors such as tree density, homogeneity,
contrast with the ground, and the presence of treelike objects on the terrain.

Limitations of the study include the use of a pre-trained general
model without region-specific tuning, constraints related to the resolution
and quality of Google satellite imagery, and the potential human error
introduced by manual digitization of validation data. For future work,
it is recommended to train the model with region-specific samples for
increased accuracy, employ data augmentation techniques, utilize higher-
resolution imagery, develop additional machine learning-based filtering
layers alongside existing filtering steps, and test different deep learning
architectures. For optimal model performance, high-resolution images
captured during active growth periods, with minimal shading and a clear
distinction between tree crowns and the ground, are ideal. When applying
this model in urban green spaces, challenges such as heterogeneity in
tree species and sizes, complex backgrounds, and shadows may arise;
these challenges can be mitigated by expanding the training dataset and
incorporating 3D data sources like LiDAR. In natural forests, dense
and interwoven canopies, high species diversity, dense understory
vegetation, and topographic shadows present significant challenges; here,
higher-resolution drone or LIDAR data may provide viable solutions.
In conclusion, the YOLOv9based “Tree-Tops Detection” model offers
promising results for tree detection using Google satellite images; however,
its performance varies according to site-specific conditions. Therefore, the
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proposed recommendations for further model development and adaptation
to different environments should be considered.

DISCUSSION AND CONCLUSION

Global climate change, as one of the most urgent environmental
challenges of our time, necessitates the development of new strategies and
technological solutions worldwide. In this context, the European Green
Deal, proposed by the European Union with the goal of making the continent
carbon-neutral by 2050, centers on policies that promote environmental
sustainability (Selim 2021). Among these policies, agricultural and
forest management, carbon sequestration, and the traceability of natural
resources are of paramount importance (Keith ez al. 2021). At this juncture,
artificial intelligence—supported tree detection technologies, incorporating
tools such as deep learning and machine learning, emerge as powerful
instruments in achieving these objectives. Leveraging Al algorithms and
satellite imagery, fruit trees in agricultural lands can be detected with high
accuracy, enabling the creation of digital forest and agricultural maps (Yu
et al. 2022; Gan et al. 2023). This technology holds significant potential
not only for production planning but also for monitoring carbon stocks
and reducing carbon footprints (Gaur et al. 2023; Manikandan et al.
2025). Trees, especially long-lived fruit trees, act as natural carbon sinks
by absorbing atmospheric carbon dioxide (CO-) through photosynthesis
(Gelaye and Getahun 2023). Therefore, monitoring the number, species,
and development status of these trees constitutes critical data for carbon
balancing policies (Wambede et al. 2022).

Within the nature-based solutions framework advocated by
the European Green Deal, detecting and increasing tree presence in
agricultural lands is actively encouraged (Davies et al. 2021; Tanneberger
et al. 2021). The sustainability of such solutions depends not only
on tree planting but also on the accurate detection, monitoring, and
management of these trees (Palomo et al. 2021). This study presents
a practical method that combines open-source satellite imagery with
Al algorithms for the automated, high-accuracy detection of trees.
Using the proposed approach, rapid and practical quantification of tree
counts in a given region is possible, growth trends can be identified, and
yield predictions for agricultural production can be developed, thereby
enabling the optimization of environmental and agricultural policies.
The application of this technology also holds importance in terms of
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transparency and accountability. The European Union’s carbon markets,
sustainable agricultural subsidies, and green financing instruments
are shaped based on specific environmental outcomes. Data collected
through Al provides verifiable evidence for such mechanisms, enhancing
the effectiveness of climate policies.

Results obtained from this study demonstrate that using Al
technologies for detecting trees in a region is faster and more cost-
effective than traditional detection methods while achieving acceptable
accuracy. Moreover, the use of Al specifically for automatic detection of
fruit trees carries strategic value not only for agricultural productivity but
also for combating climate change, carbon sequestration, and realizing
the goals of the European Green Deal. The widespread adoption of this
technology will contribute to building sustainable agricultural and forest
management policies on digital foundations, thereby strengthening the
balance between rural development and environmental conservation.
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TeXHUKEe oOpaje ciIMKa ca alropuTMuUMa 3a AETeKUHujy objexara,
omoryhasajyhu BucokonpenusHy kiacupukanujy apseha. lerekuunja
u Opojame apBeha Ha MOJLONPUBPEIHUM 3eMJBUIIITHMA Ca PA3IMYUTHM
KapaKTepUCTHKaMa 3eMJbUINTA CHPOBEICHH Cy KopulihemeM
QKYPHHX W OTBOPEHO JOCTYITHUX CATEIUTCKUX CHUMAaKa KOMITaHHje
Google, y KoMOWMHAIMjU ca TMPUCTYNOM JIyOOKOT ydema MOApKaHUM
BEIITAYKOM MHTenureHuujom. IlpeanoxkeHna MeTononoruja ce cactoju
Ol YETHpH TJIaBHA KOpaka: MpHIpeMa MoAaTaka, MMIUIEMEHTAalnja
Mojienia, OCTIPOoIlecHa 00pajia 13naza Mojieia U MPoIeHa TAYHOCTH.
3a gerekumjy LeHTpouJa KpyHa npBeha kopuimmheH je mpeTxogHO
obyuenn momen “Tree-Tops Detection” mocTyman y OKBHPY KOJIEKITH]E
“Model Zoo” nomarka QGIS Deepness. Hakon ayTomarcke IeTEKIHje
npeeha xopumhemeM anropuraMa TyOOKOr yuema MHOAPIKaHUX
BEIITAYKOM WHTEIUTCHIMjoM, 3amodeta je (a3a Bepudukanuje.
Y o0Boj ¢asu, ynapuBame je M3BPIICHO HPOBEPOM Ja JIM CE Tadka
WCTHHUTOCTH Halla3u yHyTap QUITPHPAHOT MpEIBUNEHOT IMOJMTOHA.
[IponewmuBana MeTpuka ykbydyje HMctuauToct Opoja crabama
Ha Ttepeny (GT), mpomnewmenn O0poj mommrona (ENP), umctuamTO
no3utuBHe pesyarare (TP), naxxHo mo3utusHe pesynrare (FP) u naxHo
neratuBHe pesyntare (FN), 3ajeqHo ca u3BeieHUM MepaMa Kao ILITO
cy npeuusHoct, noacehame u F1 pesynrar. Pesynraru cy mokasanu
na ce orene F1 kpehy on 0,82 mo 0,97 Ha ce Tpu mapuene. Hajseha
F1 onena (0,97) mpumehena je Ha maprenu 3, IOK je HajHMKA OICHA
F1 (0,82) zabenexena Ha mapienu 2. YKyIHE BPEIHOCTH TavYHOCTH
n3pauyHarte cy kao 0,78 3a mapueny 1, 3arum 0,66 3a napueny 2 u 0,88
3a mapueny 3. OBe Bapujaumje y neppopmancama mehy mapuenama
Cy YCKO TOBE3aHE ca KapaKTepucTHKama TepeHa W IOKpHBada
npBehem. ['enepanto, penatnBHO Manu O6poj maxHo HeratuBHUX (FN)
pe3ynTara Ha CBHM TapiiejiaMa yKasyje Ha TO Ja je MOZIEN CIoco0aH
na nerekrtyje mocrojehe npsehe, aaw WMa TEHACHIHU]Y Ja MPOU3BOAH
Bume FN pesynrara kako ce cinoxeHocT ia nosehaBa, a rycTuHa
npseha cmamyje. Ha mepdopmance mozena ytudy (GpakTopu Kao IITO
cy TyctuHa apBeha, XOMOTEHOCT, KOHTPAacT Ca TJIOM U TPHCYCTBO
o0jekara Hanmuk Apsehy Ha TepeHy. OrpaHnyema CTyAHje YKIbYUY]y
yrmoTpeOy TPeTXOAHO OOYUYEHOT OIITEr Monena 0e3 crenuGuIHuX
MoJIelIaBama 3a ofpe)eHn PeruoH, OorpaHnYeha Be3aHa 3a Pe30TyIH]y
1 KBAJIUTET CaTEJIUTCKUX CHUMaKa komnanuje Google n MOTEHIMjaIHy
JbYACKY TPEIIKy KOjy YBOAM pydYHa AWTHTAIM3alMja MoJaraka o
Banupanuju. 3a Oynyhwu pax, npemnopydyje ce oOyka Mojena ca
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y3opuuMa crnenquduuauM 3a oxpeheHn pernon paaum mnosehane
TAYHOCTH, KOpHIIheme TEeXHUKa MpOIINpema Mojaaraka, Kopuiheme
cuumaka Behe pesonyiuje, pasBoj JOAATHUX CliojeBa (UITPUpPAHA
3aCHOBAaHMX Ha MAIIMHCKOM Yy4Yemy Topen mocTtojehnx Kopaka
GUITpHUpama U TECTUPAKE PA3TUYUTHX APXUTEKTYpa TyOOKOT yUeHa.
3akspyuno, monen “Tree-Tops Detection” 6azupan Ha YOLOVY Hynu
obehaBajyhe pesynrare 3a aerexuujy Apseha kopuithewmem Google
CaTeIMTCKUX CHUMaka. Mehytum, merose mnepdopmance Bapupajy
y 3aBHCHOCTH O] yclioBa crnenuduuHux 3a jokamnujy. Crora Tpeda
PasMOTPUTH TIpEIOKEHE TPENopyKe 3a Jajbh pa3Boj Mojena H
npuirarohaBame pa3IMIATUM OKpyKelnMa. PesynraTu mnodujeHn oBoM
CTYyIMjOM TIOKa3yjy 1a je kopuinheme TexHonoruja BU 3a oTkpuBame
apseha y pernony Opske W HCIUIaTHUBHjE O[] TPaIUIMOHATHUX METOAA
OTKpHBamba, y3 TMOCTU3amke MpuxBarjbuBe TauHocTu. llltaBume,
ynorpeba BM moceOHO 3a ayToMaTcKo OTKpHMBame Bohaka HoOcH
CTpaTelIKy BPEJHOCT HE CaMO 3a MOJbOIPUBPEIHY MPOIYKTHBHOCT,
Beh m 3a OopOy MPOTHB KIMMATCKUX TIPOMEHA, CEKBECTPAIH]je
yribeHUKAa W OCTBAapHBamba IMJbeBa EBPONCKOr 3€JeHOr 0roBOpa.
[upoxo ycBajame OBE TEXHOJOTHje AOMpHHENe H3rpaamby OIPKUBUX
MOJIUTHKA TOJBOTIPUBPEIHOT ¥ IIyMAapCKOT YIPaBJbamha Ha JUTUTATHUM
TeMeJbUMa, YiMe fie ce ojayatu paBHOTEKA u3Mel)y pypasiHOT pas3Boja u
OYyBaa KUBOTHE CPEJIHHE.

Kibyune peun: Bemrauka WHTEIUTEHIIM]a, 3eJieHA HHPPACTPYKTypa,
EBponcku 3ej1eHM OOroBOp, AUTHUTANIHA 3€JIeHA
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