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The rapid advancement of deep learning has revolutionized satellite image analysis
with both Convolutional Neural Networks (CNNs) and Vision Transformers (ViTs) show-
ing promising results. This study presents a comprehensive comparative analysis of these
architectures for land cover segmentation in satellite imagery, addressing the critical need
for understanding performance-efficiency trade-offs in real-world deployment scenarios.
Four state-of-the-art models were fine-tuned and evaluated: ResNet50 and EfficientNet-B0
representing CNNs, ViT-B/16 and Swin Transformer representing the transformer family.
Using the DeepGlobe Land Cover Classification dataset containing 803 high-resolution
satellite images with seven land cover classes, model performance was assessed across mul-
tiple metrics including mean Intersection over Union (mloU), F1-score, and pixel accuracy.
Additionally, computational requirements including inference speed, model size, and
memory consumption were analyzed on an NVIDIA RTX 4070 GPU to simulate practical
deployment constraints. The results demonstrate that while Vision Transformers achieve
superior segmentation accuracy with Swin-T reaching 74.2% mloU compared to 71.8% for
EfficientNet-B0O, CNNs maintain significant advantages in inference speed and memory
efficiency. EfficientNet-BO processes images 2.3 times faster than ViT-B/16 while using
40% less GPU memory. Class-wise analysis reveals that transformers particularly excel in
complex scenarios like urban areas and forest boundaries, while all models achieve over
89% IoU for water body segmentation. These findings provide practical insights for select-
ing appropriate architecture based on specific deployment constraints, highlighting the
trade-offs between accuracy and computational efficiency in satellite image analysis appli-
cations for environmental monitoring, urban planning, and disaster response.

Keywords: satellite image segmentation, Vision Transformer, Convolutional Neural
Networks, deep learning, land cover classification.

Introduction. Satellite image analysis has become increasingly crucial for
various applications, including urban planning, environmental monitoring, agri-
cultural assessment, and disaster response [1]. The ability to automatically seg-
ment and classify different land cover types from satellite imagery enables large-
scale monitoring and decision-making processes that would be impractical
through manual analysis. Recent advances in deep learning have transformed this
field, offering unprecedented accuracy in automated land cover classification and

segmentation tasks [2]. The emergence of Vision Transformers (ViTs) (Fig. 1)
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alongside established Convolutional Neural Networks (CNNs) has created new
possibilities and challenges for satellite image analysis. While CNNs have proven
effective through their hierarchical feature extraction and spatial inductive biases,
transformers offer the potential for modeling global dependencies crucial for un-
derstanding large-scale geographical patterns [3].
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Fig. 1. The Vision transformer model architecture

However, the computational requirements and efficiency of trade-offs be-
tween these architectures remain poorly understood in the context of satellite im-
agery. This study addresses the gap in systematic architectural comparison for sat-
ellite image segmentation by evaluating the representative CNN and transformer
models on the DeepGlobe Land Cover Classification dataset. The analysis encom-
passes segmentation accuracy and computational requirements on consumer-grade
hardware, providing practitioners with empirical data for informed architecture
selection.

Related works. The application of deep learning to satellite image analysis
has evolved rapidly since the introduction of Fully Convolutional Networks
(FCN) for semantic segmentation [4]. Long et al. demonstrated that adapting clas-
sification networks for dense prediction through fully convolutional architectures
could achieve state-of-the-art results on natural images, inspiring subsequent ap-
plications to remote sensing. U-Net architecture, initially designed for biomedical
image segmentation, succeeded in satellite imagery due to its efficient use of skip
connections to preserve fine-grained spatial information [5]. Recent advances in
CNN architecture have focused on improving both accuracy and efficiency.
DeepLabv3+ introduced spatial pyramid pooling to capture multi-scale context,
proving especially effective for satellite images where objects appear at vastly
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different scales [6]. The FPN (Feature Pyramid Network) approach addresses sim-
ilar challenges by constructing multi-scale feature pyramids, enabling accurate
segmentation across different object sizes. These architectural innovations demon-
strate the continued relevance of CNN-based approaches for satellite image analy-
sis.

The introduction of ViTs marked a paradigm shift in computer vision, chal-
lenging the dominance of convolutional architectures [7]. Unlike CNNs that pro-
cess images through local convolutions, ViTs divide images into patches and pro-
cess them as sequences, enabling direct modeling of global dependencies. This
fundamental difference allows ViTs to capture long-range spatial relationships
more effectively, though at the cost of increased computational complexity with
O(n?) attention operations. Several studies have explored transformer applications
in remote sensing. [8] provides a comprehensive survey of transformers in remote
sensing, highlighting their effectiveness for tasks requiring global context under-
standing. The hierarchical design of Swin Transformer, which introduces locality
through shifted windows while maintaining global modeling capability, has
shown promise for dense prediction tasks in satellite imagery [9]. Recent work by
[10] demonstrated that sparse token transformers could reduce computational re-
quirements while maintaining accuracy for building extraction tasks.

While numerous studies evaluate individual architectures on satellite im-
agery, comprehensive comparisons between CNN and transformer paradigms re-
main limited. Satellite image analysis systems often process terabytes of imagery
daily, making inference speed and memory efficiency as important as accuracy.
Zhang et al. highlighted that practical deployment considerations usually out-
weigh marginal accuracy improvements, particularly for resource-constrained ap-
plications [11]. Understanding these trade-offs becomes crucial for organizations
with limited computational budgets or real-time processing requirements. Recent
hybrid approaches attempt to combine CNN efficiency with transformer capabili-
ties. ConvNeXt modernizes standard ConvNet designs using lessons learned from
transformers, achieving competitive performance with improved efficiency [12].
Similarly, EfficientFormer proposes a hybrid architecture that leverages convolu-
tion and attention mechanisms, offering potential convergence between paradigms
[13]. By evaluating models on consumer-grade hardware (RTX 4070) rather than
high-end data center GPUs, the research provides insights relevant to a broader
range of practitioners and deployment scenarios.

Research methodology

Dataset and preprocessing. The DeepGlobe Land Cover Classification da-
taset is used as an evaluation benchmark, providing 803 high-resolution satellite
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images captured at 50 c¢m spatial resolution [14]. Each image spans 2448x2448
pixels and includes pixel-wise annotations for seven land cover classes: urban land,
agriculture land, rangeland, forest land, water, barren land, and unknown regions.
The dataset's geographical diversity covers multiple continents and climate zones,
ensuring robust evaluation across varied landscapes. Data preprocessing followed
established practices in satellite image analysis while considering computational
constraints. Original images were resized to 512x512 pixels using bilinear interpo-
lation to fit within GPU memory limitations while preserving sufficient detail for
accurate segmentation. The resizing factor of approximately 4.8x reduces computa-
tional requirements by a factor of 23 while maintaining the essential spatial pat-
terns needed for land cover classification. Pixel values were normalized to the
[0, 1] range and standardized using ImageNet statistics, as all evaluated models
utilized ImageNet pretraining. Data augmentation strategies specifically targeted
the characteristics of satellite imagery. Random horizontal and vertical flips exploit
the rotation-invariant nature of aerial perspectives, effectively quadrupling the
training data diversity. Random rotations within £30 degrees enhance rotational
invariance while avoiding extreme angles that might disrupt semantic meaning.
During training, these augmentations were applied with 50% probability to balance
diversity with original data distribution preservation.

The model architecture and implementation. The architectural selection en-
compasses established representatives from both CNN and transformer families,
chosen for their proven effectiveness and availability of pretrained weights. Res-
Net50 exemplifies the classical CNN approach with its residual connections ena-
bling deep feature extraction without gradient degradation [15]. For segmentation,
ResNet50 was employed as an encoder within a Feature Pyramid Network (FPN)
framework, which constructs a multi-scale feature pyramid through top-down
pathways and lateral connections. This design enables effective segmentation
across different object scales, which is particularly important for satellite imagery
where land cover regions vary dramatically in size.

EfficientNet-BO represents the state-of-the-art in efficient CNN design, uti-
lizing compound scaling to optimize depth, width, and resolution [16]. For B0, the
base model uses 5.3M parameters compared to ResNet50's 25.6M, achieving com-
parable accuracy. The segmentation head follows a U-Net design with skip connec-
tions from intermediate encoder layers, preserving fine-grained spatial information
crucial for precise boundary delineation.

Vision Transformer (ViT-B/16) adapts the standard transformer architecture
to images by dividing them into non-overlapping patches of 16x16 pixels [7]. Each
patch undergoes linear projection to create patch embeddings, with positional en-
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codings added to preserve spatial information. Swin Transformer addresses ViT's
computational limitations through a hierarchical architecture with shifted windows
[9]. The shifted window approach restricts self-attention computation to local win-
dows while enabling cross-window connections through alternating window parti-
tions. This reduces complexity from O(n?) to O(n) with respect to image size, mak-
ing it more suitable for dense prediction tasks. The hierarchical structure progres-
sively merges patches to create multi-scale representations analogous to CNN fea-
ture pyramids.

Training Configuration and Optimization. Training procedures balanced
the computational efficiency with model convergence requirements. All models
were initialized from ImageNet pretrained weights, leveraging transfer learning to
reduce training time and improve final performance. The training process spanned
100 epochs on an NVIDIA RTX 4070 GPU with 8 GB memory, requiring careful
batch size selection to avoid out-of-memory errors. CNN models (ResNet50 and
EfficientNet-B0) accommodated a batch size of 8, while transformer models re-
quired a reduction to a batch size of 4 due to higher memory consumption. An ini-
tial learning rate of le-4 with a cosine annealing schedule enabled smooth conver-
gence.

Evaluation Methodology. A comprehensive evaluation employed multiple
metrics capturing different aspects of segmentation quality. Mean Intersection over
Union (mloU) served as the primary metric, computing the average overlap be-
tween predicted and ground truth segments across all classes:

tou, = AN Bl 0
|A; UB;|’
where C represents the number of classes; A; - the predicted segment for class i,
and B; - the ground truth.
Fl1-score provides a balanced measure of precision and recall, particularly

relevant for imbalanced classes:
2TP

F1- = . 2
SCOre = TP + FP + FN )
Pixel accuracy offers an intuitive overall performance measure:
2i TP;
PA = ——, 3
XX jij )

where nj; represents the number of pixels of class i predicted as class j.

Results and discussion. The comparative evaluation reveals distinct perfor-
mance characteristics across architectures, with Vision Transformers generally
achieving superior segmentation accuracy at the cost of increased computational
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requirements. Table 1 summarizes the primary performance metrics evaluated on
the DeepGlobe test set.

Table 1
Overall segmentation performance metrics
F1-Score Pixel Accuracy Training Time
Model mloU (%)
(%) (%) (hours)
ResNet50 70.6 82.3 86.7 18.5
EfficientNet-BO 71.6 83.5 87.5 16.2
ViT-B/16 73.1 84.3 88.2 42.3
Swin-T 74.4 85.2 89.1 35.7

Swin Transformer achieved the highest performance with 74.2% mloU, rep-
resenting a significant 3.9 percentage point improvement over the ResNet50 base-
line. This performance gap demonstrates the effectiveness of global attention
mechanisms for satellite image segmentation, where understanding large-scale spa-
tial relationships proves crucial. The hierarchical structure of Swin-T appears par-
ticularly well-suited for capturing the multi-scale nature of land cover patterns,
from fine-grained texture details to regional landscape structures. EfficientNet-B0's
competitive performance deserves special attention, achieving 71.8% mloU while
requiring the least training time at 16.2 hours. The 1.5 percentage point improve-
ment over ResNet50 with 76% fewer parameters validates the importance of archi-
tectural efficiency in model design.

Training time analysis reveals the computational burden of transformer ar-
chitectures, with ViT-B/16 requiring 2.3x longer training than ResNet50. Swin-T's
windowed attention mechanism provides meaningful efficiency gains, reducing the
training time by 16% compared to ViT-B/16 while achieving superior perfor-
mance.

Detailed analysis of class-wise loU scores reveals interesting patterns in how
different architectures handle various land cover types. Table 2 presents the break-
down across all seven classes.

Table 2
Class-wise loU performance (%)

Model Urban Agriculture Rangeland Forest Water Barren Unknown
ResNet50 75.2 78.4 62.1 71.3 89.7 66.8 48.9
EfficientNet- | 74 ¢ 79.2 643 | 727 | 901 | 679 | 512

BO

ViT-B/16 77.5 80.6 65.8 74.2 91.3 68.4 52.8
Swin-T 79.1 81.9 67.2 75.8 92.1 69.6 54.3
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Water bodies demonstrate the highest segmentation accuracy across all mod-
els, with ToU scores exceeding 89%. The distinctive spectral signature of water in
both visible and near-infrared bands, combined with relatively homogeneous tex-
ture, makes it the easiest class to identify. Swin-T's 92.1% IoU on water represents
near-perfect segmentation, with errors primarily occurring at boundaries where
mixed pixels contain both water and land. Agricultural land also shows strong per-
formance across architectures, benefiting from the regular geometric patterns of
crop fields and distinctive vegetation indices. The consistent improvement from
CNNs to transformers (78.4% to 81.9%) suggests that global context helps distin-
guish agricultural areas from natural vegetation by recognizing large-scale field
patterns and irrigation structures. Rangeland proves the most challenging for all
models, with the best performance reaching only 67.2% IoU with Swin-T. Practical
deployment considerations often outweigh small accuracy differences, making
computational efficiency analysis crucial for real-world applications. Table 3 pre-
sents detailed profiling results measuring various efficiency metrics.

Table 3
Computational resource requirements and efficiency metrics
Model Parameters Model Size Inference Memory FLOPs
ode
) (MB) Time (ms) (MB) (G)
ResNet50 325 131 18.4 1842 8.2
Efficient- 7.8 32 15.8 1456 24
Net-BO

ViT-B/16 89.7 361 36.8 2568 35.6
Swin-T 47.8 193 29.1 2234 18.9

EfficientNet-BO emerges as the clear efficiency leader across all metrics.
With only 7.8 M parameters and 32 Mb model size, it provides the most deploy-
ment-friendly option for edge devices or bandwidth constrained environments. The
15.7 ms inference time translates to 63.7 frames per second, exceeding real-time
requirements for most applications. The computational complexity measured in
FLOPs reveals the fundamental efficiency gap between CNNs and transformers.
ViT-B/16 requires 35.6 GFLOPs per image, representing 14.8 times more compu-
tation than EfficientNet-B0's 2.4 GFLOPs. Swin-T's windowed attention reduces
computational requirements by 47% compared to ViT-B/16 while maintaining
transformer advantages.

Fig. 2 illustrates the throughput characteristics across different batch sizes
within GPU memory constraints.
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Fig. 2. Throughput (images/s) vs batch size for different architectures

The maximum achievable batch sizes reflect memory efficiency differences:
EfficientNet-BO supports batch size 32, ResNet50 manages 24, while transformers
are limited to 12 (Swin-T) and 8 (ViT-B/16). These constraints directly impact
throughput in production systems where batch processing improves GPU utiliza-
tion. EfficientNet-B0 achieves peak throughput of 203 images/second, representing
3.1x improvement over ViT-B/16's 65 images/second.

Throughput scaling exhibits interesting non-linear characteristics. CNN ar-
chitectures show near-linear scaling up to batch size 8, after which memory band-
width limitations cause diminishing returns. Transformer models display earlier
saturation due to the memory-intensive attention mechanisms. The crossover point
where batch processing becomes beneficial occurs at batch size 2 for all models,
suggesting single-image inference for real-time applications and batch processing
for offline analysis.

Conclusion. This comprehensive evaluation of CNN and Vision Transform-
er architectures for satellite image segmentation reveals important trade-offs be-
tween accuracy and computational efficiency. Vision Transformers, particularly
Swin-T with 74.2% mloU, achieve superior segmentation performance by effec-
tively modeling global spatial relationships crucial for land cover classification.
The 3.9 percentage point improvement over ResNet50 demonstrates the value of
attention mechanisms for understanding large-scale landscape patterns. However,
the computational cost of transformer architecture remains substantial. ViT-B/16
requires 2.3% longer inference time and 40% more GPU memory than EfficientNet-
BO. The classwise analysis reveals that architectural advantages vary by land cover
type. While all models excel at water segmentation (>89% loU), challenging clas-
ses like rangeland benefit most from transformers' global context modeling. Urban
areas show particularly strong improvements with transformer architectures, sug-
gesting their value for complex, multi-scale environments. Future research direc-
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tions should explore hybrid architectures combining CNN efficiency with trans-
former capability.
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S.P. hwswwnpju

funp  nwnigdwt  wpwg qupgugnip  hGnwihnfunEiniu £ wnwowgnb
wppwljwywihtu ywwybpubiph Jbpindnigjwt ninpuinud, npunbin huswbiu  hwenypwhu
ubpnuwiht gwugbpp  (PLY), wjuwbu b wnbunnuywu thnfjuwybipwhs ubPNuwhu
gwugtipp (SPULI) npulinpnud BU fununnwitwihg wpryniupubp: Unyu niunwduwuppnigyniup
ubpywjwgund £ wju  dwpunwpwwbnnygniuubph hwdwwwphwy  hwdbdwnwlwu
dbpndnipgnit wppwjwlwiht - wwwybpubph  hwndwdwynpdwtu  hwdwp'  mdtng
hpwywu  wnbnuywjdwt  ugbuwpubpnud  wpryntbwybnnigjwu-Yuwnmwpnnuyuwunigjwu
thnfughgonwiutph  pdpnudwt  Yppwnhlwywu  wuhpwdbtonniginiup:  <wpdwpbgybp W
quwhwuwndb] Gu  snpu dwdwuwlwlhg  Jdnnbjubp’  ResNet50 L EfficientNet-BO'
ubipyuwjwgubiny LS-ubkipp, U ViT-B/16 n1 Swin Transformer' Uubpywjwguting SPLS-ubiph
puwnwuhpp: Oguwgnnpdtiiny DeepGlobe hnnwéwdyh nwuwlwpgiwlu wyjwiubph puqud,
npp wwpnwwynd £ 803 pwpép  nwswihng  wppwUjwlwiht  wwwybpubp' e
hnnwdéwdyh nwubipnd, dnnbGubph Ywuwwpnnuywup quwhwwyt] £ pwqdwphy
swithwuhoubinny, ubipwnjw) dhohu Intersection over Union (mloU), Fl-quwhwwnwlwup L
whpubijwhtu  doinnipyniup: Pwgh  wyn,  hwoynnwywu  wwhwloubipp,  Ubipwnjwy
Ggpwlwgnipjut wpwgniegniup, dnnbih swihp W hhonnnygjwu uwywnnudp, Ybpinddb) Gu
NVIDIA  RTX 4070 GPU-h Jpw' Ulwuwlbnd gnpdlwywu  wnbnulwdwu
uwhdwuwthwynwubpp: Upryniupubpp gnyg Gu wwihu, np pbl S@LS-ubpp hwuunw Gu
wyblh  pwpdp  hwwnjwdwynpdwu  Gonngguu’  Swin-T-u  hwuubiny  74.2% mloU’
hwdbdwwnwd EfficientNet-BO-h 71.8%-h hbw, wjuniwdbuwjupy, PL3-ubipp wwhwywuntd
Gu qqwih  wnwybneniuutp  Ggpulwgnypjwt  wpwgnyRjwu L hhonnnypjwu
wpryniuwybinnigyut hwpgbipnwd: EfficientNet-BO-u dowlynwd £ wwwnybipubpp 2.3 wuquid
wybh wpwg, pwu ViT-B/16-n' oguwgnpdbin 40%-ny wwlwu GPU hhonnnipyniu:
“wuwihtu Jepindnipniup pwgwhwjnnd £, np S®L3-ubpp hwnlwwbu gbpwquugnid
GU pwpn ugbuwpubipnwd, huswhuhp GU pwnwpwihtu wnwpwdpubipp U wunwnwihu
uwhdwuubipp, dhugntin pninp dnnbuGpp hwutnud G 89%-hg wybih loU opwjhu
dwpdhutbph ubgubunwgdwu hwdwp: Wu gunwdnubpp wnpwdwnpnud Gu gnpduwlwu
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wwwnlbpwgnuubp  hwdwwywuwwujuwt  dwpnwpwwbnnEwu  punpnyewt hwdwp'
hpdujws Yynuypbn nbnuywpiwt uvwhdwuwhwyndubph ypw, pungdbing dagpuiniejw
L hwoynnwiwu  wpryniuwybwnigywu  dholt  thnfughonwiubpp  wppwtjwywihu
wwwlbpubpph Jbpndnyejut Yhpwnnipniuubpnud’ opowluw dhowwyph dnupwinphugh,
pwnuwpwjht yjwuwynpdwt b wnbwnubph wpdwgwupdwt hwdwp:

Unwugpughtt  pwnbp:  wppwUjwlwiht  wwwybpubph  hwndwdwynpnid,
wbunnwywu  hnfuwlybpwhs, thwpnypwhu  ubpnuwht  gwugbp, funp  nwngnid,
hnnwdwdyh nwuwywnpgnud:

CPABHUTEJIBHBIN AHAJIN3 CBEPTOYHBIX HEMPOHHBIX CETEHN
U BU3YAJIBHBIX TPAHC®OPMEPOB JIUISI CETMEHTALIMA
CIIYTHUKOBBIX N30BPAKEHUMN

T.b. XauaTpsn

CrpeMuTenpHOe pa3BUTHE TITYOOKOTO O0OYUEHUS MPOU3BEIO PEBOJIOIHMIO B aHAIH3E
CIIyTHUKOBBIX M300paskeHn#, rae kak ceeprouynsle Heifponusie cetn (CHC), tak m BU3y-
JIbHBIE TpaHC(HOPMEPHI AEMOHCTPUPYIOT MHOTOOOCHIAIONINe pe3ynbTaThl. B gaHHOM HC-
CJICIOBAHUM TPEACTABICH BCECTOPOHHMI CPaBHUTEIBHBIN aHATHM3 3THX APXUTEKTYp Ul
CErMEHTAllMU 3€MHOT0 ITOKPOBAa Ha CIYTHUKOBBIX CHUMKAX, PEIIAOIINN KPUTUYECKYIO T10-
TPeOHOCTh B MOHUMAHUHM KOMIIPOMHCCOB MEMKIy HPOU3BOJIUTEIBLHOCTBIO M 3((EeKTHBHO-
CTBIO B PEAJBbHBIX CIICHApHUIX pa3BepThIBaHUA. HacTpOEHBI M OLICHEHBI YETHIPE COBPEMEH-
mere mozmeni: ResNet50 u EfficientNet-B0, npencrasmsaromue CHC, u ViT-B/16 u Swin
Transformer, npeacrasistomue cemeiictBo TpaHcdopmepon. Hcronb3yst Habop DaHHBIX
DeepGlobe ams kmaccnpukaus 3¢eMHOTO TTOKPOBa, coxepskamuii 803 CIiyTHUKOBBIX H300-
PaXXEHUsI BBICOKOTO Pa3pelIeHHs C CEeMbIO KJIACCaMH 3€MHOTO IOKPOBA, NMPOM3BOANTEIb-
HOCTh MOJIeJIeH OLlEHHBAJaCh MO MHOXKECTBY METPHK, BKIIIOUasl CpeJHee MepecedeHne Haj
oowremuaeHrneM (mloU), Fl-omeHKy u MOMUKCENbHYI0 TOYHOCTh. Kpome TOro, BBIYHCIH-
TeNbHbIE TPeOOBAHUSI, BKIIIOYAst CKOPOCTH BBIBOJIA, Pa3Mep MOJIENIHN U MOTPeOIICHNE TaMsTH,
6butn npoananmauposanbl Ha GPU NVIDIA RTX 4070 a1 MojenvpoBaHHsl NpaKkTHYeC-
KUX OTpaHMYEHMH pa3BepThIBaHUs. Pe3ynbTaTsl AEMOHCTPUPYIOT, YTO XOTS BU3YyaJbHBIC
TpaHc(opMepsl JOCTUTAIOT MTPEBOCXOIHON TOYHOCTH CETMEHTAlMH, Ipu 3ToM Swin-T mo-
cturaet 74,2% mloU mo cpaBuenuto ¢ 71,8% mns EfficientNet-B0, CHC coxpansirot 3Ha-
YHTEJIbHbIE MPEUMYIIECTBA B CKOPOCTH BbIBOJA M 3 dexTuBHOCTH nmamsitu. EfficientNet-
B0 obGpabarsiBaer m3o00paxenus B 2,3 pasa OvicTpee, uem ViT-B/16, ncrons3ys Ha 40%
menbie namatd GPU. TlokmaccoBrlii aHamM3 MOKa3bIBaeT, 9TO TpaHC(HOPMEPH OCOOCHHO
MIPEBOCXOJIAT B CIOXKHBIX CLIEHAPUAX, TAKUX KaK FOPOJICKHE PalloHBI U JIECHbIE TPAHHUIIB, B
TO BpeMsI Kak Bce MoJienu gocturarot oonee 89% loU mis cerMmeHTany BOIHBIX 00BEKTOB.
OTH pe3ynbTaThl MPEAOCTABISIOT MTPAKTHYECKNAE WAEH JUIS BBIOOpPA MOJIXO/AMIEH apXUTeK-
TYpBl Ha OCHOBE KOHKPETHBIX OIpAaHHYCHHN Pa3BepTHIBAHUS, MMOTICPKUBAST KOMIIPOMHCCHI
MEXIY TOYHOCTBIO M BBIYUCIUTEIBHON 3(D(HEKTUBHOCTHIO B NMPHUIOKEHUAX aHAIHM3A CIYT-
HUKOBBIX M300paKeHUH AJIsI MOHUTOPUHTA OKPY>Karollel Cpesibl, TOPOJCKOTO TUIAHMPOBa-
HUS M PearnpoBaHMsI HA CTUXUHHBIC O€ICTBHUS.

Kniouegwte cnoga: cerMeHTalMs CITyTHUKOBBIX M300pa’kK€HUH, BU3YaIbHBIH TpaHC-
(dopmep, cBepTOUYHBIE HEHPOHHBIE CETH, IIIyOOKoe oOydeHue, KiaccH(HUKamus 3eMHOTO
MIOKPOBA.
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