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This study proposes a hybrid transfer learning framework for seasonal classification of Sentinel-2
satellite images from 81 provinces of Tiirkiye. Eight pretrained deep models and seven classifiers
were compared. The fine-tuned hybrid model combining ConvNeXt, Vision Transformer, and Swin
Transformer achieved the best performance. / Bu ¢alisma, Tiirkiye'nin 81 ilinden elde edilen
Sentinel-2 uydu goriintiilerinin mevsimsel suiflandirilmast igin transfer 6grenmeye dayali hibrit
bir cerceve onermektedir. Sekiz on egitilmis model ve yedi smiflandirici karsilastiriimistir.
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Figure A: Overview of the proposed hybrid transfer learning framework / Sekil A: Onerilen
hibriz transfer 6grenme cergevesinin genel goriiniimii.
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Highlights (Onemli noktalar)
»  Eight Ima Net-preWp learning models and seven machine learning classifiers
ageNet on egitilmis derin ogrenme modeli ve yedi makine
1 karsilagtirilmigtir.

( ozellik ¢ikarici olarak segilmistir ve Cok Katmanlh Algilayici, smiflandirma bilegenini

Aim (Amag): The aim of this study is to develop an effective hybrid transfer learning framework
for seasonal classification of satellite images by combining pretrained deep feature extractors with
machine learning classifiers. / Bu ¢alismanin amaci, on egitilmis derin ozellik ¢ikaricilart makine
ogrenmesi siniflandwricilariyla birlestirerek uydu gériintiilerinin mevsimsel simiflandrilmasi icin
etkili bir hibrit transfer 6grenme ¢ercevesi gelistirmektir.

Originality (Ozgiinliik): a Tiirkive-wide multi-scale satellite image dataset was created, and eight
pre-trained deep learning models were evaluated using seven machine learning classifiers. /
Tiirkiye genelinde ¢ok élgekli bir uydu goriintiisii veri seti olusturulmustur ve dnceden egitilmis
sekiz derin 6grenme modelini yedi makine ogrenmesi siniflandiricist ile degerlendirilmistir.

Results (Bulgular): The quantitative results showed that the ConvNeXt and Multi-Layer
Perceptron combination achieved the best individual performance. The hybrid framework
improved the performance to 0.725 accuracy and 0.724 F1-score. After fine-tuning, the proposed
hybrid model achieved the highest performance, with 0.740 accuracy and 0.742 F1-score. / Nicel
sonuglar, ConvNeXt ve Cok Katmanli Algilayict kombinasyonunun en iyi bireysel performansi elde
ettigini gostermistirv. Hibrit model basariy1 0,725 dogruluk ve 0,724 F1-skoruna yiikseltmistir. Ince
ayar sonrasinda onerilen hibrit model 0,740 dogruluk ve 0,742 F1-skoru ile en yiiksek performansi
elde etmigtir.

Conclusion (Sonug): The proposed hybrid framework improves classification performance by
combining complementary features from convolutional and transformer-based architectures. /
Onerilen hibrit cerceve, konvoliisyonel ve transformer tabanli mimarilerden elde edilen
tamamlayici 6zellikleri birlestirerek siniflandirma performansim artirmaktadir.
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satellite image a mean F1-score of 0.696. As a result

classification. of the comparative analysis, Conv ansformer, and Swin Transformer were
selected as the three most s g ors, and Multi-Layer Perceptron was selected
as the final classifier. The hybfid mode ucted by concatenating the features of these three

selected feature extractors, athieved a mean dccuracy of 0.725 and a mean F1-score of 0.724
After fine-tuning, the odel achieved the highest performance with a mean
accuracy of 0.740 e of 0.742. The results demonstrate that combining

pretrained representdti e-tuning improved seasonal classification in satellite imagery.
The proposed frame ffective and computationally practical approach for seasonal

classificatios providi ising foundation for future environmental monitoring and
agricultural remQte sensing applications.
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oriintiilerinden mevsimsel siniflandirma, bitki ortlisii dinamiklerini, tarimsal siiregleri,
cevrésel degisimi ve iklimle ilgili mekansal desenleri izlemek i¢in dnemli bir uzaktan algilama
orevidir. Bununla birlikte, sinirlt sayida etiketli veri, bolgesel degiskenlik ve biiyiik 6lgekli
aglarin sifirdan egitilmesinin yiiksek hesaplama maliyeti, bu gorev i¢in genellestirilebilir
modeller olugturmayi zorlastirmaktadir. Bu galisma, Tiirkiye'nin 81 ilinin tamamindan elde edilen
aylik uydu goriintiilerini kullanarak mevsimsel siniflandirma igin transfer 6grenmeye dayali hibrit
bir ¢er¢eve 6nermektedir. Sekiz adet ImageNet 6n egitilmis derin 6grenme modeli 6zellik ¢ikarici
olarak degerlendirilmis ve ¢ikarilan temsiller yedi makine dgrenmesi siniflandiricist kullanilarak
siniflandirlmustir. Ozellik ¢ikaricilarin ve smiflandiricilarin segimi, bes kez tekrarlanan 10 katli

Maki i ¢ smtiiancirict
akine ogrenmCsi capraz dogrulama kullanilarak gergeklestirilmistir. Ozellik ¢ikaricit modeller arasinda, ConvNeXt

swniflandirmast, . <
Uydu gériintiisii ve ¢ok katmanli algilayict kombinasyonu, ortalama 0,698 dogruluk ve ortalama 0,696 F1 puani
simiflandirmast. ile en iyi sonucu vermistir. Karsilagtirmali analiz sonucunda, ConvNeXt, Vision Transformer ve

Swin Transformer en basarili li¢ 6zellik ¢ikarict olarak se¢ilmis ve ¢ok katmanli algilayict nihai
siniflandirict  olarak  belirlenmistir. Secilen bu {li¢ 6zellik ¢ikaricinin  6zelliklerinin
birlestirilmesiyle olusturulan hibrit model, ortalama 0,725 dogruluk ve ortalama 0,724 F1 puant
elde etmistir. ince ayardan sonra, énerilen hibrit model, ortalama 0,740 dogruluk ve ortalama
0,742 F1 puani ile en yiiksek performans: gostermistir. Sonuglar, dnceden egitilmis temsillerin
birlestirilmesi ve ince ayarm, uydu goriintillerinde mevsimsel smiflandirmay: iyilestirdigini
gostermektedir. Onerilen ¢erceve, mevsimsel siniflandirma igin etkili ve hesaplama agisindan
pratik bir yaklasim sunarak, gelecekteki c¢evresel izleme ve tarimsal uzaktan algilama
uygulamalari i¢in umut vadeden bir temel saglamaktadir.

*Corresponding author, e-mail: eyyup.yildiz@erzincan.edu.tr DOI: 10.29109/gujsc.1958797
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1. INTRODUCTION (GIRiS)

Advances in sensor technology have increased the
variety and resolution of satellite imaging
processes, enabling the generation of large amounts
of data. This has allowed for the investigation of
terrestrial, atmospheric, and marine environments
with high accuracy and a broad perspective.
Increased access to high-resolution satellite imagery
has also increased the applicability of artificial
intelligence methods to satellite imagery [1]. Deep
learning models have demonstrated outstanding
performance in computer vision in recent years and
have become a standard approach in hierarchical
feature extraction [2]. Deep learning models' strong
representational power has made it possible for
earth observation systems to integrate scene
classification from remote sensing data [3].
Consequently, it is crucial to employ deep learning
architectures in reliable and scalable information
extraction from satellite data [4], [5]. Today, deep
learning-based remote sensing models demonstrate
superior performance in problems such as land
cover classification [6], [7] and object detection [8],
[9]. Specifically, the classification of seasonal
transition phases from satellite images stands out as
a important research area for agricultural prod¥g
estimation, water resource management agd
monitoring of global climate change.

Training deep learning models from scr@tch is

challenging  process  that hi

computational costs and massive \amounts of
labeled data [10]. Convoluti etworks
(CNNs) encounter optimj cluding
overfitting and poor gendfalizationwhen trained on
small datasets, feature

avior. Accordingly, the

initial 1a learn low-level general
features detection, texture, or color
filteg€, whiletge layers closer to the output layer
learn o¥ex and high-level features specific
to the taNget dataset being trained. Thus, transfer

learning techniques have emerged as a result of the
general-to-specific learning strategy across layers of
CNNs, with the goal of reducing computational
costs and overcoming limited data [11].

In remote sensing, acquiring large, high-quality
labeled datasets for specific geographic regions or
narrow time windows presents a significant
constraint. The seasonal classification from satellite
imagery relies on the temporal tracking of phases
representing the life cycle of plants. In particular,
the dynamics of winter and snow cover in the

Eastern Anatolia Region span more than six
months, while early spring phenology is
concurrently observed along the southern and
western coasts. This results in considerable spatial
and temporal heterogeneity when analyzing
Tirkiye's complex topographic and climatic
structure. Therefore, it is challenging to build a
classification model that can be adapted and
generalized across the country due to geographical
and climatic variability.

This study proposes a hybrid framework for
seasonal classification across the
Tiirkiye based on satellite imagery.
hybrid model utilizes pretrai
features from satellite im?g
learning methods for clgssi

this context,

ResNet50, DenseN , MobileNet
V3, EfficientNet . Vision
Transformer, sformer architectures,
trained o adeNet dataset, are used as feature
extractor, d multidimensional features
are classl ar support vector machine,

random forest, multi-layer
ron, histogram-based gradient boosting, k-
Bighbors, and extreme gradient boosting
gr's. A total of 56 distinct hybrid models were
y evaluating all combinations of eight
ained deep learning architectures and seven
gChine learning classifiers. Next, the three best-
performing pretrained models were fine-tuned. This
allowed the general features learned by the
pretrained CNNs to be quickly adapted to our
dataset. Accordingly, the individual performances
of the pretrained models and their fine-tuned
versions were compared to quantitatively to
investigate the effect of domain-specific adaptation
in transfer learning. Finally, the fine-tuned feature
representations were concatenated and classified
using the selected machine learning model. The
main contributions of this study can be summarized
as follows:

e A new hybrid transfer learning framework was
developed to combine the most effective
representations  of  different  pretrained
architectures.

e Seven machine learning algorithms and eight
pretrained deep learning architectures were
systematically = compared for  seasonal
classification.

e By evaluating pretrained and fine-tuned
models, the quantitative impact of domain-
specific adaptation to performance was
examined.
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The paper is organized as follows: Section 2
reviews related work on transfer learning and hybrid
models on satellite images. Section 3 introduces the
proposed hybrid model. Section 4 presents the
experimental results in detail. Finally, Section 5
concludes the paper.

2. RELATED WORKS (ILGILI CALISMALAR)

We divided the related studies into three categories:
transfer learning-based studies, hybrid studies, and
season classification studies.

Transfer learning-based studies. Thirumaladevi
et al. (2023) proposed a transfer learning-based
model for remote sensing image scene
classification. They tested two different strategies
using pretrained AlexNet, VGG16, and VGG19
models. In the first strategy, features obtained from
the fully connected layers of the CNNs were given
as input to the support vector machine classifier. In
the second strategy, AlexNet, VGG16, and VGG19
were fine-tuned by modifying the last layers of the
networks to model the dataset [12]. Kunwar and
Ferdush (2024) utilized transfer learning for land
use and land cover classification on the EuroSAJ
dataset. They compared the performance ®gf
pretrained Vision Transformer, ResNet50, and
VGG16 models with and  withou
augmentation. Quantitative results showed that the
Vision Transformer with data aug entatl
achieved the highest results. Addigionall
highlighted that ResNet 50 achy
accuracy than VGG16 ove

training

iterations [13]. Roy et al. model
that integrates transfer | an encryption
approach for real-ti sification of

satellite images at t compared the
models on the
n, they utilized The
n encryption method to

ity of the pretrained models

duri storage and real-time
proc results showed that transfer
learning models  demonstrated  high

and were memory-efficient [14]. Farag
et al. (2026) proposed a novel transfer learning-
based model for classifying very similar settlements
and barren lands from Landsat-8 satellite images.
This study compares the performance of four
different segmentation models based on the output
feature maps of ResNet 50 [15].

Hybrid studies. Sudiana et al. (2023) proposed a
hybrid model for detecting burned areas on
Sentinel-1 and Sentinel-2 datasets. The hybrid
model is constructed by combining a CNN as a

feature extractor and a Random Forest method as a
classifier. They evaluated the model's performance
on five different test scenarios consisting of
different combinations of Sentinel-1 and Sentinel-2
datasets [16]. Kwenda et al. (2024) proposed a novel
hybrid model combining CNNs with machine
learning algorithms for segmenting forested areas
from satellite images. The study used aerial and
satellite images from the DeepGlobe dataset.
Pretrained VGG16 and ResNet50 models were
chosen as feature extractors. In the study, the
features extracted from VGG16 and ResNet50 were
concatenated and fed into five di
learning classifiers [17]. Mashraqi

CNNs were used for fi
the ant colony algo
model to reduce the d|
obtained from
istpctive features. Random forest
ilixed for classification [18].

pefion, and the random forest was used
agsifier. The results showed that the proposed
hybrid model achieved higher overall accuracy than
the ZNN-1D and traditional random forest models.
e study emphasized that using deep networks as
feature extractors and integrating the random forest
algorithm instead of fully connected layers both
reduced the computational load and increased the
generalization capacity of the model, even with
limited data samples [19].

Season  classification  studies. Seasonal
classification task from satellite imagery has not yet
been extensively studied in the literature. Therefore,
there are limited number of similar studies. Cheng
and Zhou (2011) proposed an automatic season
classification method for outdoor images by
combining normalized HSV color histogram
features with skin exposure information extracted
from images containing people. The method uses
face detection and adaptive skin detection to
identify relevant skin regions and then integrates
color and skin cues through a Bayesian model to
classify images into spring, summer, autumn, and
winter categories. Experiments conducted on 1,000
outdoor photos showed an average accuracy of
77.5%, indicating that visual appearance cues can
be effective for season recognition [20]. Volokitin
et al. (2016) investigated the effectiveness of
features extracted from CNNs for predicting the
time of the year in an outdoor scene. The VGG16
model  pretrained on ImageNet reported
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approximately 68.6% accuracy at the seasonal level
and approximately 50.2% accuracy at the monthly
level after short fine-tuning [21].

3.MATERIALS AND METHODS (MATERYAL
VE METOD)

3.1. Material (Materyal)

In this study, a custom dataset for season
classification was created from RGB images
obtained from all 81 provinces of Tiirkiye using
Sentinel-2 satellite imagery. Images were obtained
via the Google Earth Engine API covering the

Table 1. Distribution of images in the dataset according to season and spaﬁa?

goriintiilerin mevsime ve mekansal dlcege gore daglllm{)(

period from January 2023 to December 2024. Image
capturing for each province was performed
monthly, considering the province's central
coordinates. To capture multi-scale spatial contexts,
each province was represented across five distinct
spatial scales corresponding to 7, 8, 10, 11, and 13
km. Two images were acquired for each month,
resulting in a total of 9720 images across 12 months
and five spatial scales. To improve data quality,
images with cloud cover below 20% were included
in the dataset. After this filtering step, 8868 images
remained for the experiments. Details of the
distribution of images according to s8agon and scale
are given in Table 1.

(Wgri sindeki

Season 7km 8km 10km 1l1km 13 kn\ al
Winter 423 423 424 42.4 18
Spring 397 398 397 898 3; 1988
Summer 483 482 483 2413
Autumn 470 470 9 2349

Total 1773 74 1774 8868

470 470
1773 &
[ )
[

January

Bursa
—— 4

October
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Antalya

October

Figure 1 shows sample images from Bur
exhibits clear seasonal transitions, and
where seasonal transitions are less

input structure of the pretrai
satellite images were resize

o probability, vertical
bility, random rotation of
ight color distortions in
aturation, and hue values with
applied as data

3.2. Method (Metot)

In the proposed hybrid framework, eight ImageNet-
pretrained deep learning architectures and seven
machine learning classifiers were employed to
optimize feature extraction and classification for
satellite image-based seasonal classification.

. Pretrained models (Onegitimli modeller)

The pretrained models, summarized in Table 2,
were used only for feature extraction. The final
classification layers of pretrained models were
removed, and fixed-length feature vectors were
obtained from the last representation layer or by
applying global average pooling to the final
convolutional feature map. For each satellite image
sample, features were extracted independently from
five spatial scales and then aggregated by mean
fusion.

3.2.2. Classification models (Siiflandirma modelleri)

The feature vectors extracted from the pretrained
models were classified using seven machine
learning algorithms. Table 3 summarizes the
classifiers used in this study. These classifiers were
selected to compare linear, nonlinear, distance-
based, neural network-based, and ensemble-based
decision mechanisms within the same extracted
feature space.
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Table 2. Brief Explanations of the pretrained models utilized in this study (Calismada kullanilan negitimli

modellerin kisa agiklamalari)

Pretrained model Explanation and role in this study

ResNet50 Addresses the degradation and vanishing-gradient using residual connections
for high-dimensional features [22], [23].
DenseNet121 Enables feature reuse through dense inter-layer connections. Each layer is
connected to all preceding layers, which allows for efficient feature reuse,
improved gradient flow, and reduced redundancy in feature learning [24], [25].
ConvNeXt Captures strong local and mid-level spatial patterns with a modern design. It
redesigns the vanilla ResNet structure using depthwise separable convolutions
and layer normalization thereby improving computational efficiency and
training stability [26].
MobileNet V3 Provides compact and computationally efficient feature representatioRg, It is
designed for mobile and memory-constrained devices using neural archi
search [27], [28].
EfficientNet B2 ~ Balances network depth, width, and input resolution_f®8r
extraction. It is a scaled variant of EfficientNet that uses m
bottleneck convolutions and squeeze-and-excitation
Vision It divides an input feature map into fixed-size patches g-range
Transformer dependencies through self-attention [30].

Swin Transformer It uses shifted window-based self—attentiog tQ
at different scales while reducing the cagnputaj

RegNetY Represents optimized convolutional

Classifier and role in this study
Linear SVM ar decision boundary. It aims to find the optimal
en classes by maximizing the decision margin.
Logistic ilities by applying a logistic function to a linear
Regression

Random Forest

Multi-Laye
Perceptron

ision boundaries.
Efficient boosting-based ensemble method that discretizes continuous features
into histogram bins and sequentially builds learners to capture nonlinear
feature interactions.

Instance-based classifier that assigns a sample to the majority class among its
closest training samples in the feature space.

A powerful gradient-boosted decision tree algorithm that sequentially adds
trees to minimize residual errors.

treme Gradient

oosting

3.2.3. Proposed hybrid transfer learning based
framework (Hibrit transfer 6grenme tabanli Gnerilen
gergeve)

The proposed hybrid framework is designed to
exploit the representation ability of pretrained deep
models while avoiding computational cost. Rather
than using pretrained models directly, the proposed
hybrid framework first employs them as feature
extractors and then uses machine learning
algorithms to perform the final classification.

As illustrated in Figure 2, the proposed hybrid
framework consists of two main stages: selection of
the most effective deep feature representations and
classifier and representation fusion using fine-
tuning. In the first stage, different ImageNet-
pretrained models described in Section 3.2.1 are
used to extract high-level representations from
satellite images, and then these representations are
evaluated using seven machine learning classifiers
described in Section 3.2.2. Based on the initial



Yildiz, Aslan Yildiz | GU J Sci, Part C, 14(X):XX-XX (2026)

evaluation, the three most effective feature selected pretrained models are fine-tuned, and their
extractors and the most effective machine learning  updated feature representations are concatenated for
classifier are selected. In the second stage, the final classification.

2. Feature extractors and classifier selection

[Pretrained models used as Feature
feature extractor vectors

3. Proposed hybrid model
Top 3 pretrained models

1. Custom satellite image dataset

Machine learning
classifiers

ConvNeXt I I [ ‘ I

« 81 provinces in Tiirkiye
+ 2 images per month

Vision
 ranrn )| ESI
Swin Regression &
I l ‘ ‘ IHistogram-Based I I 1 II | | |I | I I

DenseNet121

MobileNet V3 [ [ [ [ ]

==

EfficientNet B2

=~
6y
s,
2
a
=

23
=

. Vision Swin
Multi-Layer i (Transformer) (Transformer

Perceptron il ]
Finetuning

Logistic

(Gradient Boostin

Extreme Gradient]
Boostin,

Linear SVM

Best Machine learning classifier

Season classification

Random Forest

k-Nearest
Neighbors

8 X 7 =56 combinations evaluated.

Figure 2. Overview of the proposed hybrid transfer learning framework.

image dataset was constructed from all 81 provinces of Tiirkiye. Sec

extractor—classifier combinations. Finally, the best classifi

extractors were selected and combined for seasonal class#fi

satellite
tivated

nt image domains
of learning visual
cratch, the proposed
the pretrained visual

ent representations are obtained
images using ImageNet pretrained
deep models. After latent representation extraction,
the obtained latent representations are classified
using machine learning classifiers, each of which is
trained separately. For each pretrained model, the
representational quality of its extracted feature set is
assessed based on the classification performance.
Accordingly, the three pretrained models that
generate the most discriminative  feature
representations are selected for further fine-tuning,
while the machine learning classifier with the
highest overall classification performance is

selected as the final classifier. This evaluation
enables a comprehensive comparison of both the
representation capacity of the pretrained models and
the decision-making ability of the machine learning
classifiers.

Representation fusion using fine-tuning. The
three selected pretrained models are fine-tuned
independently for three epochs to adapt the
ImageNet-pretrained representations to the specific
visual characteristics of our satellite image dataset.
Although ImageNet pretraining provides strong
generic visual features, satellite images differ in
terms of spatial patterns, land-cover structures,
seasonal  variations, and  spectral-textural
characteristics. Therefore, fine-tuning allows the
selected models to adjust their feature extraction
process to the target domain. After fine-tuning, for
each input image, three updated feature vectors are
concatenated. The concatenated feature vectors
enable each satellite image to be represented from
three complementary feature perspectives, thereby
increasing the descriptive capacity of the final
feature space. The selected machine learning
classifier is then trained using the concatenated
feature representations to make the final prediction.
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The proposed hybrid transfer learning-based
framework is particularly appropriate for satellite
image classification problems where the dataset size
is limited compared with the amount of data
typically required to train deep neural networks.
Since pretrained models already encode visual
patterns, machine learning classifiers can operate on
informative feature vectors. Moreover, the fine-

4.1. Implementation Details (Uygulama Detaylar)

The proposed hybrid framework was implemented
and evaluated on a system equipped with an Intel i7-
10700KF CPU, 32 GB DDR4 RAM, and an
NVIDIA TITAN X Pascal GPU. For frozen feature
extraction, the final classification layers of the
ImageNet-pretrained networks were removed, and

the feature vectors were obtained from the last
representation layer of each network or by applying
global average pooling to the final convolutional
feature map. For each satellite image sample, latent
features were extracted independent
spatial scales and aggregated using
Thus, one fixed-length featu
for each satellite image'.
layers and resulting dimgnsion
Table 4.

tuning adapts the selected representations to the
target satellite image domain and combines their
complementary strengths. Overall, the proposed
method provides a hybrid classification pipeline
that integrates the advantages of transfer learning,
deep feature extraction, and machine learning-based
classification.

4.RESULTS (BULGULAR)

Table 4. The feature extraction layers and output sizes of pretrained

¢ikarim katmanlari ve ¢ikti bomt?arl

Pretrained model Feature extraction lay

ResNet50 Outp_ut of layer4 followed by adaptive gl 2048
pooling
DenseNet121 Output of features.bloc.k afte 1024
global average poolingg
ConvNext Output of fegtures blocl( followed\ byRgglaptive global 768
average pooling
MobileNet V3 Output of fegtur ollowed/by adaptive global 960
average pooling
EfficientNet B2 ~ Output of featufgs block wed by adaptive global 1408
RegNetY 1on before the fully connected 1512
Vision representation  after  replacing 768
Transformer tion head with identity
Swin Transfor?er i final feature map averaged over spatial 768

nce of each model—
the best machine learning
three pretrained feature

extractor models for our proposed hybrid
framework. Second, we analyzed the fine-tuning
effect of the proposed hybrid framework.

Tab parameter values of the machine learning classifiers and the proposed hybrid framework

(Makine 6grenimi siniflandiricilarinin ve 6nerilen hibrit ger¢evenin hiperparametre degerleri)

Model
Linear SVM
Logistic Regression
Random Forest
Multi-Layer Perceptron
Histogram-Based Gradient Boosting
k-Nearest Neighbors
Extreme Gradient Boosting

Main hyperparameters
Class weight = balanced, maximum iterations = 500
Class weight = balanced, maximum iterations = 500
Number of estimators = 100, class weight = balanced
One hidden layer with 128 neurons, maximum iterations = 500
Maximum iterations = 100, L2 regularization coefficient = 0.1
Number of neighbors = 5
Number of estimators = 100, maximum depth = 6, learning rate = 0.1
3 epochs of training, batch size = 16, AdamW optimizer with default
values, backbone learning rate =0.00001, head learning rate = 0.001.

Fine-tuning
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The hyperparameters of the machine learning
classifiers and the proposed hybrid framework are
summarized in Table 5. Fine-tuning was applied to
the three selected pretrained models for three
epochs with a batch size of 16. During the first
epoch, the backbone was frozen and only the
classification head was trained. The AdamW
optimizer was used with a learning rate of 0.00001
for the backbone parameters and 0.001 for the
classification head. Cross-entropy loss was used as
the optimization objective during fine-tuning.

The performance of each model—classifier pair was
assessed using accuracy and F1-score. To improve
statistical robustness and mitigate variance in
performance estimates, all pretrained model-
classifier combinations were evaluated using a 10-
fold group-based cross-validation repeated five
times (42, 52, 62, 72, and 82 were used as random
seeds). In every fold, all samples from the same
province were assigned to either the training or test
set, preventing spatial leakage between splits. All
reported results correspond to the average
performance over five repetitions of 10-fold group-

based cross-validation. °

°
4.1. Quantitative Results (Nicel Sonuglar)

Performance comparison of pretrained/model?
and machine learning classifiers. Table @ presen

demonstrate that the chofCe of
extractor has a significant§

yer Perceptron
e modern design

structure t can provide highly
discrimi tations for capturing
seasgAal pa competitive results of Vision
Traf )l Swin Transformer indicate that

3ed representations are also effective
Satellite image classification due to
their ability to model long-range spatial
dependencies.

The multi-layer perceptron consistently achieved
the strongest results across pretrained models.
Therefore, it can be inferred that the extracted deep
features are not always optimally separable by
simple distance-based or linear decision boundaries.

The multi-layer perceptron classifier benefits from
its ability to learn non-linear relationships among
high-level deep features, which is particularly
important  for distinguishing visually similar
seasons such as spring and summer or autumn and
winter. In tree-based classifiers, histogram-based
gradient boosting and extreme gradient boosting
generally outperformed random forest, but they
often remained below the multi-layer perceptron-
based and logistic regression-based models. The
lowest performances were generally obtained with
k-nearest  neighbors.  Although  pretrained
embeddings are semantically meanifgful, the class

boundaries may not local
neighborhood structures_ u tance
metrics. The accuracy a# S are very
close for most model- inations. The
pretrained models a ing classifier

pairs not only achieve racy by favoring

only the domi but their performance
was alsg ' consistent across seasonal
categori the feature extractors in the

and 7 machine learning
e analyzed. Figure 3 presents the
classification performance of the utilized
hined models and machine learning classifiers
efms of mean F1-score and mean accuracy. The
row compares the pretrained models averaged
over all classifiers, while the second row compares
the classifiers averaged over all pretrained models.
ConvNeXt, Vision Transformer, and Swin
Transformer models were the top three models,
achieving the best average results. These results
suggest that modern convolutional architectures and
transformer-based models provide stronger
transferable representations than the other evaluated
architectures for capturing spatial heterogeneity and
phenological transitions in satellite imagery.
Consequently, we selected ConvNeXt, Vision
Transformer, and Swin Transformer as the top three
pretrained feature extractors for the proposed hybrid
framework. Consistent with the results in Table 6,
the multi-layer perceptron outperformed all other
classifiers on average, as shown in Figure 3. Thus,
we selected multi-layer perceptron as a classifier
model for the proposed hybrid framework.
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Table 6. Performance comparison of all pretrained model and machine learning classifier combinations

averaged for 10-fold cross-validation with five repetitions (Tiim 6n egitilmis model ve makine grenimi siniflandirici
kombinasyonlarinin performans karsilagtirmasi, bes tekrarli 10 kath ¢apraz dogrulama i¢in ortalama alinarak yapilmgtir)

Pretrained model Classifier Accuracy F1 score
ConvNeXt Multi-Layer Perceptron 0.698+0.005 0.696+0.007
Vision Transformer Multi-Layer Perceptron 0.675+0.007 0.673+0.004
Swin Transformer Multi-Layer Perceptron 0.671+0.005 0.668+0.005
ConvNeXt Logistic Regression 0.660+0.005 0.658+0.005
DenseNet121 Multi-Layer Perceptron 0.657+0.009 0.654+0.008
Swin Transformer Logistic Regression 0.644+0.004 0.641+0.002
MobileNet V3 Multi-Layer Perceptron 0.637+0.003 0.635+0.002
Vision Transformer Logistic Regression 0.637+0.008  0.635%0.
ConvNeXt Histogram-Based Gradient Boosting  0.635+0.010

RegNetY Multi-Layer Perceptron 0.629+0.006

RegNetY Histogram-Based Gradient Boosting 0.623+0.004 ¢

Vision Transformer  Histogram-Based Gradient Boosting  0.6174+0.019®

RegNetY Logistic Regression 0.614+0.0

RegNetY Extreme Gradient Boosting 0.614+ 04
ConvNeXt Extreme Gradient Boosting 0.61340.00

DenseNet121 Histogram-Based Gradient Boosting .61040.005

Vision Transformer

Extreme Gradient Boosting _ @

.60740.003

Swin Transformer Histogram-Based Gradient Boostifg 0.60740.007
ResNet50 Multi-Layer Perceptron . 0.6064-0.007
MobileNet V3 Logistic Regression 003 0.605+0.003
ResNet50 Histogram-Based Gradien : 0.605+0.012
ResNet50 Logistic Regressi 0,609+0.005 0.604+0.004
MobileNet V3 Histogram-BasedClasi# .602+0.006 0.601+0.005
DenseNet121 isti 0.603+0.008 0.600+0.008
DenseNet121 0.601+0.008 0.59710.008
ResNet50 0.59740.009  0.59440.010
Swin Transformer 0.594+0.007 0.592+0.007
MobileNet V3 0.5914+0.004 0.590+0.005
ConvNeXt 0.5924+0.004 0.588+0.004
ConvNeXt Random Forest 0.58540.015 0.581+0.014
EfficientNet B2 Iti-Layer Perceptron 0.58440.005 0.58040.005
Swin Transforme inear SVM 0.583+0.007 0.578+0.007
RegNetY Random Forest 0.580+0.007  0.574+0.008
Vision Transforfger Random Forest 0.573+0.017 0.570+0.017
Vision Transform Linear SVM 0.57240.014 0.569+0.014
k-Nearest Neighbors 0.564+0.007 0.563+0.007

Random Forest 0.563+0.009 0.561+0.009

Random Forest 0.564+0.004 0.561+0.004

Random Forest 0.566+0.010 0.56040.012

Logistic Regression 0.56340.006 0.560+0.004

k-Nearest Neighbors 0.55540.005 0.556+0.005

Random Forest 0.562+0.012 0.556+0.012

Linear SVM 0.55440.005 0.548+0.005

Histogram-Based Gradient Boosting  0.546+0.012  0.543+0.013

RegNetY Linear SVM 0.547+0.007 0.542+0.007
DenseNet121 Linear SVM 0.54540.004 0.540+0.005
MobileNet V3 Linear SVM 0.5424+0.009 0.53740.008
EfficientNet B2 Extreme Gradient Boosting 0.532+0.006 0.531+0.007
Swin Transformer k-Nearest Neighbors 0.522+0.004 0.52040.005
EfficientNet B2 Linear SVM 0.510+0.012 0.506+0.010
EfficientNet B2 Random Forest 0.507+0.008 0.502+0.007
DenseNet121 k-Nearest Neighbors 0.499+0.007 0.496+0.007
RegNetY k-Nearest Neighbors 0.481+0.006 0.47640.005
MobileNet V3 k-Nearest Neighbors 0.472+0.005 0.46840.005
ResNet50 k-Nearest Neighbors 0.455+0.006 0.44740.005
EfficientNet B2 k-Nearest Neighbors 0.421+0.006 0.4194+0.006

X
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Figure 3. Average performance comparison of all pretrained model and

y
Wg classifier

combinations for 10-fold cross-validation with five repetitions (10 k ma yontemiyle bes tekrar
°

syonlarinin ortalama performans

Table 7 compares the performance of the three best
pretrained models with the proposed hybrid

framework before and after fine-tuning. Features

proposed hybrid representation, and the
concatenated feature representation was
using the Multi-Layer Perceptron. We fir
only the multi-layer perceptron
features and achieved a mean accurac
amean F1-score of 0.724 un
cross-validation. This im
selected  pretrained

spatial patterns,
global contextual
informatio ransformers provide

hierarchi

mee” than any single architecture alone.
ipe-tuning for three epochs, our hybrid
framgwark achieved 0.740 accuracy and 0.742 F1-
scorg. This indicates that, although features pre-
#ined on ImageNet are effective for satellite image
classification, brief fine-tuning helps adapt the
extracted  representations to the  specific
characteristics of the our custom dataset. The
improvement after fine-tuning indicates that the
pretrained representations may not fully capture the
domain-specific visual patterns of satellite imagery.
Fine-tuning enables the selected feature extractors
to adjust their representations toward these remote
sensing-specific patterns, thereby increasing their
discriminative capability for seasonal classification.

ased  representations.
n of the performance of the three best pretrained models and the proposed hybrid

after fine-tuning (En iyi ii¢ 6n egitilmis modelin ve 6nerilen hibrit modelin ince ayar 6ncesi ve sonrasi

performanslarinin karsilastirilmasi)

Pretrained model Classifier Accuracy Fl1-score

ConvNeXt Multi-Layer Perceptron 0.698 0.695
Vision Transformer  Multi-Layer Perceptron 0.674 0.673
Swin Transformer Multi-Layer Perceptron 0.670 0.668
Hybrid Multi-Layer Perceptron 0.725 0.724
Hybrid (Fine-tuned) Multi-Layer Perceptron 0.740 0.742

Hybrid: ConvNeXt, Vision Transformer, Swin Transformer
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Accuracy = 0.725, F1 Score = 0.724

Winter

Spring

Real

Summer

Autumn

Summer Autumn

Winter

Spring
Prediction

Figure 4. Confusion matrices of the proposed hybrid model before and after fine-tuning

modelin ince ayar 6ncesi ve sonrasi karisiklik matrisleri)

Figure 4 presents the confusion matrices of the
proposed hybrid framework before and after fine-
tuning. The fine-tuned hybrid model correctly
classified 52 of 64 winter samples, 51 of 64 spring
samples, 52 of 76 summer samples, and 50 of 73
autumn samples. These results indicate that the
proposed hybrid framework maintained relatively
balanced performance across all seasonal classes.
The most frequent misclassifications occurred
between adjacent seasons, particularly spring—
summer and summer—autumn, which is expected
because neighboring seasons may share similar
vegetation cover, illumination conditions, and laRg
surface characteristics in satellite imagery.
Nevertheless, the diagonal dominance of t

classification performance.

5. CONCLUSIONS (soNu¢

satellite images. A custom d
using monthly inel-2 satelJte images obtained

e. Eight ImageNet-

pretraine odels were evaluated as
feature extracted representations
wer; using seven machine learning
algor aluate seasonal classification

n of pretrained models strongly
influences classification performance. Based on the
comparative analysis of 56 model—classifier
combinations, ConvNeXt, Vision Transformer, and
Swin Transformer were selected as the top three
feature extractors, while the multi-layer perceptron
was selected as the final classifier. Among the
models, ConvNeXt achieved the best performance
when combined with the multi-layer perceptron
classifier.  Vision  Transformer and  Swin
Transformer also produced competitive results,
indicating that both convolution-based and

Accuracy = 0.740, F1 Score = 0.742

50
Winter
40

Spring 20

Real

Summer - - 20

- 10

Autumn - 9

Autumn

Summer

Winter Spring

Prediction

nerilen hibrit

transformer-based represgnt t
capturing seasonal pattegns i
classifier comparison figther

machine learning classif
learning-based i

ited domain-specific fine-tuning
e adaptation of ImageNet-pretrained
8gtations. Future work can extend this
Dy incorporating multispectral data, longer
temporal sequences, and remote sensing-specific
-supervised pretraining. In conclusion, the
proposed transfer learning-based hybrid framework
provides an effective and practical approach for
seasonal classification from satellite images and
offers a promising basis for future environmental
monitoring, agricultural analysis, and climate-
related remote sensing applications.
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