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Highlights

What are the main findings?

e  Benchmark of four hybrid CNN-RNNs (1D/2D x LSTM/GRU) on Sentinel-2; 2D
CNN-GRU leads (OA 99.12%, macro-F1 99.14%).

e  Combining spatial context (2D CNN) with temporal phenology (RNN) outperforms
1D and stand-alone models.

What is the implication of the main finding?

e  Hybrid spatiotemporal modeling with NDVI/red-edge indices enables accurate, oper-
ational crop mapping.
e  Reporting accuracy and efficiency supports practical deployment and reproducibility.

Abstract

Accurate crop classification using satellite imagery is critical for agricultural monitoring,
yield estimation, and land-use planning. However, this task remains challenging due to
the spectral similarity among crops. Although crops differ in physiological characteristics,
including chlorophyll content, they often exhibit only subtle differences in their spectral
reflectance, which make their precise discrimination challenging. To address this, this study
uses the high temporal and spectral resolution of Sentinel-2 imagery, including its red-edge
bands and derived vegetation indices, which are particularly sensitive to vegetation health
and structural differences. This study presents a hybrid deep learning framework for
crop classification, conducted through a case study in a complex agricultural region of
Northern Italy. We investigated the combined use of spectral bands and NDVI & red-edge-
based vegetation indices as inputs to hybrid deep learning models. Previous studies have
applied 1D CNN, 2D CNN, LSTM, and GRU, often standalone, but their capacity to jointly
process spectral and vegetative features through integrated CNN-RNN structures remains
underexplored in mixed agricultural regions. To fill this gap, we developed and assessed
four hybrid architectures: (1) 1D CNN-LSTM, (2) 1D CNN-GRU, (3) 2D CNN-LSTM,
and (4) 2D CNN-GRU. These models were trained using optimized hyperparameters on
combined spectral and vegetative input features. The 2D CNN-GRU model achieved the
highest overall accuracy (99.12%) and Fl-macro (99.14%), followed by 2D CNN-LSTM
(98.51%), while 1D CNN-GRU and 1D CNN-LSTM performed slightly lower (93.46% and
92.54%), respectively.
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1. Introduction

Agriculture is a broad term encompassing a wide range of activities that refer to
the production of food through cultivation, domestication, vegeculture, arboriculture,
and horticulture, as well as mixed crop-livestock farming [1]. During the 20th century,
crop production in the Green Revolution period increased due to scientific advancements.
This intensification of agriculture led to greater land use, which came at the cost of re-
source depletion. Therefore, sustainable intensification of arable land is required to im-
plement efficient agricultural policies [2]. In 1974, the FAO began reporting on the scale
of world hunger, highlighting a critical global issue. The growing worldwide popula-
tion has exacerbated malnutrition, presenting a troubling trend [3]. Despite technological
advancements, global hunger rose sharply between 2019 and 2021 and has remained at
similar levels through 2023 [4]. Our current consumption patterns are unsustainable,
presenting significant challenges such as hunger, inequality, and climate change, which
demand urgent action to address these interconnected issues [5,6]. The Sustainable Devel-
opment Goals (SDGs), particularly Goal 2, emphasize the importance of eradicating world
hunger, ensuring food security, meeting nutritional needs, and promoting sustainable
agriculture [7].

Efficient crop mapping with high spatial and temporal resolution can inform effective
resource allocation and support food security by providing timely data on crop distribution
and conditions [8,9]. Earth Observation (EO) refers to the acquisition of information about
the physical, chemical, and biological properties of the Earth using satellites, airborne,
and in situ sensors [10,11]. This remotely sensed data offers cost-effective and reliable
measurements on a global scale, significantly reducing the reliance on ground surveys
and traditional data collection methods [12,13]. Achieving the United Nations Sustainable
Development Goal of “Zero Hunger” requires innovative strategies for monitoring and
managing agricultural systems [14]. In this context, EO data has emerged as a vital resource
in precision agriculture [15], offering timely, large-scale, and detailed insights into crop
health, yield, and land use [16,17].

European Space Agency’s Copernicus program, Sentinel-2, is an EO mission that
is changing the way we monitor the world’s farmlands [18]. Designed to capture high-
resolution images regularly, it provides a clear and consistent view of crops over time. This
makes it an incredibly useful tool for farmers, researchers, and policymakers [19]. By track-
ing changes in fields throughout the sowing, growing, and harvesting seasons [20]. With its
ability to deliver insights on a global scale, it is becoming a key player in promoting smarter,
more sustainable agriculture practices [21]. Sentinel-2 supports agricultural monitoring by
providing free access to detailed high-resolution imagery with a 10 m spatial resolution, a
revisit time of just 5 days, and a wide range of spectral bands, including red-edge bands
critical for assessing vegetation health and crop conditions [22,23].

The use of machine learning (ML) and deep learning (DL) techniques in crop classifi-
cation using satellite data has become increasingly significant in agricultural management
and food security [24,25]. These technologies enable accurate mapping and monitoring of
crop types over large areas. Several studies have explored the application of ML and DL
models for crop classification using satellite data. Common ML models include Support
Vector Machines (5VM), Random Forest (RF), K-Nearest Neighbors (KNN), and Decision
Trees (DT), which have been used to classify various crop types with high accuracy [26-28].
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DL models, particularly Convolutional Neural Networks (CNN) and Long Short-Term
Memory Networks (LSTM), and Gated recurrent units (GRU) have shown superior perfor-
mance in handling the complex patterns in satellite imagery, achieving high classification
accuracy for different crop types [29-32].

The integration of the time series of Sentinel-2 spectral data and vegetational indices
has been crucial in improving crop classification accuracy [33]. These data sources, par-
ticularly red edge, shortwave infrared, and vegetational indices, provide diverse spectral
information that enhances the ability to distinguish between different crop types [34,35].
The red-edge band is pivotal in capturing subtle spectral variations associated with crop
types, making it vital for effective crop discrimination [36]. By providing detailed informa-
tion on green vegetation growth, this band serves for the development and application of
various red-edge-based vegetation indices, which are critical for monitoring agricultural
farmlands [37].

One of the main challenges in crop classification is the high intra- and inter-class
variability of crops, which can lead to misclassification. Deep learning algorithms have
advantages over machine learning algorithms as they can capture the spatial and temporal
context of data in large-scale heterogeneous agricultural areas [38-40]. DL models can
automatically extract and learn complex features from satellite data, reducing the need
for manual feature engineering [28,41,42]. Several studies [43—45] have demonstrated that
deep learning, when applied to satellite time-series data, achieves comparable or superior
accuracy to machine learning by effectively identifying dense temporal patterns through
its high computational capabilities. Reference [46] suggested that deep learning algorithms
are highly efficient in distinguishing mixed or underrepresented classes.

A convolutional neural network (CNN) stands out as one of the most effective archi-
tectures in deep learning [42]. Its learning process is both computationally efficient and
robust to data shifts, such as image translations, making it a top choice for identifying
patterns in satellite imagery [47]. This capability makes CNN particularly well-suited for
crop classification, where they excel at identifying intricate patterns and differentiating
between various crops [48]. CNNs are widely used in both one-dimensional (1D) and
two-dimensional (2D) forms. One-dimensional CNNs are designed to extract spectral
features. In contrast, 2D CNN focus on capturing spatial features, effectively identify-
ing patterns, textures, and shapes within two-dimensional data (width x height of the
image) [49,50].

Recurrent neural networks (RNN) represent an advanced category of artificial neu-
ral networks (ANNSs) distinguished by their ability to process sequential data through
looped connections [51,52]. These networks are particularly adept at analyzing temporal
dependencies and have demonstrated significant success in remote sensing applications.
By effectively modeling sequential relationships, RNNs enable the extraction of features
from multi-temporal data [48]. This is particularly important in crop classification as it
helps capture crop phenological stages in plant growth. Among the variants of RNNs,
long short-term memory (LSTM) networks are the most widely used due to their ability
to manage long-term dependencies through gated mechanisms, addressing issues like
vanishing or exploding gradients [53]. Similarly, gated recurrent units (GRU) provide an
efficient alternative with simplified architecture and comparable capabilities [54]. Stud-
ies [42,48,55-58] have successfully utilized LSTM and GRU models, along with 1D and 2D
convolutional neural networks (CNN). Ref. [59] reported that the greatest performance was
achieved by combining both recurrent and convolutional layers. These approaches have
demonstrated high accuracy in extracting spatial, spectral, and temporal features for land
cover and crop type classification tasks.
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The objective of this study is to demonstrate the synergy between CNNs and RNNs
in handling multi-temporal remote sensing data for large-scale crop classification, which
represents a novel and challenging approach. In this study, we used 1D CNN to capture
spectral and temporal patterns from multi-temporal Sentinel-2 reflectance data and red-
edge vegetation indices. Simultaneously, a 2D CNN extracts spatial features, such as field
boundaries and textural information. The features extracted by both CNNs are then passed
to LSTM or GRU separately. These RNNSs are effective at modeling long-term temporal
dependencies and crucial for capturing crop phenological cycles. The combined spectral,
spatial, and temporal features learned through this architecture are ultimately used for
accurate crop type classification.

In particular, the specific goal of this study is as follows:

e  Testing the use of advanced deep learning methods on large-scale Sentinel-2 datasets,
addressing the challenges of scalability and data complexity.

e  Evaluating the potential of combining CNN and RNNs to handle the complexity of
multi-temporal remote sensing data for crop classification.

e  Assess the impact of temporal richness and spectral diversity of Sentinel-2 imagery,
including red-edge indices, to improve classification accuracy.

e  Develop a workflow where 1D CNN extract spectral and temporal features, 2D CNN
capture spatial patterns, and RNNs (LSTM/GRU) model temporal dependencies.

e  Evaluate the performance of combined 1D and 2D CNN-LSTM and CNN-GRU models
against each other for crop type classification.

2. Materials and Methods
2.1. Study Area

The climatic conditions prevailing in the Italian landscape make it suitable for di-
verse agricultural practices over the different parts of the country. The study area covers
approximately 22,446 km?, and is in northern Italy, mainly in the Emilia-Romagna re-
gion and extending into parts of Lombardy and Veneto regions, important agricultural
zones (Figure 1). This territory has a temperate climate that is favorable to cultivating a
variety of crops such as wheat, maize, sugar beet, and vineyards, which are pivotal for
local consumption as well as export [60]. It has hot, humid summers and cold, foggy
winters, with summer temperatures averaging between 25 and 30 °C and winter temper-
atures between 0 and 5 °C, with occasional snowfall. Mean annual rainfall ranges from
600 to 1000 mm, mostly falling in autumn and spring, supporting both rain-fed as well as
irrigated agriculture.

Agricultural activities follow a structured seasonal calendar, differentiating winter and
summer crops [61]. Winter crops, such as wheat and rapeseed, are typically sown in October
and November. Wheat grows from February to April and is harvested between May and
June, while rapeseed matures from October to mid-June, with harvesting occurring in
late June through July. Summer crops, including maize and soybeans, are planted from
early to mid-spring. Maize reaches its peak growth by late July and is harvested from late
August to September, while soybeans are collected from late September to mid-October.
Forage crops for crop-livestock systems are sown in March or early April, with multiple
harvests occurring from May to August. Sorghum and sunflowers, planted in spring, are
harvested in autumn; sugar beet, sown between February and May, follows a flexible
growth schedule with staggered harvesting periods. The precise scheduling of crop cycles
facilitates effective crop rotation and enhances agricultural management within the region
(Figure 2).
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Figure 1. Geographic location of the study site showing Sentinel-2 natural color composite image.
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Figure 2. Crop calendar showing the phenology of different crops present in the study area.
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2.2. Data Resources
2.2.1. Satellite Data Acquisition

The Sentinel-2 mission, part of the European Earth observation program, is equipped
with the Multispectral Instrument (MSI), which captures vital data across 13 spectral
bands, spanning visible light, near-infrared, and shortwave infrared wavelengths [62].
Operating as a constellation with two satellites, Sentinel-2A and Sentinel-2B, the mission
delivers critical information for agricultural monitoring, achieving a revisit interval of
approximately five days [63,64].

Bottom-of-Atmosphere (BOA) Level 2A products, including data for tile ID T32TPQ,
were accessed via the Copernicus program'’s recently launched “European’s Eyes on Earth”
platform https:/ /browser.dataspace.copernicus.eu (accessed 14 December 2024). The study
utilized multitemporal data corresponding to key crop growth stages, sowing, growing,
and harvesting spanning the period from November 2022 to August 2023. Only imagery
with less than 5% cloud coverage over the study area was included in the analysis (Figure 3).
For spectral feature preparation, the 10 most relevant bands from each date were selected
to ensure robust representation of crop dynamics. Figure 4 illustrates the spatial resolution
and wavelengths of Sentinel-2 bands used in this study.
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Figure 3. Sentinel-2 multi-temporal data acquisition dates.
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Figure 4. Sentinel-2 bands used for feature preparation.

2.2.2. Ground Truth Data for Training, Validation, and Testing

Ground truth data for the winter crop season were collected by digitizing crop poly-
gons using the OneSoil web portal https:/ /map.onesoil.ai (accessed 25 June 2024)). These
Polygons were validated through overlay analysis with multi-temporal Sentinel-2 data that
captures different phenological crop stages. In addition, each crop’s spectral signature was
cross-checked and verified against Sentinel-2 images. This process resulted in a dataset
comprising 2171 polygons that represent various regional crops shown in Table 1 and
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Figure 1. Deep learning classifiers require balanced training datasets to achieve optimal
performance [65]. However, imbalanced datasets, such as those with disproportionate
representation where certain classes have fewer samples than others, can lead to overfitting
issues [66]. To address this challenge, random sampling techniques were applied to balance
the distribution of sampling polygons across crop classes. This ensured that the number
of polygons in each crop class was proportional to its actual prevalence in the dataset.
During the model training, validation, and testing process, stratified random sampling
was employed. Specifically, 60% of the sampling polygons were allocated for training the
classifiers, 20% were used for validation, and the remaining 20% were reserved for testing
the accuracy of the results.

Table 1. Distribution of ground truth polygons for each crop type.

Crop Ground Truth Polygons Avg Area (ha)
Winter Wheat 231 4.8
Maize 257 5.6
Rapeseed 120 3.6
Barley 120 3.1
Forage 275 3.0
Other Crops 254 29
Sorghum 188 2.5
Soyabean 282 2.8
Sugar beet 71 3.0
Sunflower 82 2.0
Non-Crop 131 4.3
Urban 160 3.0

2.3. Methodological Overview

The workflow of this study carried several steps, including satellite image prepro-
cessing, time-series feature extraction, deep learning model development, classification,
and result evaluation (Figure 5). Based on the prepared features, which include spectral
bands and vegetation indices, four distinct deep learning models were designed: (i) 1D
CNN-LSTM, (ii) 1D CNN-GRU, (iii) 2D CNN-LSTM, and (iv) 2D CNN-GRU. These models
were developed to effectively use the spatial and temporal characteristics of the data for
improved crop classification.

Results

Multi-temporal
Spectral bands

T

2D CNM + L5TM 2D CNN + GRU

: o Accuracy Assessment
Classification Maps

10 CHN + LSTM 10 CNM + GRU

Indices

Figure 5. Methodological workflow for this study.
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2.4. Data Preprocessing

The Sentinel-2 time-series data were processed using an automated pipeline built with
ESA’s SNAP GPT workflow. A custom processing graph was designed to handle each input
file, ensuring all selected Sentinel-2 bands were resampled to a 10 m resolution and clipped
to the boundaries of the study area. To simplify this workflow, we developed a shell script
that automated the execution of all SNAP GPT commands, making it possible to process
large datasets quickly and consistently. This streamlined approach not only saved time but
also ensured computational efficiency and scalable results across the entire datasets. Once
the preprocessing was complete, the data were used to calculate vegetation indices which
provided key inputs for the deep learning classification tasks.

2.5. Feature Preparation for Classification

Multi-spectral remote sensing data capture reflectance across the electromagnetic
spectrum, enabling the differentiation of ground objects based on their unique spectral
signatures. Different crops, for instance, exhibit a distinctive high peak in the Near-Infrared
(NIR) band due to the strong absorption of red light and reflection of NIR by green plants.
As reported by [36] the red edge (RE) and NIR bands play a crucial role in crop classification.
However, spectral reflectance values can sometimes overlap between crops, complicating
the classification process. Normalized Difference Vegetation Index (NDVI) and Red Edge
Indices are widely used in remote sensing for their effectiveness in crop monitoring and
classification [67]. Combining NDVI with red edge indices with spectral data has been
shown to enhance classification accuracy, as the red edge band is highly sensitive to
vegetation characteristics [37,68]. In this study, we computed NDVI and three red edge-
based vegetation indices from Sentinel-2 multispectral data using an automated SNAP GPT
processing pipeline. Integrating these indices with advanced algorithms and multispectral
data significantly boosts the accuracy and effectiveness of crop mapping. In summary,
we prepared a total of 14 features for each date, including 10 spectral features shown in
(Figure 4), NDVI, and three red-edge-based vegetation indices. The formulas for these
indices are presented in Table 2.

Table 2. Description and calculating formulas for vegetational indices.

Index Abbreviation Formula

NDVI Normalized Difference Vegetation Index (B8 —B4)/(B8 + B4)

IRECI Inverted Red-Edge Chlorophyll Index (B7 —B4)/(B4/B4)

MTCI Meris Terrestrial Chlorophyll Index algorithm (B6 — B5)/(B5 — B4)

S2REP Sentinel-2 Red-Edge Position Index 705 + 35 x ((B4 + B7)/2 — B5)/(B6 — B5)

2.6. Deep Learning Models

In this section, we developed a range of deep learning models designed to leverage
advanced neural network architectures for crop classification. Specifically, we focus on
1D and 2D Convolutional Neural Networks (CNN), widely recognized for their ability
to effectively capture both spectral and spatial patterns, making them highly suitable for
image analysis and classification tasks [69]. In addition, we explore Recurrent Neural
Networks, with reference to Long Short-Term Memory (LSTM) and Gated Recurrent Unit
(GRU) architectures, which excel in processing sequential data due to their unique gating
mechanisms that manage temporal dependencies [70]. These models form the foundation
of our research methodology, allowing us to address the challenges of crop classification
using multispectral and multitemporal satellite data. By combining their strengths, we
aim to extract valuable insights and improve classification accuracy, contributing to the
advancement of data-driven agricultural research.
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2.6.1. Convolution Neural Network (1D & 2D)

Convolutional Neural Networks (CNN) are hierarchical architectures adept at extract-
ing discriminative features from structured data [71,72]. One-dimensional CNN is applied
to extract temporal-spectral features from sequential reflectance profiles, whereas 2D CNN
is used to learn spatial representations from multispectral image patches [29,44].

A 1D CNN is a specialized form of convolutional neural network that employs one-
dimensional convolutional kernels (Conv1D) to extract patterns from sequential data, such
as spectral features across time steps [73]. The primary goal of a 1D CNN is to capture
the local temporal patterns or dependencies in the input sequence through convolutional
operations [74]. Formally, let the input to the 1D CNN be represented as:

X? - (X(l)l, xgl, ceey x%) (1)

where i denotes the sample index and T is the length of the input sequence.

The convolution operation at time step t is performed by sliding a kernel of size k
across the input sequence. The convolution output, or feature x}i,, at time ¢ for the first
layer is computed as:

1 k—1 1 .0
xti — Zk’:O COHVlD(Wk/, x(t+k—k’)i> (2)

where

W/, is the kernel weight at position £/,

x(()t kK is the input at time ¢ with appropriate padding when needed, conv1D (.)
denotes the standard 1D convolution operation.

A Rectified Linear Unit (ReLU) activation function typically follows the convolutional
layer to introduce non-linearity and enhance the model’s ability to learn complex patterns.
Additional layers, such as batch normalization [75] and dropout [76], are commonly used
to improve convergence and reduce overfitting. The final output of the 1D CNN is fed
into a fully connected FC layer [77], where a softmax activation function is applied for
multi-class crop classification [78]. The combination of Conv1D, ReLU, and FC layers
allows the 1D CNN to effectively capture and classify local spectral patterns essential for
identifying crops.

A 2D CNN by [79] is designed to operate on data with two spatial dimensions, such
as images or spatial feature grids, making it well-suited for tasks involving spatial data,
including remote sensing and crop mapping. Unlike 1D CNN, which operates along a
single dimension, 2D CNN applies two-dimensional convolutional kernels (Conv2D) to
detect spatial patterns such as shapes, textures, and field boundaries [80]. Let the input to
the 2D CNN be denoted by:

XO € RH xWxC (3)

where H is the height, W is the width of the image, and C is the number of channels (e.g.,
spectral bands).

The convolution operation in 2D CNN involves sliding a kernel k x k of size times
across the spatial dimensions of the input. The output feature x},j at spatial location (i, j) is
computed as:

1 _ k—1 k—1 0
xi/f - Zm:O n=0 COHVZD(er”' Xi+m,j+n,c (4)

where

Win,n is the kernel weight at position (m, ),

0
i+m,j+n,c
nel, conv2D (-) denotes the 2D convolution operation.

represents the input value at spatial location (i + m, j 4+ n) in the c-th chan-

Following the convolutional layer, a ReLU activation function is applied to intro-
duce non-linearity, enabling the model to learn complex spatial patterns. To improve
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generalization and prevent overfitting, batch normalization and dropout layers are often
incorporated. Pooling layers are also commonly used to reduce the spatial dimensions,
thereby decreasing computational complexity while preserving essential features. The
output of the convolutional and pooling layers is passed through a fully connected layer,
followed by a softmax layer for classification.

By leveraging spatial features such as canopy texture, crop density, and field bound-
aries, the 2D CNN is able to distinguish between different crop types based on their unique
spatial characteristics. The combination of convolutional layers, ReLU activation, pool-
ing, and fully connected layers ensures that the 2D CNN effectively captures the spatial
heterogeneity essential for accurate crop mapping [74].

2.6.2. Recurrent Neural Networks (LSTM & GRU)

Recurrent Neural Networks (RNNs) are designed to process sequential data by retain-
ing information from previous time steps through a feedback loop [74]. This enables the
network to learn temporal dependencies and contextual relationships. Unlike feedforward
networks, RNNs maintain a hidden state h; that evolves over time [81], making them
suitable for tasks such as time-series analysis and crop mapping. At each time step ¢, the
hidden state is updated as:

he = f(Wy - x¢ + Uy - hy—1 + by) (5)

where W, and U}, are the weight matrices for the input and the previous hidden state,
respectively, and f (-) is the activation function. Despite their effectiveness, standard
RNNSs struggle to capture long-term dependencies due to the vanishing gradient problem,
which limits their learning capability [82]. To overcome this, advanced variants like Long
Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU) have been developed.

The Long Short-Term Memory (LSTM) network addresses the vanishing gradient
problem [46] by introducing a cell state ct and three gating mechanisms: the forget gate,
input gate, and output gate. These gates regulate the flow of information, allowing the
network to selectively retain or discard information over long sequences.

Forget Gate: Decides how much of the previous cell state ct — 1 should be forgotten.

fo = o( Wy [, 0] + by ) (6)

Input Gate: Determines how much new information from the current input should be
added to the cell state.
it = o(W; - [he—1, x¢] + bj) (7)

Cell State Update: The cell state is updated based on the forget gate and input gate:
cr = ft ®ci_1 +1i; ©tan h(WC . [ht_l,xt] + bc) (8)

Output Gate: The final output is determined by the output gate and the updated
cell state:
hy = oy © tan h(c) )

Here, o (-) denotes the sigmoid activation function, and © represents the element-wise
multiplication. The cell state c; acts as long-term memory, while the hidden state /; carries
the short-term output. LSTM are widely used for tasks requiring long-range temporal
understanding, such as crop classification over time.

The Gated Recurrent Unit (GRU) is a simplified version of the LSTM that reduces
computational complexity while maintaining the ability to capture long-term dependen-
cies [83]. Unlike LSTM, GRU do not use a separate cell state; instead, they rely solely on
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the hidden state s; to store information. The GRU introduces two gates: the update gate
and the reset gate.
Update Gate: Determines how much of the previous hidden state should be retained.

z = o(Wz - [sy_1, x¢] + bz) (10)

Reset Gate: Decides how much of the past information should be ignored when
computing the new hidden state.

re = o(Wy - [s4_1, x¢] + by) (11)

Candidate Hidden State: Computes the potential update for the hidden state using
the reset gate. N
sy = tan h(Ws . [1’,5 ©®S_1, Xt] + bs) (12)
Final Hidden State: Combines the previous and candidate hidden states using the
update gate.
st=(1—2)Os 14208 (13)

The update gate z; helps the GRU decide the proportion of new information to incor-
porate into the hidden state, while the reset gate r; determines how much of the previous
state should influence the current computation. This architecture allows GRU to be faster
and more computationally efficient than LSTM [83], making them suitable for real-time
applications or scenarios where efficiency is critical.

2.6.3. Proposed Hybrid CNN-RNN Architectures

In remote sensing-based crop mapping, the reflectance values of crops change dy-
namically as they grow, mature, and senesce. Simply analyzing short-term features (local
context) with CNN may miss critical information, leading to misclassifications between
crops with similar short-term patterns [42]. To address the challenges of crop classification
and mapping, we propose a hybrid architecture that integrates 1D CNN and 2D CNN
with RNNS, specifically Long Short-Term Memory (LSTM) and Gated Recurrent Units
(GRU). This architecture used the strengths of both CNNs and RNNs to extract and model
spatial, spectral, and temporal information from input data. The 1D CNN + RNN models
are designed to extract spectral-temporal dependencies from sequential reflectance data.
Whereas 2D CNN + RNN models are designed to capture spatio-temporal patterns from
spatially structured inputs, such as image patches or reflectance grids. The models aim to
efficiently capture both local patterns and long-term temporal dependencies in the data,
leading to improved classification, accuracy, and robustness. Four variants are proposed:
1D CNN + LSTM, 1D CNN + GRU, 2D CNN + LSTM, and 2D CNN + GRU. Table 3 and
Figure 6 demonstrate the opted hyperparameters, detailed design, integration logic, and
architecture for the proposed models. The selection of hyperparameters was carried out
through iterative manual tuning guided by relevant previous deep learning studies on
crop classification.

The 1D CNN + LSTM/GRU models process time-series spectral data using a combi-
nation of 1D convolutional layers and LSTM/GRU layers. The architecture begins with
two ConvlD layers (128 and 64 filters, kernel size of 7) to extract local temporal features,
followed by local max-pooling and dropout layers to reduce dimensionality and prevent
overfitting. The extracted features are fed into two stacked LSTM or GRU layers (128 and
64 units), which capture long-term dependencies. Batch normalization and dropout layers
are applied after each RNN layer for regularization. An attention mechanism is used to focus
on critical time steps, and the output is pooled using local max pooling. The final dense
layers refine the features before the softmax output layer classifies the input into crop types.
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Table 3. Main hyperparameters and architectural components of proposed models emphasizing their

differences in convolution type, pooling strategies, and sequence processing.

2D CNN-LSTM or GRU

1D CNN-LSTM or GRU

Hyperparameters
Optimizer Adam Adam
Learning Rate 0.001 0.001
Loss Function Sparse Categorical Crossentropy Sparse Categorical Crossentropy
Batch Size 32, 64,128, 256 32, 64,128, 256
Epochs 100 100
Convolution Filters 32, then 64 128, then 64
Kernel Size 3x3 7x7
Padding same same
Pooling Local Max Pooling 2D (2,2) Local Max Pooling 1D size 2
Residual Blocks Residual blocks, 32 & 64 filters
Dropout Rates 0.25 — 0.3 in CNN layers 0.3 in first block, 0.2 in second
L2 Regularization 1 x 10~* in Conv layers 1 x 1073 in Conv layers
LSTM/GRU Units 128, then 64 128, then 64
Bidirectional True True
Dropout 0.3 = 0.2 in LSTM/GRU layers 0.3,0.2 after LSTM/GRU layers

Batch Normalization

Applied after LSTM/GRU layers

Applied after LSTM/GRU layers

Attention

Dot-product self-attention (Keras Attention)

Dot-product self-attention (Keras Attention)

Dense Layers
Activations
Dropout

128 — 64 — Output
ReLU in hidden layers, Softmax in output
~0.3 in dense layers

128 — 64 — Output
ReLU in hidden layers, Softmax in output
0.3,0.2 in dense layers

Hands

gy

Tiene Steps

|

Input (T, H, W. C)

]
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Figure 6. Proposed four main architectures for time-series classification: (a) 1D CNN approach
(integrated with either LSTM or GRU) that processes sequential feature vectors, and (b) 2D CNN
approach (with LSTM or GRU) designed for spatiotemporal patches.
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The 2D CNN + LSTM/GRU hybrid models are designed to process spatial-temporal
data, such as time series of spatial image patches, by combining time-distributed 2D
convolutional layers and recurrent layers. The model begins with TimeDistributed 2D
CNN layers consisting of Conv2D layers (with 32 and 64 filters) applied independently at
each step to extract spatial features such as edges, textures, and field structures. A residual
block is a design pattern originally popularized by ResNet [84] that introduces a skip
(shortcut) connection from the input of the block to its output. Residual connections help
mitigate the vanishing gradient problem, allowing gradients to flow directly from later
layers to earlier layers [85]. Batch normalization, Relu, and pooling are applied after
each convolutional layer to improve training stability. The output is flattened using a
TimeDistributed flattening layer, which prepares the spatial features for input into the
recurrent layers. The LSTM or GRU layers follow, where the first layer has 256 units,
capturing long-term temporal dependencies. A second LSTM or GRU layer with 128 units
further refines the temporal context. Dropout layers are applied after each RNN layer to
reduce overfitting. The resulting temporal features are passed through two dense layers
(128 and 64 units) with ReLU activation and dropout for feature refinement. Finally, the
model outputs class probabilities through a softmax layer, classifying the input into different
crop types. The model is compiled using the Adam optimizer and sparse categorical cross-
entropy loss, ensuring robust learning from spatial and temporal data.

2.6.4. Sample Design and Classifier Training

For the 1D CNN + LSTM/GRU models, the input data consists of 2071 samples with
a shape of (2071, 11, 14), representing 11-time steps and 14 spectral features per sample,
such as spectral bands or vegetation indices. For the 2D CNN + LSTM/GRU model,
16 x 16 spatial patches are extracted for each polygon over 11-time steps, with 14 features.
The batch sizes of 16, 32, 64, and 256 are tested to identify the optimal batch size for efficient
training. To address class imbalance, class weights are applied during training, ensuring
minority crop classes receive adequate focus. To address class imbalance, we re-weight the
loss using scikit-learn’s balanced class weights, computed on the training split and supplied
via Keras’ class_weight argument. This preserved the original spectral temporal signatures
while proportionally emphasizing underrepresented crop types. All models are compiled
using the Adam optimizer and the sparse categorical cross-entropy loss function [86],
suitable for multi-class crop classification [42,87]. Training is conducted for a maximum
of 100 epochs, with early stopping monitoring the validation loss and halting training if
no improvement is observed for 5 consecutive epochs. A ReduceLROnPlateau callback
dynamically reduces the learning rate by a factor of 0.5 if the validation loss plateaus,
promoting smoother convergence. Model checkpoints ensure that the best-performing
model is saved for evaluation. This robust training setup efficiently captures temporal and
spatial crop patterns while mitigating overfitting and handling class imbalance.

2.7. Evaluation Model

To evaluate the performance of the proposed 1D CNN + LSTM/GRU and 2D
CNN + LSTM/GRU models, overall accuracy (OA) and F1 macro are employed as the
primary metrics for assessing overall model performance. For per-class analysis, preci-
sion, recall, and F1 score are additionally reported to assess classification performance at
the crop-type level. Precision measures how many of the predicted crop samples were
correctly classified, indicating the accuracy of positive predictions made by the model.
Recall assesses the model’s ability to identify all actual instances of a crop type within the
dataset, ensuring it captures the correct samples. The F1 score, being the harmonic mean of
precision and recall, provides a balanced assessment, particularly in the presence of class
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imbalance. Overall accuracy calculates the proportion of correctly classified samples across
all crop types, offering a comprehensive view of the model’s performance. Additionally,
confusion matrices are generated to help analyze misclassification patterns and identify
areas where the model may need improvement. The formulas for overall accuracy and F1
macro are provided below:

Overall Accuracy = %Zil 19, = i) (14)

N samples with true labels y; and predictions y;
1k
Flyaero = EZkzl Flk (15)

K = the number of classes

3. Results
3.1. Performance Analysis of Classification Models

This section presents a detailed comparative analysis of the performance metrics,
specifically Overall Accuracy (OA) and F1 macro, of four distinct classification models that
combine Convolutional Neural Networks (CNNs) with Recurrent Neural Networks (RNNSs).
Table 4 summarizes classification results across all models. Additionally, Figure 7 illustrates
the classification maps generated by each model, providing a qualitative assessment of
their spatial prediction capabilities.

Table 4. Comparative overall accuracy (OA), £ standard deviation, and F1 macro of CNN-RNN Models.

del Accuracy

M

ode OA (%) F1 (%)
1D CNN-LSTM 92.54 +1.21 92.11 +1.27
1D CNN-GRU 93.46 +1.13 93.21 £ 1.16
2D CNN-LSTM 98.51 £+ 0.42 98.58 £ 0.50
2D CNN-GRU 99.12 £+ 0.29 99.14 £+ 0.29

The results from Table 4 clearly demonstrate that models incorporating a 2D CNN
framework outperform their 1D CNN counterparts. The highest Overall Accuracy was
achieved by the 2D CNN-GRU model, with an accuracy of 99.12% and an F1 macro of
99.14%, closely followed by the 2D CNN-LSTM model with 98.51% accuracy and an
identical F1 macro. On the other hand, the 1D CNN models displayed relatively lower
performance, with the 1D CNN-GRU model outperforming the 1D CNN-LSTM, obtaining
an OA of 93.46% and an F1 of 93.21% versus 92.54% and 92.11%, respectively.

Figure 7 visually supports the qualitative findings, underscoring the significant perfor-
mance margin between the 1D and 2D CNN-based models. This observation suggests that
incorporating spatial context through 2D convolutional operations substantially enhances
classification performance, particularly in complex agricultural regions where spatial re-
lationships are critical. Comparison of computational efficiency under identical settings
(batch size = 32; Intel i7-12700, 32 GB RAM, NVIDIA RTX 3060). Single run training time
to convergence was 00:04:12 for 1D CNN-LSTM, 00:03:10 for 1D CNN-GRU, 01:13:45 for
2D CNN-LSTM, 01:10:23 for 2D CNN-GRU. Inference on the same test workload required
00:35:42 (1D CNN-LSTM), 00:23:37 (1D CNN-GRU), 02:57:42 (2D CNN-LSTM), and 02:37:13
(2D CNN-GRU). As expected, 2D models incur higher costs than 1D due to spatial con-
volutions, while GRU variants are consistently faster than LSTM at the same architecture
capacity. We repeated each model five times with different random seeds and summa-
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rized performance as OA (mean £ SD) and macro-F1 across runs. To test differences, we
ran two-sided paired t-tests on OA across random seeds (df = 4). The results (Table 5)
across five runs confirmed that all pairwise model comparisons were statistically significant
(p < 0.05), with 2D CNN-LSTM and 2D CNN-GRU showing superior performance over 1D
CNN-LSTM and 1D CNN-GRU.

1D CNN - LSTM 1D CNN - GRU

| |'ll."lnmr'-l|'heat- Barley [ sorghum - Sunflower
-Maibe -Forage -Swhean-ﬂoﬂtrop [T T T T T T T T T T
-Rapessed -DtharCrops- Sugar Bnet- Urban 0 45 9 18 27 36 Km

Figure 7. Classification maps generated by each model.

Table 5. A paired t-test was performed to evaluate the statistical significance of differences between
models for df = 4. Significance is indicated by p < 0.05.

Comparison t p-Value Significance
1D CNN-LSTM v. One-dimensional CNN-GRU —15.38 <0.001 **
1D CNN-LSTM v. Two-dimensional CNN-LSTM —15.56 <0.001 **
1D CNN-GRU v. Two-dimensional CNN-LSTM —11.34 <0.001 x*
1D CNN-GRU v. Two-dimensional CNN-LSTM —15.37 <0.001 **
1D CNN-GRU v. Two-dimensional CNN-GRU —10.69 <0.001 **
2D CNN-LSTM v. Two-dimensional CNN-GRU —2.86 0.046 *

** highly significant * statistically significant.

3.2. Evaluation Metrics and Per-Class Analysis

We employed confusion matrices and standard classification metrics, precision, recall,
and F1-score on a per-class basis. These metrics help assess how well each model performs
across individual crop classes. The confusion matrices for all four models, 1D CNN-LSTM,
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1D CNN-GRU, 2D CNN-LSTM, and 2D CNN-GRU, are presented in Figure 8. The highest
accuracies were observed for the most dominant classes, such as Wheat and Maize, which
consistently appeared along the diagonal of the matrices across all models, indicating
correct predictions.
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Figure 8. Confusion matrices for all four models (a) 1D CNN-LSMT (b) 1D CNN-GRU (c) 2D
CNN-LSTM (d) 2D CNN-GRU.

The 1D CNN-LSTM model demonstrated solid performance overall, particularly on
major crop types. However, some confusion was noted between classes with similar spectral
and temporal profiles, such as Rapeseed and Barley. Likewise, classes such as Forage
and Other Crops occasionally overlapped, highlighting challenges in modeling subtler
class differences based on temporal patterns alone. The 1D CNN-GRU model showed
comparable behavior but with slightly improved separation in a few problematic categories,
suggesting the GRU’s ability to better capture temporal dependencies in certain contexts.

When spatial information was integrated through 2D convolutions, model perfor-
mance improved. The 2D CNN-LSTM model demonstrated enhanced discrimination in
classes that previously exhibited higher confusion. Classes like Sugar Beet, Sunflower,
and Non-Crop saw clearer separation from neighboring classes, likely due to the spatial
patterns being better captured in the input features. The most refined results were ob-
served with the 2D CNN-GRU model, which not only maintained high performance on
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the dominant classes but also significantly improved the accuracy of minority and visually
complex classes. This model showed fewer off-diagonal misclassifications and achieved
more consistent predictions across all categories.

Overall, the progression from 1D to 2D models, and from LSTM to GRU-based archi-
tectures, illustrates the importance of leveraging both spatial and temporal information for
complex crop classification tasks. The confusion matrices and class-wise metrics (Table 5)
collectively highlight the robustness and generalizability of the 2D CNN-GRU model,
particularly in handling diverse and spectrally overlapping crop types.

3.3. Learning Curves and Convergence Behavior

For training dynamics and generalization ability of the proposed models, we analyzed
the learning curves for both accuracy and loss across training epochs. Figure 9 shows the
training dynamics of two sequential architectures: 1D CNN-LSTM and 1D CNN-GRU.
Subplot (a) presents the training and validation accuracy for the 1D CNN-LSTM model,
while subplot (b) shows its corresponding loss curve. Subplots (c) and (d) display the
accuracy and loss curves, respectively, for the 1D CNN-GRU model.
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Figure 9. Training and Validation curves (a) training and validation accuracy curves 1D CNN-LSMT
(b) training and validation loss curves 1D CNN-LSTM (c¢) training and validation accuracy curves 1D
CNN-GRU (d) training and validation loss curves 1D CNN-GRU.

The 1D CNN-LSTM model Figure 9a demonstrates consistent upward trend in both
training and validation accuracy, with the curves closely aligned by the later epochs. This
indicates that the model is not only learning effectively but also generalizing well to
unseen data. In the corresponding loss curve Figure 9b, a steady decline in training loss is
observed, while the validation loss initially follows a similar trajectory before plateauing
and exhibiting minor fluctuations.

Similarly, the 1D CNN-GRU model Figure 9c showed an improvement in both train-
ing and validation accuracy during the initial epochs, followed by gradual convergence.
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Interestingly, the validation accuracy occasionally surpasses the training accuracy, which
may reflect effective regularization and model robustness. The loss curve for 1D CNN-
GRU Figure 9d confirms this behavior, with both training and validation losses decreasing
in parallel and showing minimal divergence, pointing to a stable learning process and
strong generalization.

Continuing with the learning curves of the 2D CNN-based models, Figure 10 illustrates
the training and validation performance for 2D CNN-LSTM and 2D CNN-GRU architectures.
Subplots (a) and (b) represent the accuracy and loss curves for the 2D CNN-LSTM model,
while (c) and (d) show the corresponding plots for the 2D CNN-GRU model.
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Figure 10. Training and Validation curves (a) training and validation accuracy curves21D CNN-LSMT
(b) training and validation loss curves 2D CNN-LSTM (¢) training and validation accuracy curves 2D
CNN-GRU (d) training and validation loss curves 2D CNN-GRU.

The 2D CNN-LSTM model Figure 10a demonstrates a smooth and steady increase in
both training and validation accuracy, with the validation curve consistently tracking above
the training curve throughout most of the training process. This suggests not only efficient
learning but also an excellent ability to generalize, as the model performs slightly better on
unseen data. The associated loss curve Figure 10b further confirms this trend, with both
training and validation losses decreasing steadily and maintaining close alignment, shows
a stable and robust learning without signs of overfitting.

A similar pattern is observed in the 2D CNN-GRU model Figure 10c, which shows
even more rapid convergence in validation accuracy compared to training. The validation
curve remains above the training curve for most of the training epochs, reflecting strong
generalization performance. The loss curve in Figure 10d shows this behavior, with both
training and validation loss exhibiting a sharp decline early on and then gradually tapering
off with very minimal fluctuation. The tight coupling between the two curves further
suggests that the GRU architecture, when combined with 2D convolutions, is particularly
effective at learning spatial-temporal representations with minimal overfitting.
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Among all models, the 2D CNN-GRU achieved the best overall performance, showing
the highest validation accuracy and the lowest, most stable loss. The 2D CNN-LSTM also
performed well, with closely aligned training and validation curves. In contrast, the 1D
models converged more slowly and showed minor fluctuations in validation loss, with
the 1D CNN-GRU slightly outperforming the 1D CNN-LSTM in generalization. Overall,
incorporating spatial features through 2D convolutions, especially with GRU, led to more
robust and consistent learning.

4. Discussion
4.1. Performance Comparison of Classification Models

To assess the effectiveness of our proposed CNN-RNN hybrid architectures for crop
classification, we compared their performance with previously published models in the
literature. Figure 11 graph clearly highlights that our CNN-RNN-based architecture models
outperform existing 1D CNN, 2D CNN, and RNN integration approaches in terms of overall
accuracy (OA) and F1.
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Figure 11. Graphical comparison of the OA and F1 across all models.

In previous studies, [58] reported classification accuracies using Sentinel-2 imagery
with conventional 1D CNN, LSTM, and GRU models, achieving OA values of 86.25%,
86.18%, and 81.67%, respectively. When they combined LSTM and GRU with 1D CNN, the
performance slightly improved to 85.75% and 85.61%, indicating modest gains through
hybrid architectures. In another work by [46], a standalone LSTM model achieved an
accuracy of 86.23% for land cover classification, while [88] explored 1D CNN for satellite-
based crop classification and obtained 89.5% using a 1D CNN and 93.7% with a 1D CNN-
GRU hybrid. These results align with our findings, where the 1D CNN-GRU model
outperformed the 1D CNN-LSTM variant, achieving an OA of 93.46%.

Our own experiments with 1D CNN-LSTM and 1D CNN-GRU yielded higher accura-
cies of 92.54% and 93.46%, respectively, which already showing improved performance due
to optimized hybridization and training strategies. However, recognizing the limitations
of 1D temporal-only modeling, we introduced spatial context by incorporating 2D convo-
lutions before the recurrent layers. This allowed the network to extract spatial patterns
alongside temporal dynamics, addressing the spatial heterogeneity common in satellite
imagery. For comparison, [69] employed 2D CNN and achieved an OA of 94.76%.
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In another previous study by [89], the use of standalone 2D CNN and LSTM models,
as well as a combined 2D CNN-BiLSTM architecture, achieved overall accuracies of 92.54%,
93.90%, and 96.59%, respectively, though these results were obtained in a relatively small
study area. In our study, we extend this design with long-term recurrent dependencies
via LSTM and GRU modules using spectral and near-infrared and red edge-based vege-
tation indices of Sentinel-2 data, along with iterative training strategies. This even led to
greater performance gains, with the 2D CNN-LSTM reaching 98.51% and the 2D CNN-
GRU achieving 99.12% OA with corresponding F1 scores of 99.14%. Recent studies have
demonstrated high accuracy in crop classification using advanced deep learning methods.
Reference [90] used raw spectral bands and vegetation indices in combination with an
RNN-CNN architecture enhanced by an attention mechanism, achieving 95.86% overall
accuracy. Similarly, another study [56] reported an accuracy of 96.50% for land cover and
crop classification using an R-CNN architecture. Reference [91] tested RE, SVM, Xgboost
alongside a deep learning model PSETAE, using red-edge indices and raw Sentinel-2 bands,
with Xgboost performing best at 95.49%. In contrast, our proposed framework, which
integrates 1D and 2D CNN with LSTM/GRU, attains higher accuracy than these previous
approaches. Reference [44] reported a TempCNN training time of 1 h 06 min at batch
size 32, which is comparable to our 1 h 13 min. In [88], a CNN-GRU required 656 s/epoch,
whereas our 2D CNN-GRU trains in 146 s/epoch on our hardware, demonstrating better
calculation efficiency.

These results clearly outperform previous works and confirm the benefits of combining
2D spatial features with long-term temporal modeling. The performance improvement can
be attributed to the deeper integration of spatial and temporal patterns, enhanced by the
long-term memory capabilities of LSTM and GRU units. In summary, our findings show
that transitioning from 1D CNN-RNN models to 2D CNN-based hybrid architectures leads
to a substantial increase in classification performance. The 2D CNN-GRU stands out as the
most effective model, offering both high accuracy and stable generalization, setting a new
benchmark for crop mapping using time-series satellite data.

4.2. Performance Comparison of Per-Class Analysis

Figure 12 provides a comparative overview of precision, recall, and F1-score across
all target classes for each of the CNN-RNN model combinations. Most crop categories
demonstrated consistently high performance, particularly major classes such as Winter
Wheat, Maize, and Soybeans, where F1-scores approached or exceeded 0.95 in all models.
However, the Other Crops category consistently showed comparatively lower precision
and recall values across all models. This class has a heterogeneous mix of minor crops
and vegetables, often grown under artificial sheds. Such diversity introduces spectral
heterogeneity, making it difficult for the models to learn a consistent feature representation.
Additionally, the presence of built-up elements within or surrounding these plots, such as
greenhouses and sheds, complicates the classification task due to spectral overlap with non-
crop and built-up land-use types. Another factor is the absence of fixed crop calendars for
the Other Crops category, unlike major seasonal crops, which follow well-defined sowing
and harvesting periods. Since the satellite imagery used in this study was acquired during
the winter crop season, it may not have fully captured the phenological signatures of certain
minor or off-season crops, which can lead to further misclassification. To address this,
future work could benefit from integrating ancillary data sources such as crop calendars or
phenological profiles specific to minor and mixed crop types.
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Figure 12. Comparative overview of precision, recall, and F1-score for each crop class across all four
models: (a) 1D CNN-LSTM, (b) 1D CNN-GRU, (c) 2D CNN-LSTM, (d) 2D CNN-GRU.
4.3. Visual Comparison of Crop Classification Results
Figure 13 shows a visual comparison of crop classification results across all four
model architectures 1D CNN-LSTM, 1D CNN-GRU, 2D CNN-LSTM, and 2D CNN-GRU,
alongside the corresponding false color Sentinel-2 imagery. These maps provide details on
how spatial and temporal modeling impacts the quality and clarity of classification outputs.
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Figure 13. Comparison of zoomed-in areas from the classification maps generated by the four models,
highlighting differences in spatial detail and classification performance.
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1D CNN are particularly effective in processing remote sensing data due to their
ability to focus on spectral features across time [92,93]. However, a key limitation of 1D
CNN is their inability to account for spatial context, as they primarily focus on spectral
data, and may ignore spatial features such as texture, shape, and field-level structures
information, which can be a limitation in applications where spatial context is crucial [94].
This limitation is evident in the visual results, where 1D CNN-LSTM and 1D CNN-GRU
maps exhibit missing or noisy pixels within homogeneous crop fields, and field boundaries
often appear blurred or fragmented.

In contrast, 2D CNN are designed to extract spatial features, which is particularly
advantageous when working with high-resolution satellite imagery [95,96]. The addition
of 2D convolutional layers before the recurrent units allows the network to learn not only
spectral-temporal patterns but also texture, shape, and field-level structures, which are
crucial in agricultural mapping. This is clearly reflected in the maps produced by the
2D CNN-LSTM and 2D CNN-GRU models, where crop fields appear more continuous,
well-defined, and accurately segmented. Boundaries between adjacent fields are more
sharply identified. These improvements are especially important where an accurate delin-
eation of field edges is required. Among the models, 2D CNN-GRU delivered the most
visually consistent and accurate results. This aligns with its superior performance in both
accuracy and Fl-score. The combination of spatial learning through 2D convolutions and
the long-term temporal modeling capacity of GRU provides a balanced architecture for
capturing the complexity of crop dynamics and spatial variability. In summary, while
1D CNN demonstrate strong performance for spectral-focused tasks, their limitations in
spatial understanding can reduce classification quality in applications where field texture
and boundary recognition are critical. By contrast, 2D CNN-based models offer a more
comprehensive approach, integrating both spectral and spatial dimensions, which results
in significantly enhanced visual and structural quality in crop classification tasks.

4.4. Impact of Pooling Types and Residual Block Architectures

We evaluated the architectural influences on model performance and analyzed the
impact of different pooling strategies and the inclusion of residual blocks within the model
networks. Figure 14 shows the impact of pooling layers and residual blocks on the overall
accuracy of classification models. Our experiments demonstrated that changing the pooling
approach by replacing local max pooling [97], average [98], and global average pooling [84]
had a negligible effect on the classification performance across all models. This suggests
that the learned features, particularly in the convolutional stages, were sufficiently robust
and invariant to the pooling choices. In previous studies, [44] observed that the use of
pooling layers could reduce overall accuracy. However, in our approach, we incorporated
local max pooling to lower computations, faster training, and to prevent overfitting without
compromising on overall classification accuracy.

The use of residual block architectures introduced an improvement in the performance
of the 2D CNN-based models. Incorporating residual connections in both the 2D CNN-
LSTM and 2D CNN-GRU models significantly enhanced the overall classification accuracy.
These improvements can be attributed to the ability of residual blocks to preserve low-level
spatial information and facilitate better gradient flow during training [99]. Therefore, it can
enable deeper convolutional representations without the typical degradation issues [100].
The results in Figure 13 indicate that using residual learning for spatiotemporal classifica-
tion tasks using satellite imagery has an advantage. While the choice of pooling strategy
may be flexible, the integration of residual blocks is a more critical architectural decision,
leading to measurable gains in model accuracy and robustness.
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Figure 14. Showing the impact of pooling choices and residual block influence on overall accuracy
for all models.

5. Conclusions

In conclusion, this study introduced a spatio-temporal deep learning approach for crop
classification using hybrid CNN-RNN architectures. We explored the potential of Sentinel-2
spectral bands and NIR and red-edge-based vegetation indices by combining spatial and
spectral features extracted through 1D And 2D CNNs with temporal patterns captured
by LSTM and GRU networks. We conducted a comprehensive comparison of four model
configurations. The findings demonstrated the superior performance of the 2D CNN-GRU
model, which outperformed all others, followed closely by the 2D CNN-LSTM model. In
contrast, the 1D CNN-based RNN models, though effective in capturing spectral-temporal
patterns, showed reduced accuracy due to the absence of spatial context. The proposed
2D CNN-GRU model achieved superior classification results, with an overall accuracy of
99.12%, an F1 score of 99.14%, and visually coherent crop maps that effectively captured
field-level textures and boundaries. These results emphasized the significance of incorpo-
rating spatial context alongside temporal modeling to enhance classification robustness
and map quality, especially in heterogeneous agricultural landscapes. Overall, this study
demonstrates the effectiveness of combining 2D CNN with GRU for satellite-based crop
classification and sets a benchmark for future research. The results indicated that inte-
gration of spatial and temporal learning in remote sensing models encourages continued
exploration into multi-source data fusion and advanced temporal modeling techniques
to further improve crop mapping accuracy. The models were trained using data from a
specific region and cropping season; therefore, future research is needed to study their
generalizability to other areas. Moreover, more research is needed to further investigate
issues related to data collection, computational costs, and ancillary data integration. In fact,
the predictive accuracy depends highly on the availability of clean, labeled training data,
which can be challenging and costly to obtain. Additionally, while 2D CNN improved spa-
tial detail, they require significant computational resources, which may restrict scalability.
Finally, the use of only Sentinel-2 time series data may benefit from the integration with
auxiliary information like crop calendars, soil data, or weather, which could help improve
the classification of spectrally complex or minor crop classes.
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Abbreviations

The following abbreviations are used in this manuscript:

Symbol Meaning

CNN Convolutional Neural Networks

RNN Recurrent Neural Networks

1D CNN  One-Dimensional Convolutional Neural Networks
2D CNN Two-Dimensional Convolutional Neural Networks
LSTM Long Short-Term Memory

GRU Gated Recurrent Unit

DL Deep Learning

ML Machine Learning

RF Random Forest

SVM Support Vector Machine

VI Vegetation Indices

BOA Bottom of the Atmosphere

RE Red Edge

KNN K-Nearest Neighbors Radial Basis Function
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