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Abstract 

Agricultural remote sensing image segmentation, which involves classifying each pixel of an image into a specific category, has 
recently been driven by deep learning methods due to their powerful feature extraction capabilities. This paper presents a compre-
hensive review of deep learning-based image segmentation techniques for agricultural remote sensing, along with an overview of 
current challenges and emerging research trends. First, it outlines the characteristics of agricultural remote sensing tasks and the 
requirements for remote sensing image acquisition and processing, providing an in-depth analysis of the nature of agricultural remote 
sensing data. Next, it systematically reviews the evolution of deep learning-based methods, with a focus on summarizing segmenta-
tion network architectures, including convolution-based models, transformer-based models, hybrid architectures, lightweight mod-
els, and vision-language models. Moreover, it discusses several deep learning paradigms designed for annotation-efficient scenarios, 
including semi-supervised, weakly supervised, self-supervised, and transfer learning. Then, it offers an in-depth analysis of key chal-
lenges, such as data annotation, computational cost, and model generalization. Finally, it summarizes the latest advances in deep 
learning for agricultural remote sensing image segmentation and outlines potential future research directions, aiming to provide tech-
nical references that promote the practical application and successful deployment of deep learning in this critical domain.
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Introduction 
Agriculture is the foundational industry for human survival 

and development, playing a critical role in ensuring food security 
and promoting sustainable development (Luo et al., 2016). The 
rapid development of remote sensing (RS) technology is profound-
ly driving the transformation of agriculture towards data-driven 
and intelligent models (Sishodia et al., 2020). Leveraging multi-
sensor systems mounted on airborne and space-based platforms-
including multispectral, hyperspectral, and thermal infrared sen-
sors-remote sensing systems can conduct comprehensive monitor-
ing of agricultural environments across large areas, at multiple spa-
tial resolutions, and with high temporal frequency (Tianxiang et 
al., 2024). The high-resolution remote sensing imagery obtained 
contains rich information such as crop growth status, soil moisture 
dynamics, and pest and disease occurrence, laying a data founda-
tion for precision agriculture that was previously unattainable 
(Zhang et al., 2020; Chandra et al., 2024). The process of data 
acquisition and segmentation is shown as follows (Figure 1).  

Image segmentation is a core component of remote sensing 
information extraction, dividing images into semantically consis-
tent regions (e.g., crop-covered areas, bare land, water bodies) to 
enable pixel-level classification of objects. This technology pro-
vides critical support for various agricultural applications, such as 

crop growth assessment model development (Dobrota et al., 2021; 
Ntakos et al., 2024; Zhao et al., 2024), early pest and disease iden-
tification systems (Wan et al., 2022; Zhu et al., 2022; Rehman et 
al., 2024), irrigation strategy optimisation (Zhu et al., 2018; Jiang 
et al., 2022), rational planning of farmland plots (Zhong et al., 
2023), precise weed segmentation (Wang et al., 2021; Pei et al., 
2022), and efficient yield estimation (Sui et al., 2018; Karlson et 
al., 2020). 

Before the rise of deep learning, the academic community had 
already proposed various traditional image segmentation methods, 
such as threshold-based segmentation (Hassanein et al., 2018; Wu 
et al., 2019; Castillo-Martínez et al., 2020), clustering-based seg-
mentation (Arango et al., 2016; Di et al., 2021; Khan et al., 2022), 
wavelet transforms (Gilles, 2013; Guijarro et al., 2015; Gao et al., 
2020; Xu et al., 2021), and machine learning-based methods such 
as random forests (Gonzalo-Martín et al., 2017; Banks et al., 
2019). However, these methods still exhibit significant limitations 
when applied to agricultural remote sensing image processing. For 
example, threshold-based methods primarily rely on grey-scale or 
colour differences for segmentation. In complex agricultural envi-
ronments with uneven lighting or shadow obstruction, this often 
leads to blurred boundaries or classification errors. Clustering 
algorithms can preserve edge information to a certain extent, but 
their ability to distinguish between crops and soil becomes insuffi-
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cient when their spectral characteristics are similar. More critically, 
traditional methods heavily rely on artificially designed features, 
making them poorly adapted to changes in field conditions such as 
morphological changes in crop growth stages or vegetation 
obstruction. Additionally, their limited generalisation capability 
restricts their practical application (Wang et al., 2024). 

In recent years, breakthroughs in deep learning (DL) technolo-
gy (LeCun et al., 2015) have provided new insights into agricultur-
al remote sensing image segmentation research (Yasir et al., 2023). 
Core architectures such as convolutional neural networks (CNNs) 
(O’shea et al., 2015) and transformers (Vaswani et al., 2017) can 
automatically extract deep semantic features through hierarchical 
non-linear transformations, significantly improving segmentation 
accuracy and algorithm robustness. Among these, the U-Net 
(Ronneberger et al., 2015) effectively integrates multi-scale con-
textual information through its encoder-decoder architecture, 
enabling high-precision segmentation in various agricultural tasks 
such as pest and disease detection. The DeepLab series (Chen et 
al., 2018) incorporates dilated convolutions and dilated spatial 
pyramid pooling (ASPP) modules to expand the receptive field and 
capture multi-scale semantic representations in agricultural scenes, 
thereby enhancing the model’s generalisation capability in com-
plex environments. Vision transformer (ViT) (Han et al., 2023) 
uses self-attention mechanisms to model global context, address-
ing the shortcomings of CNNs in capturing long-range dependen-
cies. Its variant, Swin transformer (Liu et al., 2021), combines a 
hierarchical sliding window strategy to balance computational effi-
ciency while preserving local details and global structure, making 
it particularly suitable for fine-grained segmentation tasks such as 
orchard canopy contour extraction. Additionally, transformer mod-
els specifically optimised for agricultural remote sensing (e.g., 
SegFormer; Xie et al., 2021) have further improvements in adap-
tive multi-scale feature extraction and robustness in heterogeneous 

field environments. To further integrate the strengths of CNNs in 
local feature extraction with the global modelling capabilities of 
Transformers, hybrid architecture models have gradually become a 
research focus (Li et al., 2020). Such models often use CNNs as 
backbone networks to extract initial features, then introduce 
Transformer modules to enhance global context interaction. Some 
architectures also achieve deep integration of the two within an 
encoder-decoder framework, with such joint optimisation improv-
ing segmentation performance (Padshetty et al., 2024; Liu et al., 
2025). Driven by the demand for real-time processing from 
resource-constrained edge devices such as drones deployed in the 
field, research on lightweight models has gained widespread atten-
tion (Lei et al., 2024). The core objective is to significantly reduce 
the number of model parameters and computational complexity 
while maintaining high segmentation accuracy. For example, 
lightweight CNNs such as MobileNetV3 (Koonce, 2021) and 
ShuffleNetV2 (Ma et al., 2018) and other lightweight CNNs 
reduce computational costs through deep separable convolutions 
and channel shuffling mechanisms; while MobileViT (Mehta et al., 
2021) and other lightweight transformers embed the transformer 
mechanism into mobile-friendly network architectures. 
Additionally, advanced strategies such as model pruning, quantiza-
tion, and knowledge distillation (Zheng et al., 2025) are widely 
employed to further compress model size and improve inference 
efficiency. To ensure a comprehensive and relevant overview, this 
review was guided by a structured literature search. The search 
was conducted across major academic databases, including IEEE 
Xplore, Scopus, Web of Science, and Google Scholar. The time 
scale was focused on publications from 2015 to the present 
(August 2025), a period coinciding with the rise of deep learning 
in computer vision, as typified by landmark architectures such as 
the U-Net and the widespread adoption of Transformers. Search 
criteria involved a combination of keywords, including “deep 
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Figure 1. The process of agricultural remote sensing image segmentation.
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learning,” “image segmentation,” “remote sensing,” “precision 
agriculture,” “UAV,” “satellite imagery,” and “crop monitoring.” 
The selection of articles for inclusion was based on quality indica-
tors such as publication in high-impact, peer-reviewed journals and 
conferences, direct relevance to the core topic, and the novelty of 
the technical contribution or application. 

In summary, this paper systematically reviews the latest 
advances in deep learning in the field of agricultural remote sens-
ing image segmentation. The aim is to provide comprehensive 
technical references for researchers in this field, promote the deep 
integration of deep learning and agricultural remote sensing, and 
accelerate the transformation of precision agriculture towards 
intelligentisation. Subsequent chapters will discuss key aspects 
such as data collection and processing, technological evolution, 
methodological innovation, and future research directions. 

Data acquisition and processing 

Remote sensing image observation platforms 
The quality of remote sensing imagery is determined by three 

attributes: spatial resolution, spectral resolution, and temporal res-
olution. High-quality remote sensing imagery typically exhibits 
high resolution across all three dimensions. Spatial resolution 
refers to the actual ground area covered by a single pixel. The high-
er the resolution, the clearer the depiction of object details and 
boundaries, enabling more accurate identification of features such 
as shape and texture. Conversely, lower spatial resolution can 
result in blurred object contours and may cause adjacent targets to 
be confused with one another. Spectral resolution refers to a sen-
sor’s ability to distinguish between different wavelengths of elec-
tromagnetic radiation. Higher spectral resolution is more sensitive 
to differences in reflection and absorption within the spectral 
range, thereby enabling more accurate identification of target types 
and their physiological states. Temporal resolution is shortest inter-
val at which a sensor can repeatedly observe the same geographical 
location. High temporal resolution is critical for monitoring 
dynamic changes on the ground and providing timely data feed-
back for agricultural decision-making. In the agricultural field, 
satellite remote sensing and unmanned aerial vehicle (UAV) 
remote sensing are the two main observation platforms. Satellite 
remote sensing is suitable for monitoring large areas, while UAV 
remote sensing is more suitable for high-resolution, field-level pre-
cision management (Awais et al., 2022). 

Satellite remote sensing platforms 
Satellite remote sensing platforms offer the advantages of wide 

coverage and the ability to continuously and stably acquire data, 
making them crucial in agricultural monitoring. The currently 
widely used satellite systems are listed in the table, including the 
Landsat series, Sentinel-2, and China’s Gaofen series (Table 1). 
Most of these systems are equipped with multispectral sensors 
capable of acquiring data for calculating key vegetation indices, 
such as the normalised difference vegetation index (NDVI). These 
indices play a significant role in monitoring activities such as crop 
health assessment (Singh et al., 2020; Song et al., 2021; Liepa et 
al., 2024). Satellites operate in orbits at least 150 kilometres above 
the Earth’s surface, capturing electromagnetic radiation reflected 
from Earth’s surfaces to generate optical imagery and spectral 
datasets for subsequent analysis. Synthetic Aperture Radar (SAR) 
satellites, such as Sentinel-1, enable all-weather, all-time imaging, 
making them particularly suitable for continuous monitoring in 
cloudy and rainy regions (Beriaux et al., 2021). The high temporal 
resolution of satellites is crucial for tracking crop phenological 
changes and monitoring soil moisture conditions. Regional-scale 
satellite imagery with high spatial and spectral resolution contains 
rich semantic information, making it suitable for applications such 
as land use classification, regional mapping, and agricultural disas-
ter monitoring. These advantages make satellite imagery a reliable 
data source for macro-level agricultural analysis (Solangi et al., 
2019; Cui et al., 2023; Memon et al., 2023). Although satellite 
imagery has a wide monitoring range, it typically lacks the spatial 
detail provided by drone platforms. 

UAV remote sensing platforms 
Unmanned aerial vehicles (UAVs) offer centimetre-level spa-

tial resolution, high operational flexibility and low cost, greatly 
promoting the development of precision agriculture. The table 
shows that UAVs can carry a variety of payloads, including RGB 
cameras, multispectral/hyperspectral sensors, thermal infrared sen-
sors and lidar systems (Deng et al., 2018) (Table 2). The high-res-
olution imagery captured by these systems can precisely identify 
small-scale features, making UAVs particularly suitable for 
detailed tasks such as weed distribution mapping, localised pest 
and disease detection, and field yield prediction. Compared to tra-
ditional ground-based equipment such as tripods and agricultural 
vehicles, low-altitude UAV platforms offer advantages in terms of 
monitoring coverage and data acquisition timeliness due to their 
compact structure, lightweight design, and ease of deployment. 
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Table 1. Comparison of satellite platforms for agricultural remote sensing. 

Satellite platforms                      TR(d)                                              SR(m)                                                 Main applications 

Landsat8                                                  30                                                            16                                       Crop health monitoring; land use classification 
Sentinel-2                                              10-20                                                        3-5                                           NDVI calculation; land use classification 
Sentinel-1                                               5-20                                                        6-12                                                    All-weather crop monitoring 
Gaofen (GF)                                         0.8-16                                                        4-5                                             High-precision agricultural monitoring 

Table 2. Comparison of UAV platforms for agricultural remote sensing. 

UAV platforms                   Endurance (h)                                Primary sensors                                          Main applications 

Rotary-wing UAV                                 <1                                                RGB; multispectral                              Pest and disease detection; yield prediction 
Fixed-wing UAV                                   1-2                                            Hyperspectral; LiDAR                                    Large-scale farmland monitoring 
Hybrid UAV                                          1-3                                          Multispectral; thermal IR                                            Precision agriculture 
 



Based on their lift generation mechanisms, UAVs are typically 
classified into rotorcraft platforms (capable of vertical take-off and 
landing), fixed-wing platforms (with longer endurance), and 
hybrid platforms that combine the advantages of both. 

Public datasets 
Publicly available datasets play a crucial role in training and 

evaluating deep learning models for agricultural remote sensing 
image segmentation. They provide high-quality annotated images 
from various sensor platforms, serving as essential foundational 
resources for algorithm development and benchmarking. The main 
publicly available datasets encompass satellite and drone observa-
tion data, covering a range of tasks such as crop classification, land 
cover mapping, and pest and disease detection (Table 3). 

Data preprocessing 
Data preprocessing is a critical step in the agricultural remote 

sensing image segmentation process, with the core objective of 
optimizing the quality of raw input data to ensure that the informa-
tion fed into deep learning models is accurate, consistent, and ana-
lytically valuable. Agricultural remote sensing images typically 
feature high spatial resolution and multispectral or hyperspectral 
characteristics, but they are often affected by environmental fac-
tors such as changes in lighting, cloud interference, and terrain 
deformation. Systematic preprocessing is crucial for noise reduc-
tion, geometric and radiometric correction, and feature enhance-
ment. These steps significantly improve the segmentation accura-
cy, generalisation capability, and robustness of subsequent deep 
learning models. The following is an overview of the key prepro-
cessing stages and their functions. Radiometric calibration is a fun-
damental step in the pre-processing of agricultural remote sensing 
data. This process eliminates sensor characteristic differences and 
system errors, converting raw digital number values (DN) into 
physically meaningful radiometric brightness or surface 
reflectance, ensuring that the spectral characteristics of image pix-
els accurately reflect the properties of ground objects. For multi-
spectral and hyperspectral imagery, spectral characteristics are 
directly used for crop type identification (Ahmad et al., 2021), 
plant health assessment (Zhang et al., 2018; Li et al., 2022), and 
soil property characterisation, making radiation correction particu-
larly critical. By establishing a quantitative relationship between 

DN values and physical quantities, radiation correction provides a 
standardised foundation for multi-sensor data fusion and temporal 
analysis. Related studies have shown that changes in solar eleva-
tion angle and atmospheric scattering caused by cloud cover can 
lead to deviations in surface reflectance and vegetation indices, 
necessitating correction to ensure data reliability (de Souza et al., 
2010). Weiss et al. (2020) proposed that radiation correction sig-
nificantly improves the accuracy of crop classification using 
hyperspectral data. Additionally, radiation-corrected imagery pro-
vides consistent and reliable inputs for calculating key agricultural 
parameters such as NDVI, thereby enhancing the precision and 
comparability of subsequent analysis tasks. 

Geometric correction is used to eliminate spatial distortions 
caused by sensor imaging geometry, platform motion, and terrain 
undulations, enabling remote sensing images to be precise aligned 
with the geographic coordinate system (Bannari et al., 1995). This 
step plays a critical role in multi-temporal image registration and 
spatial analysis, particularly in scenarios such as dynamic monitor-
ing of farmland boundaries, tracking crop growth trajectories, and 
detecting land use changes (Ahamed et al., 2012). Commonly used 
geometric correction methods include polynomial transformations, 
rational function models, and strict sensor models, which should 
be selected appropriately based on factors such as sensor type, the 
location and accuracy of ground control points (GCPs), and terrain 
complexity (Aguilar et al., 2008).  

Atmospheric correction involves modelling atmospheric scat-
tering and absorption effects caused by aerosols, water vapour, or 
other atmospheric components to restore the true surface 
reflectance of land features. Spectral information distortion in 
remote sensing imagery caused by clouds, haze, or humidity may 
introduce systematic errors in multi-temporal analysis and multi-
sensor data fusion (Gao et al., 2009). Atmospheric correction can 
significantly mitigate these interferences, improve the accuracy of 
vegetation index calculations, and directly enhance the image seg-
mentation performance between crops and background elements 
(Nazeer et al., 2021). For example, when detecting early crop 
stress responses, atmospheric correction is particularly necessary 
because these subtle signals are highly sensitive to spectral fidelity. 
Hadjimitsis et al. (2010) used the dark object subtraction (DOS) 
method to demonstrate that omitting the atmospheric correction 
step results in significantly lower daily evapotranspiration values 
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Table 3. Public datasets in agricultural remote sensing segmentation tasks. 

Datasets                            Number of scenes         Classes       Resolution (GSD)                       Devices                                 References 

Agriculture-vision                              94,986                            9            RGB-NI10/15/20 cm/px                      RGB-NIR                                 Chiu et al., 2020 
GID-15                                                  150                             15                       0.8 m/px                                       GF-2                                    Tong et al., 2020 
PhenoBench                                         2179                             5                        1 mm/px                                       UAV                                   Weyler et al., 2024 
EuroSAT                                             27,000                           10                        10 m/px                                   Sentinel-2                               Helber et al., 2019 
CropHarVest                                       95,186                            /                         10 m/px                                   Sentinel-2                                Tseng et al., 2021 
FLAIR                                                76,300                           32                       20 cm/px                        5CIR-DSM; Sentinel-2                   Garioud et al., 2023 
PASTIS                                                2433                            18                        10 m/px                                   Sentinel-2                               Garnot et al., 2021 
PASTIS-HD                                         2433                            18                      1/10 m/px               SPOT 6/7; Sentinel-1; Sentinel-2             Astruc et al., 2025 
Extended agriculture-vision               98,586                            9                        10 cm/px                                  RGB-NIR                                  Wu et al., 2023 
CalCROP21                                        50,000                           28                        10 m/px                                   Sentinel-2                               Ghosh et al., 2021 
AgriPotential                                        8890                             5                          5 m/px                                    Sentinel-2                             El Sakka et al., 2025 
SICKLE                                             209,000                          21                        10/30 m                 Landsat-8; Sentinel-2; Sentinel-1              Sani et al., 2024) 
Sen4AgriNet                                      225,000                         172                    10/20/60 m                                 Sentinel-2                                Sykas et al., 2022 
 



than the actual values, emphasising the importance of atmospheric 
correction in the quantitative inversion of agricultural biophysical 
parameters. 

The primary purpose of data augmentation in remote sensing 
image processing is to enhance the expressive power of image fea-
tures and expand the training sample size. This can be achieved by 
calculating enhanced features such as NDVI and soil adjusted veg-
etation index (SAVI) to highlight the spectral response characteris-
tics of crops. Additionally, principal component analysis (PCA) 
can extract principal components from high-dimensional 
multi/hyperspectral data, reducing redundancy, and improving fea-
ture representation efficiency (Darwin et al., 2021). At the sample 
level, geometric and radiometric transformations such as image 
rotation, horizontal flipping, random cropping, and colour dither-
ing, along with advanced sample mixing strategies like Mixup and 
CutMix, can significantly expand limited training datasets, thereby 
addressing the issue of scarce annotated data in agricultural remote 
sensing (Lu et al., 2024). In recent years, augmentation techniques 
based on generative adversarial networks (GANs) have garnered 
increasing attention. This method generates agricultural scene 
images with high fidelity, demonstrating significant advantages 
when sample data for specific crop types or rare diseases is insuf-
ficient (Lu et al., 2022). 

Applications of deep learning in agricultural 
remote sensing image segmentation 

Challenges of applying deep learning to agricultural 
remote sensing image segmentation 

Due to the high-dimensional and heterogeneous characteristics 
of agricultural remote sensing data and the high complexity of 
agricultural application scenarios, deep learning methods face sig-
nificant challenges when applied to agricultural remote sensing 
image segmentation (Li et al., 2024). Agricultural remote sensing 
data typically includes multi-source, multi-modal inputs, such as 
multi/hyperspectral and SAR imagery (Lv et al., 2023). These data 
not only contain detailed spectral information characterising crop 
physiological states, but also record the phenological dynamics of 
crops over time. The model must therefore possess the capability 

to simultaneously process high-dimensional spatial-spectral-tem-
poral information, mitigating the dimensional disaster and infor-
mation redundancy interference while extracting key features dur-
ing the segmentation process (Xu et al., 2023). 

Agricultural remote sensing tasks heavily rely on high-quality 
annotated data, but such data is extremely difficult to obtain in 
practice. In agricultural scenarios, complex terrain structures, 
small differences between crop types, and agricultural activities 
such as irrigation and fertilisation can cause dynamic changes 
(Peng et al., 2021). Therefore, when performing pixel-level 
semantic annotation, one must not only be able to interpret remote 
sensing imagery but also possess agricultural expertise to accurate 
identify crop growth stages, field facilities, or areas affected by 
environmental stresses such as pests and diseases (Zhu et al., 2024; 
Raei et al., 2022). This annotation process is time-consuming, 
requires high professional expertise, and is costly, leading to a 
long-standing shortage of data resources for agricultural remote 
sensing segmentation tasks (Luo et al., 2024). 

In summary, in order to promote the application of high-perfor-
mance deep learning segmentation models in the agricultural field, 
new breakthroughs must be made in model architecture and learn-
ing paradigms. For example, new network architectures can be 
designed to efficiently process and integrate large-scale, high-
dimensional, multi-modal temporal remote sensing data. In addi-
tion, efficient annotation learning paradigms can be explored to 
address the scarcity of professional annotation data. 

Deep learning architecture design 

CNN-based models 
CNNs are the foundational architecture in the field of comput-

er vision, and their automatic feature extraction capabilities and 
spatial hierarchical modelling capabilities provide robust technical 
support for agricultural remote sensing image segmentation (El 
Sakka et al., 2024; Alam et al., 2021). Their primary advantages 
stem from the synergistic interaction between convolutional layers 
and pooling layers: shallow layers focus on extracting local low-
level features, while deep layers progressively integrate and 
abstract higher-level semantic information (Zhao et al., 2024). 
This progressive transformation from local details to global 
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Figure 2. Schematic diagram of the U-Net network structure.



semantics ensures pixel-level precise segmentation of images. 
For structured prediction tasks such as image segmentation, 

the CNN-based encoder-decoder architecture has been widely 
adopted and continuously optimised. The encoder downsamples to 
compress the spatial dimension and learns deep semantic represen-
tations. The decoder performs upsampling based on the latent rep-
resentations to generate pixel-level outputs. The U-Net proposed 
by Ronneberger et al. (2015) features a unique symmetric design 
and skip-connection mechanism, enabling it to effectively capture 
contextual information during downsampling and fuse high-reso-
lution spatial details from shallow encoders during upsampling 
(Figure 2). This mechanism mitigates the loss of spatial details dur-
ing traditional CNN downsampling. To enhance model perfor-
mance, researchers have proposed numerous U-Net variants. For 
example, SK-ResNeXt (Ramos et al., 2025) introduces a cardinal-
ity and adaptive convolution kernel size design, significantly 
enhancing multi-scale modelling capabilities and adaptability. In 
the land cover classification (LCC) task, this model achieves an 
overall accuracy (OA) and mean intersection over union (mIoU) 
improvement of 5.312% and 8.906%, respectively, compared to 
the baseline model in the RGB configuration. AER U-Net (Jonnala 
et al., 2025) combines multi-scale residual networks, dilated con-
volutions, and skip connections to significantly improve the accu-
racy of water body segmentation. To address the challenge of seg-
menting unstructured land use types in rural areas, Zhao et al. 
(2025) proposed the Land-Unet model, which incorporates a dual-
branch edge-sensitive module (ESB) comprising a spatial-channel 
collaborative attention (SCSA) branch and dynamic upsampling 
(DYU) technology, effectively mitigating semantic ambiguity at 
boundaries. Cheng et al. (2024) proposed an innovative model for 
orchard segmentation, integrating an efficient multi-scale attention 
mechanism (EMA) and LayerScale adaptive scaling, combined 
with CycleGAN and transfer learning, to enhance generalisation 
across data sources (UAV imagery, Google Earth, Sentinel-2), 
achieving mIoU values of 97.39%, 92.08%, and 84.54%, respec-
tively. Another classic encoder–decoder model, SegNet 
(Badrinarayanan et al., 2017) innovates by reusing the pooling 
indices recorded during the encoder’s max pooling operation for 
the decoder’s upsampling operation (Figure 3). This design signif-
icantly reduces the number of parameters while preserving high-
resolution details during the upsampling process. To address issues 
such as large parameter size, limited accuracy, and performance 
degradation during training, an improved SegNet variant (Weng et 
al., 2020) introduces enhanced residual blocks in the encoder to 
mitigate degradation, and adopts depthwise separable convolutions 
and dilated convolutions to control the number of parameters and 

expand the receptive field, thereby improving model performance 
without weakening feature extraction capabilities. MASA-SegNet 
(Sun et al., 2023), which integrates a multi-axis sequence attention 
mechanism, enhances feature extraction and suppresses noise 
through spatial-sequence propagation, significantly improving the 
semantic segmentation performance of PolSAR images. RWSNet 
(Jiang and Li, 2020) combines SegNet with optimised random 
walks, automatically generating seeds from network predictions 
and optimising weights using gradient/probability graphs, reduc-
ing computational costs while improving image segmentation 
accuracy. 

With the deepening of research, the multi-scale target problem 
commonly found in remote sensing images has not yet been ade-
quately resolved, including scattered plots, dense crop rows, and 
large-scale field facilities. This has driven the development of 
multi-scale feature fusion architectures represented by the 
DeepLab series. DeepLab (Chen et al., 2014) introduced dilated 
convolutions, a technique that expands the receptive field without 
reducing the resolution of feature maps, effectively capturing 
broader spatial contextual information. DeepLabV2 (Chen et al., 
2018) further proposed dilated spatial pyramid pooling (ASPP), 
which achieves comprehensive modelling of multi-scale informa-
tion by applying dilated convolutions and pooling operations with 
different dilation rates in parallel to feature maps. This figure illus-
trates the comparison between the DeepLab and DeepLabV2 
architectures (Figure 4). DeepLabV3+ (Chen et al., 2018) is an 
optimised version based on DeepLabV3 (Chen et al., 2017), using 
the Xception network as its backbone (Figure 5). Wang et al. 
(2022) proposed CFAMNet, which improves DeepLabV3+ by 
integrating a category feature attention mechanism, effectively 
addressing the issues of inaccurate boundary segmentation and cat-
egory inconsistency in high-resolution images, significantly 
enhancing semantic segmentation accuracy while reducing the 
number of model parameters. To address the challenges of blurred 
object boundaries and missing contextual information in ultra-
high-resolution images, Du et al. (2021) proposed a fusion frame-
work combining DeepLabV3+ with object-based image analysis 
(OBIA). By integrating deep network predictions with handcrafted 
features, geometric information (DSM), and object-constrained 
optimization using higher-order CRFs, the framework achieves 
highly precise segmentation. Given the importance of soil erosion 
monitoring in environmental assessment and management, the 
DD-DA model (Zhang et al., 2024) was specifically optimised 
based on DeepLabV3+. This model incorporates a convolutional 
block attention module (CBAM) that combines spatial and channel 
attention, significantly enhancing the model’s ability to extract the 
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Figure 3. Schematic diagram of the SegNet Network structure.



unique morphological structures and texture features of gully ero-
sion. CNNs are naturally adept at handling local spatial correla-
tions in images, which is crucial for analysing complex details in 
satellite and drone remote sensing data (Tao et al., 2022). Through 
continuous iteration, CNN models have evolved of powerful tools 
that can adaptively expand their receptive fields and effectively 
fuse multi-scale hierarchical information flows. This enables them 
to accurately express and segment complex content in agricultural 
remote sensing images. 

Transformer-based models 
The self-attention mechanism of the transformer model can 

efficiently model long-range dependencies and has achieved 
breakthrough progress in the field of natural language processing 
(NLP). Inspired by this, this mechanism is introduced into the agri-

cultural remote sensing image segmentation task (Wang et al., 
2024), and its core structure is shown as follows (Figure 6). The 
self-attention mechanism can dynamically calculate the attention 
weights between any two spatial regions in an image, effectively 
addressing the inherent limitations of CNNs in modelling distant 
contextual information due to their restricted receptive fields 
(Khan et al., 2022). 

As a basic architecture, the Vision Transformer (ViT) 
(Dosovitskiy et al., 2020) was originally used for image classifica-
tion tasks. Its core idea is to divide the input image into patches of 
fixed size and treat them as a sequence, allowing the self-attention 
mechanism to capture the global context information of the image 
(Bazi et al., 2021; Naseer et al., 2021). Since then, researchers 
have continued to improve ViT. For example, the MeViT model 
(Panboonyuen et al., 2023) combines a medium-resolution multi-
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Figure 5. Schematic diagram of the DeepLabV3 network structure.

Figure 4. Comparison of the DeepLab and DeepLabV2 network structures.



branch design with ViT, enabling it to learn semantically rich and 
spatially precise multi-scale representations. Additionally, the 
model enhances the capability of the mixed-scale convolutional 
feedforward network by introducing multiple deep convolutional 
branches, enabling it to extract multi-scale local details and effec-
tively balance model performance and computational efficiency. 
However, the standard ViT architecture still has notable limita-
tions, including insufficient ability to capture local spatial details, 
computational complexity that grow quadratically with input size, 
and strong dependence on large-scale pre-training in performance 
competition. To overcome the above limitations, researchers pro-
posed the Swin transformer (Liu et al., 2021), which introduces an 
innovative hierarchical structure and movable window mecha-
nism. Unlike traditional transformers, the Swin transformer limits 
self-attention calculations to local non-overlapping windows while 
enabling cross-window information exchange by shifting window 
positions between adjacent layers. This strategy retains global 
modelling capabilities while significantly reducing computational 
complexity by approximately 40%. Its hierarchical downsampling 
structure generates multi-scale feature maps, making it particularly 
suitable for capturing phenological patterns during crop growth 
(Xu et al., 2021). As a result, the Swin transformer was quickly 
applied to remote sensing image segmentation tasks. For example, 
ST-MDAMNet (Liu et al., 2024) introduces a multi-dimensional 
attention mechanism and a feature enhancement module (FAM) to 
strengthen key feature representation. In water resource applica-
tions, the WISTE model (Ma et al., 2023) utilises Swin trans-
former to extract water body information and designs a dual-
branch encoder structure to fuse spatial details captured by a fully 
convolutional network (FCN) with global semantics and neigh-
bourhood relationships obtained through multi-head self-attention. 
Additionally, Meng et al. (2022) proposed the class-guided Swin 
transformer (CG-Swin), which adopts a transformer-based 

encoder–decoder framework, using Swin as the encoder backbone 
and introducing a class-guided transformer module in the decoder, 
achieving excellent performance in land cover classification tasks. 

In addition to the mainstream ViT and Swin architectures, a 
large number of Transformer variants specifically designed for 
high-resolution remote sensing image segmentation have emerged. 
In particular, hyperspectral imagery (HSI) can achieve fine-
grained differentiation based on minute spectral differences thanks 
to its nearly continuous spectral information. At this point, the lim-
itations of traditional CNN-based network architectures become 
increasingly evident. To address this issue, SpectralFormer (Hong 
et al., 2022) introduces a cross-layer skip connection mechanism, 
which can adaptively learn ‘soft’ residuals within the hierarchical 
structure, transmitting ‘memory’-like components from shallow 
layers to deep layers. This enables the model to learn local spectral 
sequences between adjacent hyperspectral bands, generating dis-
criminative grouped spectral embeddings. Despite significant 
progress, deep learning models still face challenges in HSI classi-
fication, including limited receptive fields, insufficient flexibility, 
and poor generalisation capabilities. To address these issues, 
researchers introduced the BERT architecture, originally used for 
NLP, into HSI classification. The proposed HSI-BERT model (He 
et al., 2020) has a global receptive field and can capture deep 
pixel-level dependencies that are not limited by spatial distance. It 
outperforms CNN-based models in terms of classification accura-
cy and computational efficiency and is well suited for precision 
agriculture monitoring tasks. To further capture deep pixel-level 
dependencies, the DSS-TRM model (Liu et al., 2022) simultane-
ously introduces spectral self-attention modules (SpecSAM) and 
spatial self-attention modules (SpatSAM) to extract joint spatial-
spectral features from HSI. These modules are fused through dot 
product operations to enhance the representation capability of spa-
tial-spectral features. 
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Figure 6. Schematic diagram of the transformer network structure.



Hybrid structure-based models 
To overcome the inherent limitations of a single model archi-

tecture, researchers have proposed a hybrid structure that combines 
CNNs and transformers. These models aim to leverage the advan-
tages of CNNs in local feature extraction and the capabilities of 

transformers in modelling global dependencies to improve the 
accuracy of image segmentation in complex agricultural scenarios 
(Zhu et al., 2022). Based on differences in feature fusion strategies, 
existing hybrid frameworks can be broadly divided into two cate-
gories: single-branch serial processing architectures and dual-
stream parallel processing architectures (Figures 7 and 8). 
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Figure 7. Schematic diagram of the serial CNN-transformer hybrid architecture.

Figure 8. Schematic diagram of the parallel CNN-transformer hybrid architecture.
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In the HSI classification task, Hybrid-TransCD (Ke and 
Zhang, 2022) adopts a single-branch hybrid architecture design, 
embedding convolutional layers into the Transformer encoder to 
achieve joint modelling of spectral features and spatial context. 
However, this single feature stream has limitations in constructing 
multi-scale long-range interactions, restricting its performance in 
change detection tasks that require fine-grained differentiation of 
complex scenes. To address this issue, STransFuse (Gao et al., 
2021) introduces a staged fusion paradigm: a shallow CNN is used 
to capture surface geometric details, while a deep Swin trans-
former is employed to model global contextual dependencies, 
leveraging an adaptive attention mechanism to fully integrate 
cross-scale semantic information. However, such single-branch 
architectures still have obvious limitations: they struggle to fully 
decouple the rich inter-band dependencies in HSI data and fail to 
fully leverage the complementarity between local features and 
global semantics, resulting in suboptimal segmentation accuracy 
for fine-grained farmland classification. 

To address these shortcomings, the dual-stream parallel archi-
tecture simultaneously leverages CNNs to extract local features 
and transformers to model global context. For example, the ST-U 
network (He et al., 2022) constructs a dual-encoder structure com-
posed of parallel Swin transformer and CNN branches, using a 
spatial interaction module (SIM) to enhance the representation 
capability of occluded targets, a feature compression module 
(FCM) to retain small target features, and a relationship aggrega-
tion module (RAM) to hierarchically fuse global and local infor-
mation. Hyper-LGNet (Zhang et al., 2022) uses a CNN branch to 
extract local spatial features and a Transformer branch to extract 
global spectral dependencies, and employs a spatial–spectral fea-
ture fusion module (SSFFM) to adaptively integrate these two 
types of features. This is also one of the earliest classification mod-
els to simultaneously capture both spatial and spectral information 
from hyperspectral imagery. CTFuseNet (Xiang et al., 2023) 
improves crop type segmentation in drone remote sensing images 
through a multi-scale CNN–Transformer fusion strategy, with a 
specially designed fusion module that aggregates information 
across scales. Similarly, MBT-UNet (Liu et al., 2024) processes 
features of different scales in a multi-branch structure, effectively 
improving segmentation accuracy and model robustness in agricul-
tural imagery. However, despite the promising prospects of hybrid 
architectures, they still face numerous challenges in practical 
applications, particularly in achieving efficient real-time inference 
and developing lightweight models suitable for edge deployment. 
For example, Transformer-based models typically contain a large 
number of parameters, and their computational complexity 
increases quadratically with image size, leading to significant 
latency. Additionally, the limited receptive field of the Swin 
Transformer weakens its ability to model long-range global depen-
dencies, resulting in poor performance in complex agricultural 
field scenarios. 

Lightweight models 
Driven by the actual needs of precision agriculture, lightweight 

models have become a hot topic of research due to their efficiency 
and low resource consumption (Zhang et al., 2024). Although tra-
ditional deep learning models can achieve high accuracy, their 
large parameter size and high computational complexity limit their 
real-time deployment on resource-constrained platforms such as 
unmanned aerial vehicle edge devices. Lightweight models that 
reduce parameter size and computational overhead through archi-
tectural optimisation are an ideal choice for agricultural remote 
sensing applications. 

CNNs are highly efficient in local feature extraction and have 
relatively low computational requirements, so lightweight models 
based on CNNs are widely used in agricultural remote sensing. 
These models combine key technologies such as separable convo-
lutions, parameter pruning, and attention mechanisms to signifi-
cantly reduce computational costs and memory usage while main-
taining high segmentation accuracy. Mainstream lightweight mod-
els based on CNNs can be broadly divided into three categories: U-
Net variants, MobileNet-derived models, and YOLO-derived mod-
els. The encoder-decoder structure and skip connections of U-Net 
have proven highly effective in high-resolution image segmenta-
tion. However, the standard U-Net model is computationally inten-
sive and has a large parameter size, limiting its application on edge 
devices. To address the challenges of annotation and real-time 
monitoring for large-scale segmentation of wheat lodging, Feng et 
al. (2024) proposed the ultra-lightweight L-U2NetP model, inno-
vatively embedding a dual cross-attention (DCA) module within 
the U-structure unit to bridge the semantic gap and replacing com-
plex operators with a cross-attention (CCA) module to enhance 
feature extraction capabilities, ultimately achieving a segmentation 
accuracy of 95.45% on drone aerial images. Ir-UNet (Zhang et al., 
2021) improves the U-Net architecture to address the issue of 
irregular shapes in wheat stripe rust lesions, reducing computation-
al costs while maintaining high accuracy. Zhang et al. (2022) pro-
posed DF-UNet for detecting the severity of wheat stripe rust in 
multispectral drone imagery, reducing computational load by over 
half through dual-stream feature fusion and achieving the highest 
overall accuracy among other state-of-the-art deep learning mod-
els. In 2025, ConvNeXt-U (Liu et al., 2025) was proposed, intro-
ducing a simplified ConvNeXt backbone network and CBAM 
attention mechanism into the U-Net structure, effectively improv-
ing segmentation performance for complex field boundaries. 

The MobileNet series, with its lightweight design and efficient 
inference capabilities, is highly suitable for embedded and mobile 
visual tasks. In agricultural remote sensing, MobileNet achieves 
real-time image segmentation by significantly reducing the num-
ber of parameters through separable convolutions. Lan et al. 
(2021) proposed MobileNetV2-UNet and FFB-BiSeNetV2 for 
real-time weed 

detection in rice fields using drones. MobileNetV2-UNet com-
bines a lightweight backbone network with a U-Net decoder, 
achieving nearly a 3x improvement in inference speed compared to 
the standard U-Net while significantly reduce the number of 
parameters (Figure 9). FFB-BiSeNetV2 optimises the bilateral 
segmentation network, outperforming traditional models in both 
pixel accuracy and mean intersection over union (mIoU). MST-
DeepLabv3+ (Wang et al., 2024) replaces the Xception backbone 
network in DeepLabv3+ with MobileNetV2, reducing the parame-
ter size from 208.7MB to 22.19MB. It also introduces SENet atten-
tion modules and transfer learning to improve accuracy, offering 
potential applications in land cover classification under resource-
constrained environments.  

The high efficiency of the YOLO series models has also led to 
the development of variants for lightweight segmentation tasks. 
YOLO-Weed Nano (Wang et al., 2025) is based on an optimised 
YOLOv8n backbone network, using depth-separable convolutions, 
a lightweight backbone, and an efficient detection head to reduce 
computational and memory requirements while maintaining high 
weed detection accuracy (Figure 10). Similarly, LBDC-YOLO 
(Zuo et al., 2024) also originates from YOLOv8n, integrating 
Slim-neck design, triple attention mechanisms, and BiFPN archi-
tecture to achieve high-precision detection of cauliflower heads in 
complex field environments. Compared to the baseline YOLOv8n, 
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this model reduces computational load by 32.1% and model size 
by 44.4%. YOLOPC (Qing et al., 2023) is a lightweight segmen-
tation network that uses partial convolutions, a lightweight back-
bone, and CBAM attention mechanisms to enhance spatial and tex-
ture feature perception capabilities, making it suitable for use in 
embedded agricultural devices. 

Transformers excel at global context modelling, but their high 
computational cost poses challenges for deployment on resource-
constrained devices. To address this, researchers have developed 
lightweight Transformer models specifically tailored for agricul-
tural remote sensing tasks. For example, RSegformer (Li et al., 
2022) is a lightweight Transformer model for plant disease seg-
mentation, which replaces the backbone network with a compact 
Segformer structure, incorporates attention mechanisms, and 
improves the upsampling operation. This model achieved an aver-
age intersection-over-union (mIoU) of 85.38% with only 14.36 
million parameters. Efficient Transformer (Xu et al., 2021) is 
designed for remote sensing image segmentation, using an effi-
cient backbone and MLP head to reduce computational burden, 
achieving an inference speed of 47.9 images per second, while 
enhancing edge segmentation accuracy through explicit and 
implicit edge enhancement strategies. 

In addition to the aforementioned models, there are also some 
other lightweight models that can be used for agricultural image 
segmentation. Zheng et al. (2024) proposed the PP-LiteSeg model 
for crop classification using drone-based visible light imagery. 
This model achieved an average intersection-over-union (mIoU) of 
94.79% in rice, soybean, and wheat classification tasks by intro-
ducing a pyramid pooling module (SPPF-CSPC-A) and a sparse 
self-attention mechanism, while maintaining a real-time inference 
speed of 12.3 frames per second, providing a practical solution for 
lightweight field image analysis. Hybrid models that combine the 
advantages of CNNs and Transformers, or enhance performance 
through architectural innovations, are emerging as an important 
research direction in remote sensing segmentation. For example, 
BEMS-UNetFormer (Zheng et al., 2024) enhances the 
UNetFormer architecture by introducing a boundary-aware mod-
ule (BAM) and a boundary-guided fusion module (BFM), achiev-
ing an mIoU of 86.12% on the Potsdam dataset. Additionally, 
lightweight models may lose some feature extraction capabilities 
during model compression, leading to a decrease in segmentation 
accuracy. To balance the lightweight nature of the model with seg-
mentation accuracy, researchers are actively exploring new tech-
nologies. For example, knowledge distillation techniques can 
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Figure 9. The structure of the MobileNetV2-UNet semantic segmentation model proposed in this study.

Figure 10. Schematic diagram of the YOLOv8 network structure.



transfer knowledge from large, high-performance models (teacher 
models) to lightweight models (student models), thereby improv-
ing the performance of the latter. Typical methods such as DP-
CTNet (Zheng et al., 2025) include a feature refinement module 
for optimising Transformer feature learning and a feature fusion 
module for effectively integrating CNN and Transformer features. 
It adopts an innovative angle-aware distillation strategy to enhance 
the feature transfer capability during the training process of the 
student model EDP-CTNet. To address the issue of poor recogni-
tion and segmentation performance caused by low pixel weights 
and small sizes of small objects, a study proposed a lightweight 
semantic segmentation network-KD-MSANet (Yang et al., 2024) -
based on knowledge distillation, multi-scale pyramid pooling 
modules, and attention mechanisms. Compared to the uncom-
pressed version, the student model’s size is reduced by 43.6%, 
training efficiency improves by 22.3%, and accuracy reaches 
99.30% of the teacher model. 

Compared to traditional CNN or transformer architectures, the 
core advantage of lightweight models lies in their efficiency and 
low resource consumption, making them ideal for running on 
resource-constrained devices and capable of meeting the stringent 
real-time requirements of practical applications. Their potential 
limitation is that, in order to achieve lightweight goals, their seg-
mentation accuracy may be insufficient. 

Vision-language models 
Visual-language models (VLMs) have made significant break-

throughs in cross-modal learning, accelerating the development of 
artificial intelligence (Zhu et al., 2024). These models are pre-
trained using large-scale image-text paired datasets, integrating 
visual perception with natural language understanding to support a 
range of complex tasks, including image description, visual ques-
tion answering, zero-shot recognition, and image segmentation 
(Zhu et al., 2024). VLMs hold great potential in field of remote 
sensing, enabling precise interpretation of high-resolution satellite 
and aerial imagery through natural language prompts for image 
processing (Li et al., 2024; Weng et al., 2025). Their core advan-

tage lies in achieving fine-grained alignment between visual fea-
tures and textual semantics to construct a dynamic and inter-
pretable multimodal fusion framework. This capability can 
enhance efficiency and accuracy of remote sensing data interpreta-
tion, breaking through the limitations of traditional single-visual 
methods (Tao et al., 2025; Xiao et al., 2025). 

VLMs in agricultural image segmentation are primarily divid-
ed into two pre-training paradigms (Figure 11). Generative learn-
ing models employ mask reconstruction and text modelling meth-
ods to capture deeper semantic representations. This paradigm is 
particularly suitable for analysing complex crop physiological 
states and developmental stages. Contrastive learning-based mod-
els leverage data augmentation and cross-modal feature alignment 
strategies to enhance zero-shot generalisation capabilities. These 
models demonstrate strong adaptability when identifying new crop 
varieties or unfamiliar geographical regions. These paradigms each 
have distinct advantages in remote sensing applications, enabling 
fine-grained segmentation through the deep integration of multi-
source heterogeneous data. 

VLMs built based on the generative pre-training paradigm pos-
sess powerful instruction understanding and content generation 
capabilities, making them particularly suitable for addressing com-
plex and dynamic segmentation requirements. Among these, 
derivative models represented by GPT stand out. For example, 
SpectralGPT (Hong et al., 2024) focuses on in-depth analysis of 
hyperspectral remote sensing imagery and demonstrates outstand-
ing performance in interpreting spectral data related to crop phys-
iological characteristics. It can accurately delineate nitrogen-defi-
cient areas and support high-resolution identification of soil condi-
tions, water stress, and nutrient distribution. In contrast, 
SkyEyeGPT (Zhan et al., 2025) employs a unified instruction pars-
ing framework, enabling it to automatically execute segmentation 
tasks based on natural language queries and generate real-time text 
summaries. This design is particularly suited for dynamic monitor-
ing applications and operational scenarios requiring interactive 
human-machine feedback. 

VLMs built using contrastive learning achieve robust align-
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Figure 11. The difference between contrastive learning and generative learning in pre-training.



ment of image and text features through contrastive pre-training on 
large-scale paired image-text datasets, and perform well in few-
shot and zero-shot learning tasks. A typical example is the CLIP 
model. This capability is particularly critical for rapid deployment 
in new geography areas or when dealing with unfamiliar crop 
types. For example, RemoteCLIP (Liu et al., 2024) combines mul-
tiple remote sensing annotation strategies to enable zero-shot seg-
mentation based on text prompts, providing an effective solution 
for large-scale crop mapping. GeoRSCLIP (Zhang et al., 2024), 
specifically designed for remote sensing applications, can accu-
rately respond to commands such as ‘show rice-growing areas,’ 
demonstrating outstanding performance in land use monitoring 
and farmland change detection. However, geographical biases in 
training data may limit its generalisation ability in diverse regions. 
Unlike typical CLIP-based contrast models, FSVLM (Wu et al., 
2025) does not rely on large-scale image-text contrast training but 
instead enhances semantic understanding of complex agricultural 
landscapes through a dedicated visual-language fusion module and 
few-shot learning paradigms, particularly excelling in scenarios 
with limited data. 

VLMs are gradually driving the development of agricultural 
remote sensing image segmentation towards smarter and more 
interactive directions. GPT-based models excel at handling com-
plex and highly customised tasks, particularly in scenarios with 
high semantic interpretability requirements, such as hyperspectral 
data processing and supporting user-interactive segmentation. In 
contrast, architectures like CLIP, with their efficient zero-shot 
transfer capabilities, excel at quickly adapting to new target cate-
gories, making them well-suited for crop identification in diverse 
agricultural environments. To fully leverage VLMs in driving 
modern agricultural transformation, optimisations and improve-
ments are still needed in certain areas. This may involve enhancing 
VLMs’ dense prediction capabilities and improve multi-modal 
data fusion strategies that integrate spectral, SAR, and time-series 
information, thereby strengthening the model’s robustness and 
intelligence in dynamic monitoring throughout the entire crop 
growth cycle. 

Efficient annotation methods 
Semantic segmentation of agricultural remote sensing imagery 

is a key technology in precision agriculture. However, remote 
sensing data covers a wide area and has high resolution, making it 

costly and time-consuming to obtain pixel-level annotated 
datasets. Efficient annotation methods enhance annotation effi-
ciency and model performance by reducing the need for manual 
annotation, leveraging unannotated data, and enabling cross-
domain knowledge transfer. This section will provide a detailed 
analysis of the primary efficient annotation strategies in agricultur-
al remote sensing segmentation, including semi-supervised learn-
ing, weakly supervised learning, self-supervised learning, transfer 
learning, and data augmentation (Figure 12). 

Semi-supervised learning combines a small amount of labelled 
data with a large amount of unlabelled data to train models, mak-
ing it particularly suitable for agricultural applications where 
labelled data is scarce. Li et al. (2023) proposed a self-learning-
based semi-supervised method that uses UNet and DeepLabV3 to 
generate pseudo labels for unlabelled samples and adds these high-
ly consistent pseudo labels to the training set. With only 20 
labelled samples (4.4% of the total samples), the model achieved 
an F1 score of 79.45% and an average intersection-over-union 
(mIoU) of 68.24%, demonstrating the low dependency of semi-
supervised methods in labelled data. In another study, Wang et al. 
(2020) proposed a semi-supervised method for remote sensing 
identification of winter wheat planting areas, achieving 82.50% 
mean pixel accuracy (MPA) and 76.01% mIoU with only 1/16 of 
the dataset labelled, outperforming fully supervised models. The 
advantage of semi-supervised learning lies in significantly reduc-
ing reliance on labelled data and enhancing performance through 
unlabelled samples. Low-quality pseudo labels may negatively 
impact the final results, so it is necessary to design a reliable pseu-
do label generation strategy. 

Weakly supervised learning uses weak labels, such as single-
pixel or image-level labels, instead of pixel-level annotations, 
thereby reducing the annotation workload. Wang et al. (2020) used 
weakly supervised learning to process 450,000 square kilometres 
of Landsat 8 imagery from the Midwestern United States. The 
Masked U-Net they proposed achieved 88% accuracy rate for 
farmland segmentation using only 1,000 annotated samples. The 
weakly supervised tree species classification method based on 
explainability techniques proposed by Ahlswede et al. (2022) 
demonstrates its potential in agricultural tasks. Although weakly 
supervised learning significantly reduces annotation costs in large-
scale monitoring areas, but its segmentation accuracy in complex 
scenarios still needs to be optimised. Additionally, these methods 
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Figure 12. Schematic diagram of the efficient labelling method. a) Semi-supervised learning. b) Weakly supervised learning. c) Self-
supervised learning. d) Transfer learning.



typically require specialised techniques such as category activation 
maps (CAM) or mask loss to properly handle weak labels, increas-
ing the complexity of model design. 

Self-supervised learning extracts features from unlabelled data 
by defining pre-training tasks, reducing reliance on manually 
labelled samples (Marsocci et al., 2021). S4 (Shenoy et al., 2024) 
is a self-supervised pre-training framework for semantic segmen-
tation of satellite image time series (SITS). This method utilises 
multi-modal data (such as radar and optical images) and time 
alignment information to learn representations across modal and 
temporal dimensions. Use only 10% of labelled data in the 
PASTIS-R dataset, it achieved 36.5% mIoU in the SAR modality 
and 33.7% mIoU in the optical modality. RingMo (Sun et al., 
2023) is a remote sensing foundation model trained using masked 
image modelling, supporting downstream tasks such as segmenta-
tion through fine-tuning. The advantage of self-supervised learning 
lies in its ability to fully utilise unlabelled data; however, the effec-
tiveness of this method depends on the relevence between the pre-
training task and the downstream objective. If the two are mis-
matched, it may hinder performance improvement. 

Transfer learning leverages models pre-trained on large, gener-
al-purpose datasets and fine-tunes them to adapt to specific agri-
cultural remote sensing tasks, thereby reducing the need for task-
specific annotated data. Zhang et al. (2020) used the EfficientNet 
model pre-trained on ImageNet and fine-tuned it for remote sens-
ing segmentation tasks, achieving good results. Kerner et al. 
(2024) explored cross-region transfer learning for farmland bound-
ary segmentation, validating its effectiveness in scenarios with 
limited local labelled data. The advantage of transfer learning lies 
in accelerating model training speed, but it may fail to fully capture 
domain-specific features of agricultural data, necessitating reason-
able fine-tuning to adapt to practical applications (Zhu et al., 
2024). Additionally, Kerner’s research found that model perfor-
mance varies across different climatic regions, emphasising the 
necessity of domain-specific optimisation in transfer learning. 

Data augmentation addresses the scarcity of labelled data by 
expanding datasets with synthetic data. Su et al. (2021) proposed a 
data augmentation framework based on random image cropping 
and patching (RICAP), which relaxes the constraints on image 
patches and introduces a boundary alignment cost to improve the 
quality of generated images. Compared with traditional augmenta-
tion techniques such as flipping, rotation, and colour jittering, 
RICAP demonstrates superior performance. In addition to tradi-
tional methods, generative adversarial networks (GANs) have 
emerged as a powerful tool for learning data distributions and gen-
erating realistic samples since their first proposal in 2014 (Lu et 
al., 2022). Abbas and colleagues (2021) applied conditional gener-
ative adversarial networks (CGANs) to generate shape-adaptive 
objects for training segmentation models in crop/weed detection. 
However, data augmentation-generated samples may deviate from 
the true distribution, so validation with real data is still required. 

Challenges and limitations 
Deep learning-based agricultural remote sensing image seg-

mentation technology provides critical support for agricultural 
automation, crop condition monitoring, and precision agriculture, 
and has enormous application potential. However, this technology 
still faces many challenges and limitations in its actual deployment 
and promotion, mainly including data scarcity, highly heteroge-
neous growth environments, high computing resource consump-
tion, and limited model transferability (Xing et al., 2014). 

Scarcity of labelled data and high annotation cost 
One of the most critical development bottlenecks in practical 

applications lies in the severe shortage of high-quality annotated 
data (Hua et al., 2022; Rasmussen et al., 2022). Existing public 
datasets typically focus on only a few mainstream or single crop 
varieties, resulting in limited coverage. This limitation leads to a 
decrease in segmentation accuracy and generalisation ability when 
models are transferred to unseen crop types or different growth 
environments, exposing insufficient environmental adaptability 
(Mamat et al., 2022). A deeper issue lies in the complexity of agri-
cultural scenarios, which significantly increases the technical dif-
ficulty of annotation. Achieving pixel-level precise annotation is 
inherently a labour-intensive and highly demanding task, requiring 
manual pixel-level identification and contour tracing, which is 
extremely costly (Alzubaidi et al., 2024). 

 

Environmental complexity and interference factors 
The highly dynamic nature of the agricultural environment is 

also a major challenge affecting the accuracy of agricultural 
remote sensing image segmentation (Charisis and Argyropoulos, 
2024). Crop phenotypic characteristics such as leaf morphology, 
root structure, and canopy structure are easily affected by the 
changes in growth conditions (Jiang et al., 2020; Ou et al., 2024). 
Image acquisition based on unmanned aerial vehicle (UAV) plat-
forms is often affected by colour differences caused by fluctuations 
in light intensity and temperature, especially in scenarios such as 
low light conditions and extreme weather, where RGB images 
struggle to capture key details, severely limiting segmentation 
accuracy (Zhang et al., 2023). 

Computational demands and real-time processing 
bottlenecks 

High-resolution remote sensing images contain huge amounts 
of data, requiring large amounts of memory and computing 
resources for processing. The demand for real-time agricultural 
monitoring further exacerbates this challenge (Holder and 
Shafique, 2022). Complex model inference has long latency, mak-
ing it difficult to meet the needs of real-time decision-making and 
response in the field (Xie et al., 2023). In addition, multi-temporal 
data analysis required for monitoring crop phenological changes 
requires continuous processing of time-series images, further 
increasing storage and computing burdens. 

Limited model generalization 
Current segmentation models often exhibit unstable perfor-

mance across different regions and crop types. For example, a 
model trained in a specific geographical region may experience a 
significant drop in accuracy when transferred to another region due 
to differences in soil composition, farming practices, or climatic 
conditions (Ullah and Bais, 2022). Crop diversity further exacer-
bates this issue, as different species exhibit significant variations in 
morphological and spectral characteristics, making it is challeng-
ing for a single model to achieve consistent performance. 
Additionally, the scarcity of extreme or rare samples, such as pest 
outbreaks or drought conditions, weakens the model’s generalisa-
tion ability in abnormal scenarios. 

Future directions 
Explainable artificial intelligence (XAI): improving the 

explainability of models may have certain economic and environ-
mental impacts on agriculture-related decision-making (Ryo, 
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2022; Cartolano et al., 2024). The ‘black box’ nature of deep learn-
ing models often limits user trust. Therefore, future research 
should prioritise the development of transparent and explainable 
AI technologies. Tools such as feature visualisation, saliency 
maps, and model distillation can reveal the prediction process, 
enhancing user understanding and confidence. Research indicates 
that explainability not only fosters trust but also aids in model opti-
misation and reliability enhancement (Shams et al., 2024). For 
example, attention map visualisation techniques are particularly 
effective in highlighting crop areas affected by pests, providing 
valuable reference information for agronomists and farmers. 

Integration with the Internet of Things (IoT): with the 
widespread deployment of IoT devices such as drones, sensors, 
and robots in agriculture, the agricultural sector has gained access 
to rich and continuous data streams (Abouzahir et al., 2017; Jia et 
al., 2018). Future research should focus on seamlessly integrating 
these real-time data stream with deep learning models. Deploying 
lightweight models on resource-constrained edge devices remains 
key to achieving real-time field analysis (Tsakiridis et al., 2020). 

Efficient annotation and training strategies: breaking the inef-
ficiency of manual pixel-level annotation remains one of the major 
bottlenecks in the field of agricultural remote sensing (Hong et al., 
2024). Future research should focus on developing semi-super-
vised and self-supervised learning methods to reduce reliance on 
annotated data. A promising example is SpectralGPT (Hong et al., 
2024), a self-supervised model that successfully captures complex 
agricultural patterns by training on large amounts of unlabelled 
data without requiring extensive manual annotation. Another effec-
tive strategy is active learning, which focuses on annotating the 
most informative samples to improve annotation efficiency and 
reduce the overall data annotation burden (Flores et al., 2024). 

 
 

Conclusions 
This review has provided a comprehensive analysis of deep 

learning’s role in agricultural remote sensing image segmentation, 
a critical technology for advancing modern precision agriculture. 
We have systematically charted the landscape of data acquisition, 
from satellite platforms (e.g., Sentinel, Landsat) for large-scale 
monitoring to the high-resolution, field-level data provided by 
UAVs. A core component of this review was the detailed synthesis 
of deep learning architectures, tracing their evolution from founda-
tional CNN-based models like U-Net and DeepLab, which excel at 
local feature extraction, to the powerful, context-aware 
Transformer and hybrid models that capture global dependencies. 
We also identified significant and persistent challenges that temper 
this progress, most notably the scarcity of high-quality annotated 
data, high computational demands, and persistent issues with 
model generalizability across diverse agricultural environments. 
The future directions identified, such as the integration of 
Explainable AI, fusion with IoT data streams, and the development 
of efficient annotation strategies, are not merely speculative but are 
direct, necessary responses to these identified bottlenecks. 
Ultimately, overcoming these challenges will be key to unlocking 
the full potential of this technology, driving the next wave of intel-
ligent, data-driven agriculture and contributing to sustainable glob-
al food security. 
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