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Abstract. Understanding and mastering the spatiotemporal characteristics of farmland is essential for accurate farmland
segmentation. The traditional deep learrgnparadigm that solely relies on labeled data has limitations in representing the
spatial relationships between farmland elements and the surrounding environment. It struggles to effectively model the
dynamic temporal evolution and spatial heterogeneifgrofland. Language, as a structured knowledge carrier, can explicitly
express the spatiotemporal characteristics of farmland, such as its shape, distribution, and surrounding environmente
information. Therefore, a languageiven learning paradigm can feftively alleviate the challenges posed by the
spatiotemporal heterogeneity of farmland. However, in the field of remote sensing imagery of farmland, there is currently no
comprehensive benchmark dataset to support this research direction. To fill phisvegantroduced languageased
descriptions of farmland and developed Farm$kgdataset-the first finegrained imagdext dataset designed for
spatiotemporafarmlandsegmentationFirstly, this article proposed a semitomatic annotation method that can accurately
assign captiorio each image, ensuring high data quality and semantic richness while improving the efficiency of dataset
construction. Secondly, the FarmSéhQ exhibits significant spatiotemporal characteristics. In terms of the temporal
dimension, it covers all four seasons. In terms of the spatial dimension, it covers eight typical agricultural regidbkiaaross

with a total area of approximately 4,300 km2In atldn, in terms of captions, FarmS&ty. covers rich spatiotemporal
characteristics of farmland, including its inherpraperties phenologicatharacteristics, spatial distribution, topographic and
geomorphic features, and the distribution of surroundimgrenments.Finally, we perform a performance analysis of the
vision language model and a deep learning model that relies only on labels trained on Patmi@edels trained on the

vision language model outperform deep learning models that rely ongbels by 109420%, demonstrating its potential as

a standard benchmark for farmland segmentatidime FarmSe¢/L dataset will be publicly released at
https://doi.org/10.5281/zenodo.15860{PB4o et al., 2025a)

1 Introduction

Farmland has been the foundation of agricultural food secunitgt accurately monitoring farmland has been crucial for

implementing policies such as farmland improvement, enhanced supervision, and planning an(bistmtdia et al., 2020)
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Currently, the intelligent interpretation of remote sensing images for farmland daskskp learning has become a primary
method for farmland monitorirfhi et al., 2023; Tu et al., 2024)

However, existing farmland remote sensing image segmentation methods mainly follow-drileyeldeep learning
paradigm, which faces significant bottlenecks in both data and model. Specifically, in terms of datasets, although existing
benchmark datasets have contributed to the advancement of farmland segmentation technology to some extent, they rely sole
on latel-driven deep learning paradigm, which has two main limitations: First, a single label can only drive the model to learn
shallow visual features of farmland, which fails to reveal the underlying driving mechanisms affecting the spatialahstributi
and tenporal evolution of farmland. Additionally, it is difficult to represent the spatiadporal heterogeneity in complex
agricultural environments. Specifically, the surface cover of farmland shows seasonal differences in complete covatage, parti
coverageand no coverage with the growth cycle of crops, while diverse terrain leads to significant geographical differentiation
in the spatial distribution of farmland and its associations with surrounding features such as water bodies, buildings, anc
vegetationHowever, existing datasets cannot represent this kind of spatigloral heterogeneity, making it difficult for
models to establish the inherent relationships between farmland and its surrounding environment. In terms of model, althoug!
technologies suchs convolutional neural networks (CNNs), graph convolutional networks (GCNs), and Transformer have
significantly enhanced feature representation capabilities, the existingdlake paradigm inherently has clear theoretical
flaws. First, the existingabeldriven paradigm to excessively rely on visual cues and neglect the logical connections between
farmland and its surrounding environment in complex farmland scenarios. Second, the label struggles to reflect the evolutior
of farmland across seasonsand owt h st ages, severely | imiting the model’
scenarios. Therefore, there is an urgent need to break through the theoretical framework of the traditicinaelalnziep
learning paradigm and explore a nparadigm capable of uncovering the deep semantic logic of farmland

With the emergence of visidanguage models (VLMs) and their expanding applications across various fields, studies
(Devlin et al., 2019; Wu et al., 2025b,leve shown that language can reveal deeper semantic clues behind visual information.
These VLMs typically follow a general construction process: first, featmeesentations are extracted from images through
a visual encoder, a process aimed at capturinyikenal representatioin the imagest-or examplein the LLaVA model(Liu
et al., 2023)the image representations generated by the fixed visual encoder lay the foundation for subsequent processing
Next, to establish a connection betweenorisand language, the model needs to map the extracted visual features to the space
of the language model, enablimtsual representatioto be translated into natural language descriptions or understood. The
LLaVA model precisely utilizes this method, mamgp image representations to the prompt space of large language models,
helping the model understand the relationship betwésmal representatioand linguistic expressions, thereby achieving
efficient downstream tasks. Furthermore, to enable the modehridle complex tasks, integrating visual perception with
language understanding becomes a key Et§A (Lai et al., 2023)s a typical example, it n@nly combines visual perception
capabilities but also incorporatesdepth language understanding abilities, allowing it to perform reasbaised tasks such
as segmentation tasks. This multimodal information processing capability is one of the ninploatacteristics o¥LMs,

enabling them to consider visual context while understanding and generating lafidhesgebreakthroughs make up for the
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shortcomings of relying solely on labglided models to handle complex spatiotemporal heterogeffionnd scenes,

making it possible to mine the complex semantic information in farmland remote sensing images and then model the deej
inherent logical relationship between farmland and its surroundimecifigally, language can guide models to capture
farmland features across multiple dimensions, including shape and boundaries, phenological characteristics that reflec
seasonal changes and crop growth states, spatial layout based on latitude and longitude, and geographical features such
terrain and ladscape morphologydditionally, language can describe the relative positional relationships between farmland
and surrounding features such as water bodies, buildings, and vegetation. By integrating these rich semantic cues, VLMs ca
better understand amakerpret the complexity of farmland.

However, in remote sensing, many existing imtme datasets struggle to provide detailed captions and precise annotations
for specific land features like farmland. As a result, they often fall short of meetiregthieements for higlaccuracy farmland
segmentationfFor example, the first larggcale remote sensing imatgxt pair dataset RS5Zhang et al., 2024and the
SkyScript datasdiWang et al., 2024 which contains millions of imag&xt combinationsalthough large in scale, provide a
relatively rough description of farmland and fail to deeply describe the specific characteristiedarfritand In addition,
although the manually annotated dataset RS(Baret al., 2023provides scentevel semantic descriptions, it lacks a refined
depiction of the characteristics of the farmlandlftamaking it difficult to meet the model's need for deep semantic information
extraction of the farmlandn contrast to the methods mentioned above, ChatEar{iyMah et al.2024)seeks to enhance the
richness of semantic captions for land cover types by employing detailed prompt strategies and leveraging semantic
segmentation labels from ChatGPT and the WorldCover project. However, due to the inherent randomnesstichiytoma
generated captions, these captions tend to emphasize the spatial location of farmland within the image while often lacking
detailed information about its inherent attributes. Although these datasets have contributed significantly to advaneing image
text understanding in remote sensing, most focus on general remote sensing tasks, with only a small portion dedicated t
farmland captions. Moreover, these captions are often neither comprehensivalepthifcxisting datasets have not fully
reflected be complexity of farmland and its changing characteristics over time and space. This is particularly evident in high
precision farmland segmentation tasks, where there is a lack of deep analysis of farmland characteristics and how they beha
in differentscenarios

To address the above issues, this paper constructs the FavihSkdaset, a dedicated imatgxt dataset focused on
farmland segmentation, which fully reflects the spatiotemporal characteristics of farmland. FatimSngprs eight typical
agricultural regions in China and includes data samples from four seasons, filling the gap of spatial and temporal imbalance ir
existing datasets. With its extensive geographical coverage and seasonal variations, this dataset ensures effective support
thelearning of various forms of farmland.

The contributions of this paper are as follows:

1) This studyconstructed the first farmland imag¢ext benchmark dataset, filling the gap in remote sensing Hieage

datasets for the farmlarkdicate domain. This dat includes various types of farmland, and covers a wide spatial and
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temporal range, providing a higlalue data foundation for the application research of vision language models in the field
of farmland segmentation.

2) We summarize 11 key elements fordescbi ng f ar ml and’s i nherent properties
a comprehensive framework for characterizing farmland from multiple perspectives. Additionally, a text template for
describing farmland images was designed, providing an imptréference for constructing a language dataset focused
on farmland.

3) This study developed a sewmnitomated annotation method based on the caption templates constructed in thi&/gaper.
utilize the semiautomated annotation approach émgratenaskand rich captions, significantly reducing labor time while
enhancing the authenticity and reliability of the annotations.

4) Extensiveexperiments have demonstrated that the model trained on thefexaggrmland dataset proposed in this paper
significantly improves farmland segmentation performance and exhibits strong transferability, providing a performance
baseline for vision language models in farmland segmentation

2 Review of Existing Remote Sensing Datasets for Farmlané@menation
2.1 Nonimage-text dataset

Traditional remote sensing dataset for farmland segmentation are mainly annotated witlaséigighich can be divided
into two categories: dedicated dataset and-dedicated dataset. The detailed information is provided in Tablsdh
dedicated datasets, such the scene lgel dataset BigEarthNgSumbul et al., 2019) are not very suitable for pixé&vel
farmland segmentation. Piexelel dataset, such as WorldCover (ESZganaga et al., 2022PynamicWorld (DyWorld)
(Brown et al., 2022)and LandCove(Karra et al., 2021) primarily focus on largscale mapping and maeclevel analysis,
making them less suitable for figgained farmland segentation. Moreover, EviaBS(Wang et al., 201 7Apcuses on pixel
level classification, but the proportion of farmland pixels is relatively low, and it remains limited in data scale aagecover
area. Athough GID(Tong et al., 2020)DeepGlobd_andCover(Demir et al., 2018 and LoveDAWang et al., 2022ajover
large farmland areas with relatively high pixel proportions, the farmland sarfguk diversity. For example, the farmland
forms in DeepGlobé.andCover and LoveDA are mostly regular and contiguous, lacking diversity in farmland representation.
While these nomtledicated datasets provide large amounts of data for farmland segmetti&iioannotations are relatively
coarse. Specifically, in pixdével farmland segmentation, they struggle to fully cover the complex shapes, distribution patterns,
and finer details, such as crop growth stages.

In contrast, dedicated datasets such aSAF30( Phal ke and ,WEIMN Hownet al.,2023)8ACD (Li et
al., 2024) and FGFOLi et al., 2025)re specifically designed for farmland segmentation. These datasets offprédgdion
farmland annotation and cover a broader range of fadniarms, crop distributions, and other relevant information. The
GFSAD30 dataset has a spatial resolution of 30m, making it suitable forsleaefarmland monitoring, but not for fine

grained farmland segmentation. By contraMvEIMIN and VACD offer higler resolutions, however, since WEIMIN only
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covers Hebei and VACD only covers Guangdong in China, the diversity of farmland samples is limited. The FGFD dataset
includes farmland samples from multiple geographic regions. However, it does not accournplientiegical characteristics

of farmland, limiting its ability to capture seasonal variations and crop growth stages. Although these dedicated tiatasets of
high annotation accuracy and support fgrained regional monitoring, their reliance solelyarble | s t o r epr eser
visual characteristics across different spatiotemporal conditions overlooks its inherent complexity and diversity. As a resul
they struggle to capture the subtle differences and dynamic changes in farmland driven by seasdinss and
environmental factors.

Table 1. Detailed information on non imagetext dataset of farmland.

Spatial . Farmland .
Type Dataset Category Resolution Image size Proportion Region
Evlab-SS 11 0.1-2 45004500 8.77 /
Nor- GID 15 4 S e 30,66 China
d;;';saéfg DGLC 7 0.5 244852448 57.74 Thailand,Indonesiajndia
LoveDA 7 0.3 1024x1024 26.79 Nanjing,Changzhou,Wuhan,China
Bigearthnet 43 10-60 120%120 12.41 /
GFSAD30 3 30 / / Europe,Middle East,RussindAsia
Dedicated VACD 2 0.5 512512 / Guangdong,China
datasets WEIMIN 2 0.52 512>612 / . ) Hebei,China . .
FGED 5 03 5125512 / Heilongjiang,Hebei,Shanxi,Guizhou,}

ubei,Jiangxi,Xizang,China

2.2 ImageText Datasets

Existing remote sensing imagext paired datasets, such as UQMdptiongQu et al., 2016)RSICD(Lu et al., 2018)RS5M,
NWPU-Captions(Cheng et al., 2022)RSICap, SkyScript, and ChatEarthNet, have been widely used in remote sensing
research (see Table 2, where CGM denotes Ca@@meration Method). However, these datasets are primarily designed for
tasks such as image captioning, scene classification, or4teggetrieval, with limited applicability to farmland segmentation.
This limitation stems from their insufficient -tkeph semantic representations of farmland morphological characteristics,
spatial distribution patterns, and contextual relationships with surrounding features. Consequently, these datasetstcannot me
the requirements for fingrained semantic understandirgsential for higkprecision farmland segmentation.

Specifically, most of these datasets focus on Hegkl descriptions of images, such as scene level or object level
characteristics, rather than the detailed semantic annotations needed-fpaifiveel &sks like farmland segmentation. For
example, in SkyScript, the image caption "land use of farmland" provides only broad classification information without
offering specific details about farmland characteristics, such as shape, boundaries, crop @g@egthost surrounding
environmental features. Similarly, the RS5M dataset provides only brief titles for images, primarily indicating the imtage sou
and land cover categories, without offering detailed descriptions of farmland. Additionally, while dasetslase automated
methods to generate largeale imagdext pairs, these automatically generated datasets often suffer from inconsistent quality.

The generated text frequently lacks detail and contains redundant information, reducing its effedivefimsgrained
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farmland analysis. For example, in ChatEarthNet, image captions divide each image into foursémpiobsttom, left, and
right—focusing on the proportions of primary and secondary land cover types in each section rather than pownditatea
description of farmland. Manually annotated datasets, such as-C&ions, RSICD, and NWRGaptions, provide five
captions per farmland image. However, these descriptions are often repetitive and lack specificity. For example, in UCM
Captionsfarmland is described simply as "There is a piece of farmland," while the remaining four descriptions merely rephrase
this sentence without adding meaningful details. In RSICD, captions are limited to color and location, such as "green" or
"between two foests." NWPUCaptions expands on this slightly by incorporating shape descriptions, like "rectangular,” but
still lacks deeper insights into farmland characteristics. Although RSICap includes descriptions related to imagesquality, it
farmland annotationsemain focused on landscape features and surrounding environments, overlooking inherent farmland
attributes. This |Iimited descriptive approach failse to
farmland semantic segmentation.

Although these imageext datasets have achieved certain results in4scgke preraining tasks, their application in the
semantic segmentation of farmland remote sensing images is greatly limited due to the lacklefgdixainotation for
semantic egmentation and tdepth description of specific tasks such as farmland segmentation. Therefore, to better support
farmland segmentation, the dataset needs to be enhanced by including megeaifiad semantic annotations and

comprehensively covering tliemplex features of farmland.

Table 2. Detailed information on the imagetext dataset.
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3 FarmSegVL: A large -scaleimagetext dataset benchmark for farmland segmentation
170 3.1 Construction of FarmSegVL

The construction process of the FarmS#gis shown in Fig. 1, which is mainly divided into three parts: remote sensing image
acquisition and processing, caption construction, serdiautomatic annotation. In the partl, we collected golution
images (with a resolution of 0.58m) from various typical agricultural regions in China across four seasons to ensure the
dataset covers farmland with diverse spatiotemporal featuneshel part2, the study synthesized the spatiotemporal
175 characteristics of farmland and summarized 11 key factors related to its inherent properties and the distribution @figurround
environments. These factors were then used to generate detailed capti@nsg aspects such as farmland shape, terrain,
sowing situation, and the distribution of surrounding water bodies, vegetation, and buildings. In the partausoseatéd
manual annotation method was employed to generate corresponding binary ndagksegment of caption for each remote

sensing image sample, thus completing the dataset construction.
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Fig. 1. Dataset construction.

The FarmSeg/L dataset, as shown in Fig. 2, consists of three key components: image, masigtai®péecifically,
FarmSegVL includes image data from eight major agricultural regions across four seasons, and the image features include
diversity under different imaging conditions. The caption focuses on five attributes of farmland remote sensisgvithag
total of eleven key features: inherent properties (such as shape and boundary pattern), phenological characteristics (such
season and sowing situation), spatial distribution (such as distribution and geographic location information), toogtaph
geomorphic features (such as terrain and landscape), and distribution of surrounding environments (such as buildings, wate

bodies, and vegetation).



190

195

200

205

[

Shape

Season

Iautumn I

J(
dispersed

=
summer |

Sowing Situation

\ 7 17

\
hlmke.n?! scaly M circular
=

From Different Zone

)

» y ‘6'
!! J
m full of crops|| no crops equal

1

S

Water

Boundary Patterns [

L’

¥4 curved &7

\

a h) Vegetation
) >

7

z scattered

Terrain
G 3
lengend

study area

FarmSeg-VL

Inherent Properties Distribution
Shape:blocky,strip,narrow strip,scaly Geographic Location:hunan,112 degrees east longitude and 27 degrees north latitude
Boundary patterns:curved Distribution:concentrated contiguous distribution
Phenological Characteristics Topographic and Geomorphological Features
Season:January,winter flat,rural landscape
Sowing Situation:all farmland has no crops  Surroundings

d blocky pond:

I farmland
I background

text

imae‘

d trees,scattered build

Fig. 2. Attribute annotation and spatiotemporal distribution of FarmSegVL.
1) RS Image Acquisition and Processing

China's vast territory, diverse landforms, and complex climate result in significant regional variations in agricultiti@spond
leading to highly heterogeneous texture features and distribution patternsiainié in remote sensing imagery. As a result,
farmland exhibits significant spatiotemporal dynamics and fragmented distribution characteristics, presenting diverse spatial
patterns due to these regional differences. For example, the land in the N&@thea®lain is flat and fertile, and the farmland

has the characteristics of concentrated distribution and regular shape, while the Yungui Plateau in China has complex terrai
and diverse climate, and the farmland has the characteristics of dispersedtiistand fragmented shape. The farmland
appearance and characteristics of these agricultural areas are unique, which poses different challenges and opportunities f
farmland segmentation. This study selected representative agricultural regions batedl gpatial distribution and
morphological characteristics of farmland. Specifically, based on the spatial aggregation and morphological regularity of
farmland, the Northeast China Plain and Huahmi-Hai Plain were selected as typical regions charaeerdy concentrated

and regulasshaped farmland. For areas with sloped farmland distribution, the Northern Arid andu$mRegion and the

Loess Plateau were chosen as study areas. At the same time, in view of the particularity of farmland morptiolagy, su
narrow and long, striped, and sporadic and fragmented, the South China Areas, Sichuan Basin, Yungui Plateau, and Yangt:
River Middle and Lower Reaches Plain were selected as research areas. The study covers 13-len@liacialinistrative

regions including Heilongjiang, Jilin, Ningxia, Hebei, Henan, Shandong, Shaanxi, Anhui, Hunan, Jiangsu, Guangdong,



Sichuan, and Yunnan. These regions provide broad spatial coverage, highlight distinct regional characteristics, ayd are highl
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210 Fig. 3. Demonstration of the diversity of data samples. (a) Farmland samples from different agricultural regions. (b) Farmland
samples with different shapes(c) Farmland samplesith varying distribution patterns.

The data samples diversity are shown in Fig. 3. Specifically, we utilized Bigemap software to acquisdiigion Google
satellite imagery covering China, including the eight major agricultural regions previoudipmneeh The spatial resolution
of images ranges from 0.5m to 2m. Additionally, the software enables obtin the shooting time of the image. The total

215 coverage area spans approximately 4300 km2 ensuring that the dataset covers a broad geographaodegiftects the

diverse characteristics of farmland. The images underwent a series of detapedoassing steps, including calibration and
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cropping. During image calibration, we corrected geometric distortions caused by the shooting angle ancuBeaathie,

ensuring spatial consistency across all images. In the cropping process, irrelevant areas were removed, focusing solely ¢
extracting farmland regions. Additionally, to enhance the dataset's quality, we manually filtered out images aftdated by

or fog cover, stitching artifacts, or overall poor quality, ensuring only-gigility samples remained for analydisorder to

achieve an optimal balance between retaining the detailed features-oéidiition images and improving the effiaigrof

model training, this study adopted a standardized preprocessing process: all images that passed the quality screening we
uniformly normalized, and a standardized cropping strategy of 512>612 pixels was applied. The size selection was based ot
the Pllowing two considerations. First, to preserve spatial resolution and d#taib12>x612 cropping unit can effectively
balance the complete expression of local ground features (such as farmland boundaries and vegetation textures) and tl
efficient allocdion of computing resources. Second, to preserve the integrity of spectral information, the cropped images
strictly retain the three visible light bardsed, green, and blueto ensure the effective transmission of spectral features in

the model. This norntization processing scheme significantly improves the efficiency of batch data processing during model
training by unifying the input data dimensions, while avoiding feature learning bias caused by image size differences. After
completing these prprocesslg steps, a total of 22,605 image samples were selected. These samples span various seasons
regions, cropping statuses, and feature diverse farmland distributions and shapes, ensuring the comprehensiveness a

diversity of the dataset. This provides ehraind varied training dataset for the subsequent farmland segmentation.

2) Caption Construction

For the caption construction of each farmland sample, this study summarizes 11 key elements for describing farmland: shap
boundary morphology, shooting timeowing conditions, the mactevel distribution of farmland, geographic location
information, topographical features, landscape, the distribution of buildings, water bodies, and vegé&spatiotemporal
characteristics of farmland result from the interaction of multiple facf@fang et al., 2022@)emporally, the variationin

crop growth stages lead to distinct visual texture differences in farmland across different 6dasensl., 20225 patially,

farmland exhibits significant spatial differentiation, with different regions affected by factorasuepography, terrain, and
waterheat conditions, resulting in noticeable variations in farmland morphology and IBantand Zhang, 202Zherefore,

this study considers thissue at multiple spatial scales. At the mamggional scale, typical farmland images were collected

from various agricultural regions across China. These regions are not only located in different latitudes and longitudes, but
also have different terrairand topography. For instance, farmland in the Northeast China Plain is flat and typically follows a
concentrated distribution pattern with regular shihijges,
concentrated contiguowsi st ri buti on” and “the shape of the farmland
South China is predominantly hilly and mountainous, leading to a more dispersed farmland distribution and irregular shapes
which is described in the tests “wi th t he farmland primarily in a dispe
Similarly, farmland in regions like the Loess Plateau and the arid and/AahNorthern Areas often displays terraced or

sloping patterns. At the same timeg gpatial coupling relationships between farmland and surrounding features, such as water

11
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bodies and buildings, are key factors influencing the distribution and accuracy of farmland identif{Eataomet al., 2022;

Zheng et al., 2022 he relationship between the farmland and surrounding environmental features is expressed, for example,
as "the water bodies surrounding the farmlamainly consist of scattered blocky ponds," and "the vegetation around the
farmland mainly consists of scattered trees and scattered forests. " Similarly, the segmentation of farmland reliesyn bounda
and texture information, the shape of the farmlardithe boundary morphology, is also crucial for accurate identification of
farmland.(Xie et al., 2023)

In summary, as shown in Fig. 4, this study categorizes farnnklatkd attributes into five major aspects: inherent properties,
phenological characteristics, spatial distributidopographic and geomorphic features and distribution of surrounding
environments. The inherent properties include the shape of the farmland and the boundary patterns. Phenologica
characteristics encompass season and the sowing situation of the fafithiaspatial distribution of farmland not only reflects
the geographic location information, but also includes the rdawed distribution of farmland in the image, such as
concentrated contiguous distribution or dispersed distribution. Farmland shaperis iatuitive and important feature in
visual interpretation, closely related to other factors such as terrain, topography, and landscape features, including blocky
striped, or broken. Farmland boundary pattern refers to the spatial shape charaotdrisécfarmland boundary, primarily

manifested in whether its contour lines are relatively straight or exhibit a curved form.
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Fig. 4. Farmland description keywords.
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3) SemiAutomated Annotation

Currently, there are two main apaches for constructing remote sensing ir@yé datasets: one involves automatically
generating textual annotations using large language models, while the other relies on manual visual annotation by human:

270 However, both methods face significant chadies in meeting the highrecision requirements of farmland segmentation.
Relying solely on automatic annotations generated by large language models has clear limitations. This approach oftel
struggles to capture the nuanced and accurate correspondeneerbehaiges and text. The granularity of captions is often
insufficient, resulting in suboptimal accuracy and completeness in the annotation process. While manual annotation can ensul
high-quality data, it has significant drawbacks. This approach reqdoesin experts to invest substantial time and effort,

275 draining valuable resources and leading to extremely low efficiency. To address these challenges, this study proposes ar
develops a semautomatic farmland imageext annotation framework. It is imparit to highlight that this sersiutomatic
annotation framework differs from previous methods. In addition to enabling text annotation, it also generajaalitygh
masks, offering more effective data support for farmland segmentation.

Key Words
Terrain Water  Vegetation
O undulating | g awinding O avast forest
o _flat smallriver | O scattered
Landscape |0 large forests
O rural continuous O scattered
O town water trees
» Boundary bodies O meadow
a “ O curved O scattered Buildings
O crossed in blocky O clustered
straight ponds O scattered
Segment Anything lines T -
Model Shape Sowing Situation
O blocky
O scaly O all farmland has crops
O strip
O broken o all farmland has no crops
O circular
' O narrow O the farmland with crops is more
Template strip than that without crops

This satellite image was taken in [time], located at [longitude] degrees east longitude and [latitude] degrees  Distribution

! : Ronma S sl tl land wit i
north latitude. It shows a [landscape] landscape, with the farmland primarily in a [distribution] distribution. O strip B W S liaki i Gops s 16ss

than that without crops

The shape of the farmland is characterized by [shape]. The internal roads in the farmland are [internal roads], O branched

and the terrain is [terrain]. The water bodies surrounding the farmland mainly consist of [water]. The O dispersed O the farmland with crops is
vegetation around the farmland mainly consists of [vegetation]. The buildings around the farmland primarily O concentr; ated less than that without crops
appear as [buildings]. The sowing situation indicates that [sowing situation]. contiguous

This satellite image was taken in [March], located at [116] degrees east longitude and [31]
degrees north latitude. The types of farmland in the image include paddy field and dry field . It
shows a [rural] landscape, with the farmland primarily in a [concentrated contiguous distribution].
The shape of the farmland is characterized by [blocky] and [scaly] . The internal roads in the
farmland are [curved], and the terrain is [flat]. The water bodies surrounding the farmland mainly
consist of [scattered blocky ponds] . The vegetation around the farmland mainly consists of
[scattered trees] .The sowing situation indicates that [all cultivated land has no crops].

label text

280 Fig. 5. Farmland semiautomated annotation framework.
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The semiautomated annotation framework is illustrated in Fig. 5. Specifically, based on keywords related to farmland
descriptions, this study first developed a set of farmland caption temgategling a standardized reference for annotating
image samples. To enable segmitomatic text annotation, this study integrated the constructed farmland caption templates
and corresponding keywords into the ofsemirce annotation softwatabeme. Inthis way, when annotating the remote
sensing images of farmland, seanitomatic text annotation can be completed by visually observing the visual features of the
remote sensing images and combining them with manually selected summarized keywordsularp#inécshooting month
and longitude and latitude data of the farmland remote sensing images are automatically extracted from the original data. I
addition, due to the limitation of cropping size, some images may not contain any land object catdgwritbamfarmland.
Therefore, when annotating the surrounding environmental attributes using treusemated framework, this study requires
that the presence of relevant land cover types be verified first, to ensure the accuracy of thel€imalignis order to quickly
and accurately obtain higiuality farmland masks, this paper connects the Segment Anything Model (SAdlbetmeand
performs semautomatic mask annotation on the image to obtain the image label. Througdugematiannotationhumans
only need to correct and verify part of the results, which significantly reduces the manpower and time costs compared tc
traditional fully manualannaation methods. At the same time, the samtiomated process combines the consistency of
algorithns with the precision of manual verification, effectively minimizing subjective errors that can occur in manual

annotation and thereby enhancing the accuracy and reliability of the labels.

3.2The Spatiotemporal Characteristics Analysis oFarmSegVL Basedon Multidimensional Statistics

FarmSegVL, as the first largescale farmland imagtext dataset covering multiple regions and seasons in China, is valuable
for reflectingthe dynarit characteristics of geographical zoning differences, crop growthegdiions, and tillage practices.
This section uses multidimensional statistical methods to analyze the ability of Faviin8egollaboratively represent spatial
breadth and temporal continuity, providing a theoretical basis for evaluating its aptlicabdrossregional and cross
seasonal farmland segmentation.

Fig. 6 reveals the spatiotemporal characteristics of Farsit&egom both spatial and temporal perspectives. In terms of
the spatial dimension, the sample distribution of agricultural are&gyifi(a) shows that FarmS&(. fully covers eight
agricultural areas, ranging from the Northeast Plain to the Southwest Mountains. Notably, the sample count in the Yangtze
River Middle and Lower Reaches Plain is significantly more than in other regiongately reflecting the geographical
characteristics of the area, which is marked by a high degree of farmland fragmentation and notable terrain complexity. In
terms of the temporal dimension, the seasonal distribution in Fig.6 (b) shows that sanf@esmhern agricultural regions
are concentrated in summer and autumn, while the southern agricultural regions exhibit a more balanced distribution
throughout the year. This pattern is closely aligned with the differences in crop growth cycles driattudby gradients in
China. In addition, Fig.6 (c) and (d) illustrate the distribution patterns and shape characteristics of farmland across eight
agricultural regions, highlighting the variations between them. Among these, the agricultural areasngthe Riaer Middle

and Lower Reaches Plain exhibit the greatest diversity, featuring four distinct distribution patterns and six different shape
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characteristics of farmland. In the Northeast China Plain and the HiaaigHai Plain, farmland is primarilyistributed in

315 concentrated areas, with a predominantly blocky form. In other agricultural regions, there is a clear correlation between the
distribution patterns and the shape characteristics of farmland. The diversity and richness of farmland sasgptifcaeru
agricultural regions fully reflect the spatiotemporal variability captured by FarX{Segnderscoring its advantages in

farmland segmentation.

ANBUCEDEESRT S GEIT

8%
16%
7%

7% winter
7%
autumn
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spring

#F0 23%

(a) (b)

dispersed

M circular
concentrated 1 broken
contiguous strip
branched o scaly

narrow strip
strip - blocky

-
A~ B Cc D E F G H A B Co b BB G Tl
(c) (d)

320 Fig. 6. Diversity of data samples. (a) Sample distribution ratio acrosdifferent agricultural regions. (b) Sample distribution ratio
for different seasons in each agricultural region. (c) Sample distribution ratio based on different farmland distribution paérns in
each agricultural region. (d) Sample distribution ratio for different farmland shapes in each agricultural region. Where A represents
the Northeast China Plain, B represents the Northern Arid and Sermarid Region, C represents the HuangHuai-Hai Plain, D
represents the Loess Plateau, E represents the Yangtze Riwiddle and Lower Reaches Plain, F represents South China Areas, G

325 represents the Sichuan Basin, and H represents the Yungui Plateau.
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To further reveal the spatiotemporal characteristfdsarmSegVL, we extracted keywords from its caption and generated
a word cloud of farmlandelated attributesAs shown in Fig. 7, the spatiotemporal characteristics of Farfa&egge further
illustrated through the keyword cloud. Hiffequency spatiaattributes (e.g., " latitude" and " longitude") show strong
semantic associations with temporal attributes (e.g., "January"), indicating that the captions in the -Narni&@get
effectively link temporal and spatial conceplfe spatial differentiationof morphological descriptors such as "concentrated
contiguous" and "dispersed" aligns closely with the statistical results shown in Fig. 6(c) and Fig. 6(d), indicating that tex
annotations can effectively reflect and convey the geographical patteragmdfrid morphologyNotably, the prominent
presence of nefarmland attributes such as "ponds" and "forests" among the keywords suggests that F4rmedlegt not
only the characteristics of farmland itself but also emphasizes the logical connectisasrbfstrmland and its surrounding
environment.In summary, the composite captions in FarmS8égat both temporal and spatial levels not only reflect the
fundamental characteristics of farmland but also reveal the external driving factors behind itsrapatiaitevolution.

3.3 Why is FarmSegVL More Suitable as a Dataset Benchmark for Farmland Segmentation?

Comprehensive spatiotemporal coverage with rich seasonal and regional diversifyfhe FarmSeg/L offers extensive
coverage across both temporal andispdimensions, spanning all four seasefspring, summer, autumn, and wintewhile

also including eight typical agricultural regions of China. The dataset reflects the seasonal differences in agricultural
landscapes, as well as the unique geographic &satir each region, such as variations in farmland characteristics and
surrounding environments. These factors enhance the diversity of the dataset.
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Rich semantic captions capturing comprehensive farmland attributesUnlike traditional datasets with simplemage
annotations, FarmSegdL incorporates detailed language captions summarizing the spatiotemporal features of farmland
images. Specifically, it covers 11 key descriptive points, including farmland inherent properties, phenological chasacteristi
spatal distribution, topographic and geomorphic features, and the distribution of surroundings. The rich semantic captions
significantly enhance the model's accuracy in farmland segmentation.

Comprehensive seasonakegional coverage enhances model robustnesSeasonal and climatic variations significantly
influence farmland morphology and distribution. Unlike traditional datasets, which typically focus on a single seasan and lim
model adaptability, the FarmS&. spans all four seasons, enabling models ttebeapture seasonal dynamics and varying

crop growth conditions. Additionally, FarmS#&t. covers diverse agricultural regions across China, reflecting distinct
differences in farmland characteristics due to climate and geographic varidtedataset'sxtensive seasonal and regional

coverage enhances the model’'s robustness, ensuring accu

climatic conditions.

4 Experiments

This chapter outlines the experimental setup in Section 4.lio6et evaluates the effectiveness of the FarmBedpr

farmland segmentation by comparing a model-funged on FarmSe¥yL with a vision language model (VLM) trained on a
general imagéext dataset. This comparison aims to verify whether a dedicatethfat imageext dataset can enhance model
performance in farmland segmentation. In Section 4.3, we assess segmentation performance across different agricultur:
regions, comparing VLMs trained on FarmSég with the deep learning models that rely soletylabels, including tNet,
DeepLabV3, FCN, and SegFormer. We also analyze the generalization capability of models trained onVaim&iggrse
agricultural landscapes and their adaptability to spatiotemporal heterogeneity. Section 4.4 investityatesfeheahility of

VLMs trained on FarmSeyL through comparative experiments with traditional models on public datasets, evaluating their
crossdataset generalization and craksmnain potential. Finally, Section 4.5 compares Farm\d8egvith existing farmand

datasets in the context of farmland segmentation applications.

4.1 Experimental Setup

Dataset Partitioning. To avoid the influence of sample similarity between the training, testing, and validation sets on the
reliable evaluation of the model's gen&ation ability and domain transferability, this paper selects samples from different
agricultural regions for each set. This approach helps reduce spatial homogeneity and ensures a more robust assessment of
model's performance. The dataset is divithtd training, validation, and test sets in a 7:2:1 ratio. Specifically, the training set
comprises 15,821 samples, the validation set contains 4,512 samples, and the test set includes 2,272 samples. Tine distributi
of test set samples across differenmi@agtural regions is as follows: 363 samples from the Northeast China Plain, 531 samples

from the HuangHuai-Hai Plain, 146 samples from the Northern Arid and SAnd Region, 16 samples from the Loess
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Plateau, 587 samples from the Yangtze River Middtelsower Reaches Plain, 152 samples from South China, 156 samples
from the Sichuan Basin, and 171 samples from the Yungui Plateau.

Evaluation Metrics. To assess model performance, this study uses four widely adopted metrics in farmland segmentation:
Mean Accuracy (MACC), Mean Intersection over Union (mloU), Mean Dice Coefficient (mDice), and Recall. Specifically,
MACC represents the average pixel classification accuracy across all categories, while mloU quantifies the mean ratio o
intersection over uniorg standard metric in semantic segmentation. mDice measures the similarity between predicted and
groundtruth segmentation results, and Recall evaluates the proportion of correctly identified positive samples, reflecting the

model ' s abil iantyarntlaod regians.t ur e r el ev

4.2 FineTuning General VLMs with FarmSeg-VL: Bridging Domain Gaps and Enhancing Semantic Comprehension

for Farmland Segmentation

In order to verify the advantages of the model trained on FarfWEég farmland segmentation comparedmodels trained

on general imagéext datasets. This study systematically evaluates the impact of FakhS®sed finetuning on farmland

segmentation accuracy across three mainstream vision language segmentation modé¢lsildSa., 2023) PixelLM(Ren

et al., 2024)and LaSagr@&Vei et al., 2024)Among them, LISA is a model that integrates a large language model (LLM) with

segmentation mask generation cdliids, enabling reasoningriven segmentation based on complex textual prompts.

LaSagnA extends LI SA's architecture by adopting a unifi

perceptual ability through the incorporation of setitasegmentation. This design demonstrates superior performance in

processing intricate prompts and improving reasoning capability. PixelLM, in contrast, is a multimodal model specialized for

pixel-level reasoning. It addresses the challenge of generpiti@iwise masks for multiple objects by introducing a

lightweight pixel decoder and a segmentation codebook, which improves both efficiency and granularity in segmentation tasks
The experimental results are shown in Table 3. It can be clearly seen thahiand segmentation, after fitning the

model using the FarmSeadL, the performance of the model has been significantly improved, with an improvement of nearly

30% to 40%. Specifically, across all methods, the-fureed models consistently achieligher mloU scores compared to

their nonfine-tuned counterparts, highlighting the effectiveness of Faravdei improving segmentation accuracy. This

result demonstrates that fitening significantly enhances the model's ability to capture and acgussginent relevant

features. Notably, the PixelLM model does not produce results in itdim®tuned state, as it has not been exposed to

farmlandrelated semantic information during pretraining and is therefore incapable of generating effectivepsaditiiout

fine-tuning. However, after being trained on the Farm8egPixelLM becomes capable of accurately predicting farmland,

with performance approaching that of the other two VLMs. This further underscores the importancewfifigevith a

domah-dedicated dataset to enhance model performance for specialized tasks. To more intuitively analyze the experimenta

results, this study visualized the segmentation outcomes. As shown in Fig. 8, models that have not undetgoing fieed

to misclassiy large areas of buildings and forests as farmland. This suggests tHateaamed models struggle to accurately
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capture inherent properties of farmland, leading to high uncertainty and significant errors in segmentation resulés as well
lack of sability and consistency.

410

Fig. 8. Visualization of partial experimental results finetuned on the FarmSegVL Dataset. (a) Original image. (b) Ground truth.
(c) Test results without finetuning. (d) Test results after finetuning.

Table 3. Comparison of finetuning results on the FarmSegVL dataset.

No Fine Tuning(%) Fine Tuning(%)
Method
mloU mACC mDice Recall mloU mACC mDice Recall
LISA 46.50 5842 58.39 58.76 87.71 9347 9345 93.46
PixelLM / / / / 83.65 91.13 91.09 91.16
LaSagna 3231 52.00 47.16 56.51 86.95 93.03 93.02 93.00

In summary, the FarmSegL offers more precise domaitedicated knowledge for farmland segmentation, allowing
415 models to better capture fiuggained features of farmland. Specifically, Farm$kg contains highquality farmland

annotations that cover multiple semantic dimensiaugh as farmland shape, distribution, and sowing situation. This

comprehensive information significantly i mproves the mc
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greater accuracy. Compared to general datasets, FatviiSefjectively reduces crosslomain discrepancies, allowing the

model to focus on farmland features, thereby further enhancing the accuracy of farmland segmentation.

4.3 Comparing Model Performance Trained on FarmSe¢/L in Different Agricultural Regions

To explore the agjzation effect of models trained on the FarmS84&gin different agricultural regions, this section divides
the test set into various agricultural regions, including the Northeast China Plain,-Huarigai Plain, Northern Arid and
SemiArid Region, Loes®lateau, Yangtze River Middle and Lower Reaches Plain, South China, Sichuan Basin, and Yungui
Plateau. These regions will be tested using both visioguage models (PixelLM, LaSagna, LISA) and the deep learning
models that rely solely on labels{\et, DeepLabV3, FCN, SegFormer). Notabilgesemodels that rely solely on labels do
not incorporate any language modality, they are trained and tested exclusively using original farmland image and ground truth

FigureC1to C8display the testing accuracy of the model in different agricultural regions. From the overall results, both the
deep learning models that rely solely on labels and VLMs demonstrated strong testing accuracy in the agricultural regions o
the Northeast ChaPlain and the Huarguai-Hai Plain. However, in the remaining six agricultural regions, the performance
differences between the two model types became more pronotimeggrimary reason for these differences lies in the varying
complexity of the spatiatructure of farmland across different agricultural regions. In the Northeast China Plain and Huang
Huai-Hai Plain, the terrain is relatively flat, and the farmland is distributed in a more regular and contiguous manner. As a
result, both models exhibitreng segmentation performance in these relatively simple scenarios. In other agricultural regions,
particularly in South China Areas, the farmland generally exhibits scattered and fragmented characteristics. Additionally, it
shares a high degree of texdusimilarity with surrounding nofarmland features, such as forests and water bodies, which
makes it difficult for the model to segment farmland. By incorporating language, VLMs can effectively comprehend the spatial
distribution of farmland and its swunding environment, thereby alleviating the segmentation challenges caused by spatial
differentiation and demonstrating advantages in these different agricultural regions.

To visually illustrate the performance differences among various models in farsdgnentation tasks, Fig9to C16
present the segmentation results for each agricultural region. From this, it can be observed that in agricultural reg®ns suc
the Northeast China Plain and the Hudhgai-Hai Plain, although the overall accuracy igh the deep learning models that
rely solely on labels still exhibit certain limitations. For example, this type of model is prone to misjudgment when
encountering terrain features that resemble farmland, such as ponds and grasslands, and ofteseskibitsh as boundary
blurring and discontinuity in the segmentation of farmland. In South China Areas, the highly fragmented nature of farmland,
with its scattered or narrow distribution, the segmentation challenge is further acerbated. The degmieaeimthat rely
solely on labels struggle to effectively identify such atypical farmland, leading to a significant decrease in segmentation

accuracy. In contrast, VLMs have demonstrated notable advantages in the aforementioned agricultural regions. By

incorporating farmlandelated key wordsss uc h as concentrated buildings and
comprehension of both the inherent properties of farmland and the contextual information of its surrounding environment.

This enriched understding contributes to improved completeness and accuracy in farmland segmentation. In addition, this
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advantage is not limited to the aforementioned agricultural regions but is also consistently performance in the segmentatior
results in the other five regis. This further validates the generalization capability and robustness of the VLMs in diverse
agricultural landscapes.

In summary, compared to the deep learning models that rely solely on labels, VLMs that incorporate caption demonstrate
significant advatages in farmland segmentation across all agricultural regions. Language information effectively compensates
for the | imitations of the deep |l earning models that r
understanding of farmland nphology and the relationship between farmland and surrounding land cover, thereby

significantly improving farmland segmentation accuracy.

4.4 CrossDomain Performance Evaluationof Models Trained on FarmSegVL

In order to evaluate the performance of mededined on the FarmSa&{_ dataset in crosdomain tasks, this paper conducted
relevant experiments. Specifically, this section presents transfer tests using VLMs (PixelLM, LaSagna, LISA) and the deep
learning models that rely solely on labelsNgt, De@lLabV3, FCN, SegFormer) trained on the FarmSegcross multiple

public datasets. The test datasets include DeepGlobe Land Cover (DGLC), LoveDA, and-theakied Farmland Dataset
(FGFD). Specifically, the DGLC dataset covers regions in Thailand, &silmnand India, while the LoveDA includes areas

in Nanjing, Changzhou, and Wuhan in China. The FGFD farmland dataset encompasses regions such as Heilongjiang, Hebe
Shaanxi, Guizhou, Hubei, Jiangxi, and Tibet in China. The specific details are provitiablé 1. Specifically, to maintain
consistency with the FarmS&{ test set and ensure the data is more suitable for the model, we performed data preprocessing
on the DGLC and LoveDA. This preprocessing primarily involved cropping the images to aslze&it2 and merging nen
farmland pixel labels, among other steps.

Table 4. Farmland segmentation results of different methods on FGFD.

Evaluation The deep learning models that rely solely on labels Vision-Languagevodel

Metrics(%) U-Net Deeplabv3 FCN SegFormer PixelLM LaSagna LISA
mACC 72.38 74.76 76.52 76.40 78.59 80.70 83.33
mloU 57.48 60.11 6243 62.34 64.68 66.83 7058
mDice 7271 7494 76.74 76.66 78.55 80.00 82.65
Recall 7238 74.76 76.52 7640 78.98 80.84 8387

Table 5. Farmland segmentation results of different methods on LoveDA.

Evaluation The deep learning models that rely solely on labels Vision-Languageviodel

Metrics(%) U-Net Deeplabv3 FCN SegFormer PixelLM LaSagna LISA
mACC 70.83 77.05 73.65 73.78 78.79 8045 81.76
mloU 47.77 63.85 61.41 60.57 60.75 64.03 65.74
mDice 64.65 77.47 75.22 74.73 74.78 7754 78.82
Recall 7083 77.05 73.65 73.78 77.73 78.87 80.75
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Table 6. Farmland segmentation results oflifferent methods on DGLC.

Evaluation The deep learning models that rely solely on labels Vision-Languagevodel

Metrics(%) U-Net Deeplabv3 FCN SegFormer PixelLM LaSagna LISA
mACC 64.60 71.73 69.10 70.32 66.13 7169 72.23
mioU 48.73 55.68 5017 5215 4938 55.78 56.36
mDice 64.71 71.41 66.81 68.55 66.11 7159 72.06
Recall 64.60 71.73 69.10 70.32 69.14 7222 7244

Tables 46 present the experimental results on the FGFD, LoveDA, and DGLC, respecivetall, boththe deep learning
models that relgolely on labels and VLMsxhibit strong crosslomain transfer transferabilityfhis can be attributed to the
FarmSegv L dat aset’'s broad geographic coverage and diverse
domain feature learninglotably, VLMs demonstrate significantly superior crossnain transfer performance across all three
datasets compared to traditional labeled -digggendent deep learning models. This advantage is primarily attributed to the
fine-grained captions providey FarmSegVL, which inject transferable semantic prior knowledge into the VLMs. For
instance, when caption prompts such as "sthigped farmlands in spring” are provided, the models autonomously correlate
farmland shape characteristics across differegtons under spring conditionEhis integration of semantic priors enables
VLMs to overcome the representational limitations inherent in simgidality visual features, thereby maintaining enhanced
discriminative capabilities in crosbomain scenarios.

Through the crosdomain experiments, this study has drawn two key conclusions: Firstly, models trained on the FarmSeg
VL exhibit significant crosglomain transferability, fully demonstrating the improvement of model generalization performance
by the FarsegVL. Secondly, the introduction of captions breaks through the limitations of the deep learning models that
rely solely on labels, enabling the model to decouple spatiotemporal heterogeneity interference and effectively improve

segmentation accuracy @@mplex farming scenes.

4.5 Enhanced Model Transferability: Comparative Analysis of FarmSeg/L and Conventional Farmland Datasets

To verify that the model trained on the FarmS#goutperforms models trained on existing farmland datasets in both
segmentatin accuracy and generalization, we conducted extensive comparative experiments in this section. First, to ensure
the reliability of the experimental results, this study uses the latest dedicated dataset, FGFD, as a benchmark foncompariso
Since most exting farmland datasets follow the traditional "Image + Label" format (i.e., a paradigm that solely relies on
labeled data), four commonly used the deep learning models that rely solely or-dbett, Deeplabv3, FCN, and
SegFormer-are selected to train che FGFD dataset. For the proposed Farm@eglataset, three VLMs are selected for
comparative experiments. Additionally, to ensure fairness, all trained models are uniformly tested on the LoveDA dataset.
The experimental results, shown in Table 7, retrest models trained on the FarmSél dataset using VLMs outperform
those trained on the FGFD dataset with the deep learning models that rely solely on labels when tested on the LoveDA datase

Specifically, the mloU improved by 10% to 40%, and the mikhcreased by 10% to 30%. This gap indicates that models
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trained on the FarmSedL dataset with added language modality have significant transferability in farmland segmentation
500 compared to models trained on the traditional dataset FGFD. Moreover, FavthSetiects multiple aspects of farmland
characteristics through captiersuch as phenological characteristics, spatial distribution, topographic and geomorphic
features and distribution of surrounding environmerda#iowing the model to learn rich and corapensive information about
farmland. With these detailed captions of farmland, models trained on the FavthSeg only improve the accuracy of
farmland segmentation but also enhance the model's ability to handle complex scenes. In summary, th&/EdasmaSage
505 scale, highguality imagetext dataset of farmland, it has demonstrated great potential insz@sario farmland segmentation

and provides a strong data foundation for future research in farmland segmentation.

Table 7. Performance of different datasets and methods on the LoveDA dataset.

Evaluation FGFD FarmSegVL

Metrics(%)  U-Net Deeplabv3  FCN  SegFormer PixelLM LaSagna LISA
mACC 63.80 57.93 59.19 67.48 78.79 80.45 81.76
mloU 38.15 29.78 36.62 50.08 60.75 64.03 65.74
mDice 55.17 45.33 53.61 66.29 74.78 77.54 78.82
Recall 63.80 57.93 59.19 67.48 77.73 78.87 80.75

5 Data availability

The FarmSe{yL dataset is accessible on the Zenodo data repositdnypet//doi.org/10.5281/zenodo.15860{Bdo et al.,

510 2025a)The FarmSg-VL dataset consists of image data, labels, and corresponding farmland text descriptions in JSON files.

6 Conclusion

This study constructs FarmS#4, a high-quality imagetext dataset specifically designed for farmlasgdimentationwith
key features including higprecision images and masks, extensive spatiotemporal coverage, and refined captions of farmland
characteristics. In the dataset construction process, Google imagery with a resolutieh wEfebs was selected as thage

515 data source. Through -thepth analysis of numerous farmland samples, five key attributes were summarized: inherent
properties, phenological characteristics, spatial distribution, topographic and geomorphic features and distribution of
surrounding envonments. These were further refined into 11 specific descriptive dimensions, covering shape, boundary
patterns, season, sowing situation, geographic location, distribution, terrain, landscape features, as well as tloa distributi
water bodies, buildingsand trees in the surrounding environmdased on the above keywords, a farmland description

520 template was designed, and a samiomated annotation method was used to generate binary mask labels and their
corresponding captions for each image. Ultimataldedicated dataset consisting of 22,605 intagepairs was constructed.

To verify the advantages of the FarmSédgin enhancing farmland segmentation accuracy compared to generatiexage
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datasets, this study first conducted finaing experiment®n three leading vision language segmentation models: LISA,
PixelLM, and LaSagna. The experimental results demonstrate that the modeh&dewith the FarmSeydL significantly
outperforms the model trained with general iméged datasets in segmentati performance. Additionally, this study
compared the VLMs trained on the FarmSAgto a traditional deep learning model that relies solely on labels. The results
show a 10% to 20% improvement in segmentation accuracy across different agriculturalaedidagsets, highlighting that
language guidance effectively mitigates the impact of spatiotemporal heterogeneity on farmland segmentation. Finally, the
study compared the performance of the traditional deep learning model relies solely on labelotraieBGFD dataset

with the models trained using three VLMs on the Farm@keglataset. The evaluation on the LoveDA dataset showed an
improvement in test accuracy by approximately 1®#perimental results show that the model trained on Farfivgeg
significantly improves accuracy and robustness in farmland segmentation. As the firsdclaleyémageext dataset for
farmland segmentation, FarmS¥g holds significant academic value and application potential. It is expected to advance
research on semantimderstanding of farmland in remote sensing imagery, promote the development of more efficient and

generalized segmentation models, and better serve the diverse needs of agricultural monitoring.

Appendices
Appendix A More details of farmland texture description in imagetext dataset

As shown inFig. A1, mainstreantemote sensing imagext datasets, such as UGB&ptions, NWPWCaptions, RSICD,
RSICap, and ChatEarthNet, generally adopt steved or objectevel descriptions. These datasets often ldekailed
characterization of farmland morphology, temporal features, and environmental context, making them insufficient for farmland
segmentation tasks that require hlgkiel semantic and structurally rich textual information.

For example, UCMCaptionsp ovi des only simple and repetitive descricg
any specific texture or spatial information. NWfaptions offers slight improvements by adding color and shape descriptions,
such as “Many ddrdks arreee nmicxierdc uwiatrh fyieel | ow rectangul ar f
context or agricultural semantics. RSICD focuses only on aggregated forms or land cover components, with descriptions like
“The little farm i s Iakidgebothutempard cues rarad esviroanretal comtextp BS|Cap provides
relatively richer descriptions, for exampl e, “I'n the i m
which reflects spatial relationships between farmlandkanidings or water bodies. However, these descriptions are mostly
static and fail to capture the dynamic properties of farmland over time. ChatEarthNet, designed primarily for land cover
classification, presents sliTghsl ymmgeesbompl axbdkbancephb:i
but still lacks detailed information about farmland morphology, terrain, crop types, or surrounding environmental elements. |
contrast, the proposed FarmSéh dataset is specifically designed fire farmland segmentation task, placing greater
emphasis on fingrained semantic information closely tied to the spatiotemporal characteristics of farmland. For each remote

sensing image, the accompanying textual description includes the image capéurgetbgraphic coordinates, and detailed
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555 references to landform, shape, boundary characteristics, topography, as well as surrounding features such as water bodie
vegetation, and buildings. Additionally, the descriptions incorporate attributes suclppmgrpatterns and spatial layouts,

providing comprehensive semantic support for accurate and cantexe farmland segmentation.

UCM-Captions ChatEarthNet

This image shows a balance between crop and grass areas, with the grass
having a strong presence, particularly in the bottom left quadrant, suggesting a
large natural or rural setting. Developed areas are quite dispersed throughout
the image, with higher concentrations in the top left corner and the bottom
right, depicting sprawling urbanization. Water bodies are minimal and appear
as small, isolated el within the land: The p of trees and bare
land is minor and does not significantly impact the overall theme, which
depicts a rural landscape with interspersed development and farmland with
predominantly grass-covered areas.

1.There is a piece of farmland .
2.There is a piece of cropland .
3.1t is a piece of farmland .

4.1t is a piece of cropland .
5.Here is a piece of farmland .

This image shows water present in limited areas, mostly on the periphery, while
developed areas construct a network of urban formality through the depicted
environment. Crop areas display a domi p as extensi

likely indicative of large agricultural fields. Trees are more randomly dispersed
and present a contrast to the farmland and developed regions. This image
conjures a scene where the focus is on agricultural and developed land, with
nature interspersed throughout, creating a primarily anthropogenic landscape
with natural elements.

1.There is a piece of farmland .
2.There is a piece of cropland .
3.1t is a piece of farmland .

4.It is a piece of cropland .
5.Here is a piece of farmland .

RSICD RSICap

This is a panchromatic satellite image. In the image, there are many buildings
and some farmlands located near a river. The buildings are of different sizes and
are mainly located in the upper right and upper left corner of the image. In the
upper right corner of the image, there is a small body of water leading through
the buildings. The farmlands are rectangular in shape and occupy most of the
area in the image. The river runs through the center of the image, dividing the
buildings and farmlands. There are two bridges over the river. There is also a
small body of water between the farmlands in the lower left of the image. There
are a few patches of bushes around the river and farmlands. There are some dirt
paths and dirt roads leading through the farmlands.

1.there is a house near the farm b ,
2.a lot of green trees are planted around the farm .
3.a lot of green trees are planted around the farm .
4.there is a house near the farm b .
5.there is a house near the farm b .

1.the little farm is made up of grass and crops .
2.passing through the farm is a few crooked paths .
3.many pieces of farmlands are orderly together .
4.the little farm is made up of grass and crops .
5.small farms by grass and crops composition .

This image is from the panchromatic band of a satellite image. The image
showcases several regular farmlands, with some of them having tree saplings
planted inside, and some containing water. Among them, there are also several
buildings and several small roads crisscrossing the area.

FarmSeg-VL(Ours)

This satellite image was taken in March, located at 116 degrees east longitude
and 31 degrees north latitude. It shows a rural landscape, with the farmland
primarily in a dispersed distribution. The shape of the farmland is characterized
by scaly . The internal roads in the farmland are curved, and the terrain is flat.
The water bodies surrounding the farmland mainly consist of scattered blocky
ponds . The vegetation around the farmland mainly consists of scattered trees .
The buildings around the farmland primarily appear as scattered . The sowing
situation indicates that the cultivated land with crops is less than that without
crops.

NWPU-Captions

1.A dark green circular farmland and a dark green fan-shaped
farmland are surrounded by wasteland .

2.There are many round farms .

3.Many dark green circular fields are mixed with yellow
rectangular fields .

4.There are some deep green circle farmland and bare square
farmland .

5.There are many circular farmlands distributed irregularly .

This satellite image was taken in September, located at 115.8 degrees east
longitude and 35.4 degrees north latitude. It shows a rural landscape, with the
farmland primarily in a concentrated contiguous distribution. The shape of the
farmland is characterized by blocky . The internal roads in the farmland are
crisscrossed in straight lines, and the terrain is flat. The water bodies
surrounding the farmland mainly consist of a winding small river . The
vegetation around the farmland mainly consists of scattered trees .The sowing
situation indicates that the cultivated land with crops is approximately equal to
mee the cultivated land without crops.

1.Several green rectangular farmlands of different sizes are arranged in
neat rows and a clearing is surrounded by these farmlands .

2.Several dark and light green mixed rectangular farms of different sizes
and shapes .

3.There are some deep green and light green rectangular farmland .
4.There are several dirt roads between the rectangular farmlands .
5.There are some green rectangular farmlands

560 Fig. Al. Details of farmland texture description in general remote sensing imagkext datase.
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Appendix B Examples of 5 types of text features for farmland shapes

To provide readers with a more intuitive understanding of the farmland morphology in the FAfm8etset, we present

five additional examples of farmland shapes in Bib.

blocky  narrow strip scaly broken circular

565

Fig. B1. Example of farmland shape.

Appendix C Farmland segmentation results of different methods in different agricultural areas
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Fig. C1. Farmland segmentation results of different methods in Northeast ChinalRin.
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Fig. C3.

Huang-Huai-Hai Plain
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Loess Plateau
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Fig. C7. Farmland segmentation results of different methods in Sichuan Basin.
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Yungui Plateau
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Fig. C8. Farmland segmentation resultof different methods in Yungui Plateau.
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Fig. C12. Farmland segmentation results of different methods in Loess Plateau . (a)Original image. (b)groundtruth. (c)\et.
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Appendix D Quantitative evaluation of semiautomated annotationefficiency

In order to quantify the annotation efficiency of the santiomatic annotation framework proposed in this article, comparative
experiments were conducted in this section. Specifically, we randomly selected four annotators and annotated the masks ar
textson 13 farmland remote sensing images using traditional manual drawing methods aaditeemated annotation
methods. Finally, we compared the completion time of the annotations. As shown i Fadter using the serautomated
annotation method, the erage annotation time was significantly reduced, saving approximately 2 minutes per image, and
overall efficiency improved by 1.5 times. This result indicates that the annotation tool developed in this article ltasgignif
improved efficiency and usdity.

Comparison of farmland annotation time
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Fig. D1. Comparison of farmland annotation efficiency.
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Appendix E CrossRegional Applicability Assessment of FarmSey/L.

To verify the generalization performance of the model trained using FarkiSeg datasets from otheountries that have

620 significant differences in climate or cropping patterns compared to FariiSebis paper selects a portion of the region in
NordrheinWestfalen, Germany as the benchmark for testing, test experiments were conducted using the lHSA mod
Specifically, we selected a subset of data from Nordrié@stfalen, Germany, and performed several preprocessing steps,
including image downloading, vector boundary processing, and image and label cropping, to adapt it for our farmland
segmentation ndel, the image and label overlay results of the test area are showrE. Fig.
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Fig. E1. Example of Fiboa data.
The experimental results are shown in Table where we compare the credsmain performance of the LISA model
trained on the FarmSegL dataset with that of other models evaluated on public datasSeit.4. Specifically, the FGFD
and LoveDA datasets are from China, while the DGLC datasetsosgions in Thailand, Indonesia, and India. As shown in
630 the table, the LISA model performs well in craksmain testing, which can be attributed to the extensive geographical
coverage and rich seasonal variations of the Farmvkedataset, providing a sidl foundation for crosslomain feature
learning. Notably, the LISA model outperforms other models on the Fiboa dataset. This is due to the concentrated, contiguous
and weltdefined characteristics of farmland in the Fiboa region, which facilitate thacéstr of discriminative features,
leading to optimal results in this region. Furthermore, the climatic and cropping system differences between the Fiboa datase
635 and FarmSeyL further validate the applicability and strong generalization capability dféinenSeg\/L dataset in adapting
to the diverse agricultural contexts of different countries. This highlights its potential in global, heterogeneous farmland

scenarios.
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Table E1. Farmland segmentation results of different methods on fiboa.

Evaluation LISA

Metrics(%) FGFD LoveDA DGLC Fiboa
mACC 83.33 81.76 72.23 88.05
mloU 70.58 65.74 56.36 78.20
mDice 82.65 78.82 72.06 87.73
Recall 83.87 80.75 72.44 87.38

Appendix F Model robustness verification

640 To evaluate the robustness of the model under different data partitioning conditions, we conducted additional experiments
using the LISA model on the FarmS¥g dataset. Specifically, we first merged the original training, validatmd test sets,
then randomly split the combined dataset into three new training, validation, and test sets following a 7:2:1 ratialofhis ran
splitting procedure was repeated three times to minimize the impact of stochastic variation, and the smtrdeiegaand

evaluated independently for each split.

645 Table F1. Farmland segmentation results on different tests.
Evaluation
Metrics(%) Testl Test2 Test3 Test4
mACC 87.71 87.27 87.33 87.54
mloU 93.47 93.22 93.26 93.37
mDice 93.45 93.20 93.23 93.36
Recall 93.46 93.20 93.24 93.34

Table F1 shows the results of four different random partitions of the test set.—Test# represent the results of four
different test sets. As shown in thableF1, the variation in test results across the different test sets is minimal, demonstrating
the robustness of the Farm&¢éh dataset and the model's robustness. This outcome indicates that the balanced distribution
and diverse geographical features of theaskit play a crucial role in enhancing the model's stability and generalization

650 capability. Specifically, the FarmSa&d_ dataset is characterized by highality image and textual annotations, with a broad
distribution that spans different seasons and ggagcal conditions. This effectively reduces the discrepancies between the

datasets, thereby improving the model's robustness to variations in data partitions.
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