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Traditional autonomous agricultural systems face significant challenges in performing continuous
operations within fragmented field regions. To address this issue, it is essential to upgrade these systems to
automatically acquire high-precision field boundaries. This study tests the hypothesis that fragmented tobacco
parcels can be reliably mapped using a cloud-based, multi-source remote sensing framework and that the re-
sulting products can directly support autonomous field operations. Using Xuchang City, Henan Province, China,
as a case study, we developed a cloud-edge-integrated tobacco mapping workflow on the Google Earth Engine
(GEE) platform by fusing Sentinel-2 optical imagery, Sentinel-1 synthetic-aperture radar data, and topographic
variables. A comprehensive feature set, including spectral bands, vegetation indices, radar backscatter, texture
metrics, and terrain attributes, was used to train and compare three machine learning classifiers: random forest
(RF), gradient boosting decision tree (GBDT), and classification and regression tree (CART). RF achieved the
highest performance, with an overall accuracy of 93.08 % and a kappa coefficient of 0.92, outperforming GBDT
(90.60 %, 0.89) and CART (87.60 %, 0.85). The RF-derived tobacco planting area showed the closest agree-
ment with official statistics, with a consistency ratio of 94.12 %. Model robustness was further demonstrated
by direct transfer to the adjacent Pingdingshan City without re-training, yielding a 97.70 % consistency with
reported acreage. By shifting field-boundary extraction from manual delineation to automated cloud-based pro-
cessing, this study provides a scalable solution for mapping fragmented tobacco fields and delivering parcel-level
geospatial data to autonomous agricultural systems, with broader applicability to other cash crops in fragmented

landscapes.

Tobacco is a high-value crop that serves as a significant
source of revenue, and an important source of agricultural in-
come and fiscal revenue in many regions worldwide (Wang
et al., 2022). In both developed and developing countries, to-
bacco production plays a significant role in supporting ru-
ral livelihoods and regional economic development. With
the rapid advancement of artificial intelligence (Al), sens-
ing technologies, and agricultural mechanisation, precision-
agriculture systems, such as automated spraying (Tufail et
al., 2021), topping (Gravalos et al., 2019) and harvesting
(Gravalos et al., 2019; Lin et al., 2025), are increasingly
adopted to improve production efficiency and reduce labour

inputs. For these intelligent machines, the accurate delin-
eation of field parcels is a fundamental prerequisite, as re-
liable spatial boundaries are essential for path planning, nav-
igation and task execution during autonomous operations. At
the regional scale, accurate crop-distribution mapping also
provide critical information on spatial and temporal hetero-
geneities in agricultural landscapes (Pendrill et al., 2011;
Samberg et al., 2016), supports the derivation of biogeophys-
ical variables (Ferencz et al., 2004; Liu et al., 2012), and
enables the assessment of crop growth conditions and en-
vironmental stress (Virnodkar et al., 2020). Therefore, the
precise mapping of tobacco fields is not only indispens-
able for guiding automated field operations but also for as-
sisting agricultural administrators in formulating evidence-



based policies, optimising planting layouts and improving
crop-management strategies (Bégué et al., 2018, 2020; Pinter
et al., 2003).

Conventional tobacco-field mapping relies on field sur-
veys and manual reporting, which are costly, time consum-
ing and labour intensive, and they are poorly suited to large-
area or real-time monitoring (Gao and Huang, 2022), es-
pecially in regions dominated by fragmented smallholder
farms. In contrast, satellite remote sensing offers an efficient
alternative by enabling timely synoptic observation over ex-
tensive areas with substantially reduced labour and finan-
cial costs. Remote sensing technologies have been widely
utilised in agricultural monitoring, including the detection
of biophysical and biochemical parameters (Kganyago et al.,
2024), irrigation assessment (Bastiaansen et al., 2000) and
fragmentation analysis (Raab and Spies, 2023). However,
the large data volumes associated with multi-temporal and
multi-sensor satellite imagery impose significant computa-
tional burdens, historically limiting the operational use of
remote sensing for real-time agricultural decision-making.
The emergence of cloud-computing platforms, most notably
Google Earth Engine (GEE), has revolutionised remote sens-
ing workflows by enabling on-demand processing of mas-
sive datasets. Numerous studies have demonstrated that com-
bining GEE with advanced machine learning classifiers and
multi-source satellite data significantly enhances crop map-
ping accuracy and efficiency. In particular, the integration
of Sentinel-1 synthetic-aperture radar and Sentinel-2 mul-
tispectral imagery has proven effective for crop discrimi-
nation under varying weather conditions. Awad Mohamad
(2021) and Luo et al. (2021) utilised this multi-source fu-
sion with support vector machine (SVM) and random forest
classifiers, respectively, to achieve high-accuracy crop clas-
sification. Eisfelder et al. (2024) further verified the transfer-
ability of the Sentinel-1/2 integration workflows for multi-
crop identification in Ethiopia. For classifier performance on
GEE, Clemente et al. (2020) conducted comparative studies
and identified random forest and SVM as the top perform-
ers, while Xue et al. (2023) further improved the accuracy by
integrating simple non-iterative clustering (SNIC) segmen-
tation. Beyond standard classification methods, innovative
frameworks have also emerged. Yang et al. (2021) introduced
the AGTOC framework for automatic training-sample gener-
ation, demonstrating robust cross-sensor transferability. GEE
has also been applied to large-scale dynamics monitoring;
Amani et al. (2020) produced the first Annual Crop Inven-
tory (ACI) map, and Liu and Wang (2022) successfully de-
tected crop-type transitions (e.g. soybean to maize) and pole-
ward expansions in north-eastern China to support ecological
policy-making.

Despite these advances, existing studies have largely fo-
cused on staple crops such as wheat, maize and rice. Re-
search targeting tobacco remains limited. This gap is note-
worthy because tobacco fields are often characterised by
small parcel sizes, spatial fragmentation and phenological

patterns distinct from major food crops, posing additional
challenges for remote-sensing-based identification. More-
over, the lack of accurate, parcel-level tobacco maps con-
strains the deployment of autonomous tobacco machinery
and limits the availability of reliable spatial data for regional
production management. To bridge this gap and facilitate the
autonomous operations of tobacco machinery, as well as pro-
vide accurate geospatial data for regional management, this
study selected Xuchang City, a major tobacco-producing re-
gion in Henan Province, China. We leveraged the GEE plat-
form to integrate multi-source imagery, including Sentinel-
2 optical imagery, Sentinel-1 synthetic-aperture radar (SAR)
observations and topographic variables. From these inputs,
we derived a comprehensive feature set comprising spec-
tral signatures, vegetation indices, radar backscatter, tas-
selled cap components, texture metrics and terrain attributes.
Three machine learning classifiers — random forest, gradi-
ent boosting tree (GBT), and classification and regression
tree (CART) — were trained and comparatively evaluated for
tobacco-field mapping. Model performance is evaluated us-
ing both ground-truth samples and official statistical data,
and the transferability of the optimal classifier is further
tested in an adjacent tobacco-growing region. The objec-
tives of this study are to develop a high-accuracy cloud-
based framework for mapping fragmented tobacco fields us-
ing multi-source remote sensing data, evaluate and compare
the performance of commonly used machine learning classi-
fiers for tobacco identification on the GEE platform, and pro-
vide reliable geospatial information to support autonomous
tobacco-field operations and precision regional management.

Current autonomous agricultural systems typically require
a pre-operational step where field boundaries are manually
delineated on on-board edge-computing units (e.g. Rasp-
berry Pi or industrial PCs) using satellite base maps. Subse-
quently, integrated with on-board sensors such as LiDAR or
visual cameras for obstacle avoidance and crop recognition,
the system guides the machinery to perform specific tasks,
such as harvesting and spraying, within the defined parcel.
Edge-computing devices can integrate real-time feedback
with field-boundary base maps to provide obstacle avoidance
and small-scale course correction for agricultural machinery
along their planned routes.

However, a significant limitation arises when operating in
complex agricultural landscapes. While a single manual de-
lineation suffices for large-scale contiguous farms, it is inef-
ficient for smallholder regions where tobacco fields are typ-
ically small and geographically fragmented. Manual anno-
tation is thus ill suited for supporting continuous operations
across such scattered territories.

To address this challenge, the framework proposed in this
study features a core module designed to automatically and
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accurately extract scattered field boundaries, providing the
necessary geospatial data for continuous autonomous oper-
ations (Fig. 1). The system consists of three parts: (1) an
edge-computing unit preloaded with extraction algorithms
and vector data, (2) a cloud-based processing module that
calls GEE APIs to identify tobacco-field extents from satel-
lite imagery and (3) an execution module that uses the ex-
tracted boundaries as geometric constraints. By integrating
vision sensors and GPS, the system performs autonomous
harvesting within the field, while the edge device handles
inter-field navigation. This architecture successfully realises
seamless cross-field automation in fragmented landscapes.
The core system upgrade lies in the integration of an auto-
mated tobacco-field extraction algorithm capable of invoking
GEE APIs, which provides the essential foundational data for
the autonomous equipment.

Located in central Henan Province (Fig. 2), Xuchang City
lies between 33°42'-34°24' N and 113°03'-114°19’E, cov-
ering 4979 km?. The terrain is dominated by flat alluvial
plains with an average elevation of ~ 75 m, forming one of
the province’s most important agricultural bases. The climate
is warm-temperate, semi-humid monsoon, with a mean an-
nual temperature of ~ 14.3 °C and mean annual precipita-
tion of ~ 740 mm, 60 %-70 % of which falls during June—
September. Four distinct seasons, abundant summer sun-
shine, and concurrent rainfall and heat provide favourable
conditions for tobacco germination, growth and ripening. As
a major cash crop of Xuchang, tobacco is extensively cul-
tivated in Xiangcheng County, Yanling County and Jian’an
District. According to the Henan Statistical Yearbook (Henan
Statistical Yearbook, 2024), in 2023, Xuchang City harvested

31900t of tobacco from 11240 ha of planted area. Sharing
similar climatic traits with its neighbour Xuchang, Pingding-
shan City’s central western hilly terrain is eminently suit-
able for tobacco farming, making it one of China’s leading
regions for premium tobacco production. Therefore, we se-
lected Pingdingshan as the study area for method validation.

The cornerstone of accurate tobacco mapping lies in ef-
fective feature extraction. Consequently, datasets were se-
lected based on three dimensions: spectral properties, canopy
structure and environmental planting conditions. Spectral
features were derived from Sentinel-2 MultiSpectral Instru-
ment (MSI) imagery; specifically, its inclusion of red-edge
bands provides abundant information related to the physic-
ochemical properties of vegetation. Canopy structure was
captured using Sentinel-1 InSAR data, as radar backscat-
ter effectively characterises land-surface roughness. Planting
conditions were incorporated using a digital elevation model
(DEM), considering that excessively high altitudes may lack
sufficient accumulated temperature, while low-lying areas
are often prone to poor drainage. We extracted comprehen-
sive features from multi-source data to achieve a more robust
tobacco-field extraction model.

Sentinel-1, launched by the European Space Agency (ESA),
consists of Sentinel-1A and Sentinel-1B, each carrying a C-
band SAR sensor. The constellation provides all-weather,
day-and-night Earth observation, guaranteeing surface infor-
mation even during cloudy or rainy periods when optical sys-
tems fail. In this study, VV (vertical transmit/vertical receive)
and VH (vertical transmit/horizontal receive) polarisations
acquired by Sentinel-1 are selected through GEE to enhance
the discrimination of land-cover features.

Sentinel-2 is the multispectral optical component of ESA’s
Copernicus programme. Sentinel-2A (launched in 2015) and
Sentinel-2B (2017) fly in the same orbit at 786 km altitude,
180° apart, yielding a joint revisit of 5 d. Each satellite car-
ries the MSI that records 13 spectral bands — from visible
to short-wave infrared — across a 290km swath. The red-
edge and near-infrared bands are highly sensitive to vege-
tation properties, providing the spectral resolution needed to
differentiate tobacco fields from other crops, woodland, arti-
ficial surface, bare land and water bodies.

The DEM dataset used in this study is the Shuttle Radar To-
pography Mission (SRTM) digital elevation model released
by the US National Aeronautics and Space Administration
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(NASA). Derived from the Shuttle Radar Topography Mis-
sion’s interferometric measurements, it provides near-global
topographic information.

The primary objective of data processing is feature extrac-
tion. For the classification task in this study, three categories
of features were utilised: spectral, textural, canopy structure
and terrain. Spectral features were derived using vegetation
indices (VIs) and the tasselled cap transformation (TCT),
while textural features were computed based on the grey-
level co-occurrence matrix (GLCM). Canopy structure in-
formation is captured by Sentinel-1 data and was used with-
out further extraction, while topographic information was de-
rived from the DEM data.

VIs provide a simple yet robust means of quantitatively and
qualitatively assessing vegetation cover, vigour and growth
dynamics (Xue and Su, 2017). Derived from algebraic com-
binations of spectral bands, VIs enhance vegetation signals,
suppress background noise, and accentuate differences be-
tween vegetation and other land-cover types more effectively
than individual bands. As a typical cash crop, tobacco ex-
hibits distinct canopy architecture, chlorophyll content and
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phenological cycles that imprint specific VI signatures. Ex-
ploiting these differences should improve the discrimination
of tobacco fields from other crops. In this study, seven widely
used VIs were computed and incorporated as training fea-
tures for the classification models; their definitions are sum-
marised in Table 1. Variables in the formulas represent re-
flectance data of a specific band of Sentinel-2 MSI images.

The TCT is a linear-band compression technique — essen-
tially a tailored principal-component analysis — designed to
isolate physical scene properties from multispectral imagery.
By forming weighted sums of the original spectral bands,
TCT generates new axes that are more directly related to
land-surface characteristics. On the GEE platform, Sentinel-
2 images were transformed to yield brightness, greenness and
wetness components, which were then used as model training
features. Brightness distinguishes high-albedo targets such
as bare soil and built-up surfaces; greenness is sensitive to
the amount and vigour of vegetation, thereby highlighting
vegetated pixels; wetness provides a measure of surface and
canopy moisture, reflecting the water content of soils and
plants.

Y =CX, (1)
where Y denotes the transformed tasselled cap image, C is

the transformation-coefficient matrix and X represents the
original multispectral image. For Sentinel-2 MSI data, we



Spectral indices involved in this study.

Vs Abbreviation  Formula

Enhanced vegetation index EVI 5% +%3 22687.75[142;2 1

Normalized difference vegetation index ~NDVI gg;gi

Soil adjusted vegetation index SAVI %

Ratio vegetation index RVI g—i

Difference vegetation index DVI B8 — B4

Potential biodiversity index PBI %

Triangular vegetation index TVI 0.5(120 x (B6 — B3) — 200 x (B4 — B3))

adopted the tasselled cap coefficients published by Ned-
kov (2017).

The grey-level co-occurrence matrix (GLCM) is a statisti-
cal approach that quantifies image texture by describing the
spatial relationship between pairs of pixel grey values. It cap-
tures local structure and subtle spatial variations that are of-
ten invisible to spectral analysis, thereby providing insight
into the arrangement, intensity and contrast of surface ele-
ments (Igbal et al., 2021). Essentially, GLCM counts how
frequently each grey-value pair (i, j) occurs in the image
at a user-defined inter-pixel distance and orientation, yield-
ing a two-dimensional histogram that serves as the basis
for second-order texture measures. Owing to its ability to
discriminate complex land-cover types, the application of
GLCM is ubiquitous in remote sensing classification mis-
sions. In this study, a greyscale image was first derived from
the Sentinel-2 multispectral data on GEE (Eq. 2). The built-in
GLCM function was then used to compute seven commonly
employed texture features: angular second moment (ASM),
contrast, correlation, inverse difference moment (IDM), sum
average, dissimilarity and entropy. These metrics were finally
appended to the feature stack for subsequent classification.

Grey =0.3 x B84+0.59 x B4+40.11 x B3, )

where grey represents the greyscale image.

Within GEE, the built-in “terrain” function was applied to
compute altitude and slope layers, which were then em-
ployed as ancillary variables to improve the identification and
extraction of tobacco-planted areas in the study region.

Legend

© Classification sample points
CIBoundary

Spatial distribution of sampling stations.

The classification samples were collected according to both
the visual characteristics and NDVI time series of the tar-
get land-cover types. In addition, high-resolution imagery in
Google Earth and field-survey records were jointly used to
guide the selection of training samples. The study area was
stratified into six land-cover classes: artificial surface, wa-
ter, vegetation, bare soil, tobacco and other crops. Consid-
ering the phenological characteristics of tobacco, cloud-free
Sentinel-2 scenes acquired between mid-July and late Au-
gust 2023 were averaged to generate a composite optimised
for tobacco extraction. On the GEE platform, a total of 2606
reference pixels were collected (Fig. 3), and randomly parti-
tioned into a training set (70 %) and a validation set (30 %).

To establish a rigorous evaluation framework for tobacco-
field extraction, this study selected three representative
decision-tree-based algorithms: the single CART; RF, based
on parallel ensemble strategies; and GBDT, based on itera-
tive boosting strategies. These three algorithms constitute a
complete evolutionary lineage from basic classifiers to main-



stream ensemble learning paradigms. Specifically, CART
serves as the baseline model, establishing the interpretability
foundation for the classification task. RF, distinguished by
its superior robustness and noise immunity in handling high-
dimensional remote sensing data, represents the most stable
machine learning paradigm currently employed in the field.
Meanwhile, GBDT aims for maximum classification accu-
racy through residual learning mechanisms. A comparative
analysis of these algorithms allows for a deep investigation
into the incremental effectiveness of ensemble learning in
addressing the challenge of “spectral confusion” (same spec-
trum, different objects) in complex agricultural landscapes.

RF (Breiman, 2001) is an ensemble learning algorithm
that aggregates multiple decision trees. Each tree is built
using a resampled training set generated by drawing exam-
ples from the original data with replacement. For classifi-
cation, the final label is determined by majority voting; for
regression, the average prediction is taken. This voting/aver-
aging strategy substantially increases overall accuracy (OA)
and generalisation capacity. RF handles high-dimensional,
multi-band remote sensing data efficiently, is robust to over-
fitting and provides an internal estimate of variable impor-
tance. Consequently, it has been widely adopted for im-
age classification (Ok et al., 2012; Tatsumi et al., 2015). In
this study, the RF classifier was implemented in GEE us-
ing ee.Classifier.smileRandomForest. The main parameters
tuned were the trees number, the features number considered
at each split and the minimum samples per node.

GBDT is another ensemble technique that builds an ad-
ditive model in a forward step-wise fashion. At each iter-
ation, a new decision tree is fitted to the negative gradient
of the loss function (i.e. the residual error of the previous
stage), thereby progressively refining the overall fit. GBDT
offers high robustness to outliers and scales well to large
data sets, and has been applied successfully to crop map-
ping (Dong et al., 2025), parameter retrieval and general re-
mote sensing classification. Here, GBDT was implemented
via the ee.Classifier.gbdt function in GEE. Key parameters
optimised were the number of boosting rounds, maximum
tree depth, learning rate and the subsampling fraction used at
each iteration.

CART is a canonical single-tree algorithm that recursively
partitions the feature space into a binary tree. At each node,
the algorithm selects the split that maximises the homogene-
ity of the resulting child nodes; this process is repeated until
a stopping rule (e.g. minimum samples per leaf or maximum
depth) is met. CART is computationally efficient, highly in-
terpretable and easily adapted to either classification tasks
(G6émez-Chova et al., 2003; Sonobe et al., 2017). In this
study, the CART model was implemented in GEE using the
built-in ee.Classifier.smileCart function.

Classification performance of RF, GBDT and CART algo-

rithms.
Land cover RF | GBDT |  CART
PA% UA% | PA% UA% | PA% UA%
Tobacco 97.90 9150 | 97.20 92.67 | 95.10 90.07
Other crops 9172 97.96 | 9172 92.90 | 87.26  88.39
Artificial surface  94.01  94.58 | 88.62 90.80 | 83.83  90.32
Bare land 97.67 91.30 | 90.70 83.87 | 91.86 77.45
Water 9231 97.30 | 9231 096 | 93.59 94.81
The others 8593 86.57 | 8370 86.92 | 78.52 84.13
OA% 93.08 90.60 87.60
Kappa 0.92 0.89 0.85

The performance of the three classifiers was evaluated using
confusion matrices generated from the training-sample set.
A confusion matrix cross tabulates predicted labels against
reference labels and thus provides an effective means of as-
sessing classifier accuracy. Four indices, i.e. OA, producer’s
accuracy (PA), user’s accuracy (UA) and kappa coefficients
(kappa), were calculated to evaluate the classification results.
The matrix was computed via the following formulas:

OA= (D" Pu/N) x 100% 3)
PA = (Pii/Py:) x 100% )
UA = (Pyi/Piy) x 100% )
Kappa = N x Y7 Py — i (P X Pyy) ’ ©)

N2 =" (P + Pyi)

where m is the number of classes, N represents the element
numbers in the confusion matrix and P;; is the total sample
number of the ith column and the ith line. P4; is the total
sample number of the ith column and P; is the total sample
number of the ith line.

On the GEE platform, multi-source variables were fed into
the three machine learning classifiers to map land cover
and to isolate tobacco fields. Confusion matrices were pro-
duced by comparing the independent validation sample set
with each map. OA, PA, UA and the kappa coefficient were
then calculated. The results are summarised in Table 2. RF
achieved the highest OA (93.08 %) and kappa (0.92), fol-
lowed by GBDT (OA = 90.60 %, kappa = 0.89). The CART
model yielded the lowest accuracy (OA = 87.60 %, kappa =
0.85). For the tobacco class, both PA and UA exceeded 90 %
in all three models, indicating that omission and commission
errors for tobacco are small.

SHAP analysis was performed on the best-performing RF
model, with feature values and SHAP scores presented in



Comparison of the image-extracted tobacco plant area and
the statistical data.

Algorithm  Image-extracted  Statistical ~Consistency
area/ha area/ha

RF 11901 11240 94.12 %

GBDT 12532 11240 88.51 %

CART 12804 11240 86.09 %

Fig. 4. The top 10 features, primarily consisting of spec-
tral bands along with one vegetation index and two tasselled
cap components, were analysed. B1, B2 (blue) and B4 (red)
showed negative contributions; as these are strong chloro-
phyll a absorption bands, their lower reflectance signifies
higher chlorophyll content. Conversely, the red-edge band
(B5) showed a marked positive impact, highlighting chloro-
phyll a as a key discriminator for tobacco. The short-wave
infrared (SWIR) bands (B11, B12) contributed negatively,
helping to rule out water bodies. The wetness and greenness
components had weaker effects but aligned with the chloro-
phyll and moisture findings, while TVI mirrored the green-
ness pattern. Ultimately, the SHAP results confirm that spec-
tral sensitivity to chlorophyll ¢ and moisture drives the to-
bacco classification performance.

By utilising the RF, GBDT and CART models on the in-
put data, the classification maps are generated (Fig. 5). The
tobacco-planted areas mapped by the three classifiers were
aggregated and compared with the 2023 official statistics for
Xuchang City (Table 3). Similar to the classification perfor-
mance (Table 2), RF showed the best agreement, with an
area-consistency ratio of 94.12 %. Gradient boosting deci-
sion tree followed at 88.51 %, whereas CART yielded the
lowest consistency (86.09 %).

Considering both the accuracy metrics and the agreement
with statistical area data, the RF classifier delivered the best
performance for tobacco mapping and was therefore selected
to produce the final planting area layer. The 2023 spatial dis-
tribution derived from RF (Fig. 6) shows that tobacco fields
are concentrated in Xiangcheng County, with substantial ex-
tensions also in Yuzhou City; smaller scattered plots occur in
the remaining counties and districts of Xuchang.

Located in the south-west of Xuchang, Xiangcheng
County is known as the “Hometown of Tobacco”. Its soils
are predominantly loamy sand and sandy loam, offering ex-
cellent drainage and aeration that favour root development
and leaf-quality formation; organic-matter content is mod-
erate and well balanced. The county is intersected by the
Ru and Ying rivers, providing abundant water for irrigation.
These favourable natural conditions promote the synthesis
of aromatic compounds, yielding tobacco leaves with a rich
and mellow aroma. The high concentration of tobacco fields

mapped by our RF classifier in Xiangcheng therefore agrees
well with local agricultural realities, lending additional credi-
bility to the extraction results. As shown in the enlarged view
(Fig. 6b) of the area marked by the red box in Fig. 6a, the
field boundaries are clear and intact.

To test the stability of the optimal classifier (RF), we
transferred the trained model, without any re-training, to
Pingdingshan City, an adjacent tobacco-growing region
in Henan. All remotely sensed predictor layers (spectral,
temporal, textural, topographic) were first generated for
Pingdingshan and then fed into the RF classifier inherited
from the Xuchang experiment. The resulting 2023 land-cover
map and tobacco mask are shown in Fig. 7. The RF extraction
yielded 9096 ha of tobacco fields, compared with 9385 ha
reported in the 2023 Henan Statistical Yearbook — an area-
consistency ratio of 97.70 %. Spatially, the mapped tobacco
is concentrated in Jia County, Ye County and Ruzhou City,
precisely matching the documented distribution pattern in
Pingdingshan. These results confirm that the multi-feature,
RF-based workflow provides both accurate and stable to-
bacco mapping across different administrative units.

The central hypothesis of this study is that fragmented to-
bacco fields in smallholder agricultural landscapes can be
accurately and operationally mapped using a cloud-based,
multi-source remote sensing framework and that the resulting
geospatial products can directly support autonomous field
operations when integrated with edge-computing systems.
This hypothesis arises from a practical mismatch between
the requirements of autonomous agricultural machinery, con-
tinuous parcel-level spatial information and the limitations
of traditional manually delineated field-boundary workflows
commonly used in tobacco production. To test this hypoth-
esis, we designed a framework that integrates multi-source
satellite data on the GEE platform, applies machine learn-
ing classifiers to extract tobacco fields at the regional scale
and evaluates whether the derived products are sufficiently
accurate, stable and transferable to serve as base maps for
autonomous operations (Fig. 1).

The experimental design combined three key elements.
First, a high-dimensional feature space was constructed by
integrating spectral information, vegetation indices, radar
backscatter, texture metrics and terrain attributes (Table 1),
enabling the differentiation of tobacco fields characterised
by distinct phenology and canopy structure. Second, three
representative machine learning classifiers — random forest,
GBDT and CART - were systematically compared to assess
the impact of algorithmic complexity and ensemble learning
on classification performance (Table 2). Third, the robustness
of the optimal classifier was evaluated through cross-regional
transferability testing, in which a model trained in Xuchang
City was applied directly to Pingdingshan City without re-
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Figure 5. Land-surface classification result of the study area.

training (Fig. 7). This design allowed us to move beyond con-
ventional single-area accuracy assessments and to explicitly
evaluate whether the proposed workflow satisfies operational
requirements for regional-scale deployment, a criterion that
is often overlooked in crop mapping studies focused solely
on classification accuracy.

Mech. Sci., 17, 469-480, 2026

(c) , . )
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This study establishes a bridge between remote sensing
cloud-computing and guidance systems for autonomous agri-
cultural machinery. It aims to fully exploit the application po-
tential of massive remote sensing data in the automated man-
agement of tobacco fields. The deployment scheme bridges
the gap between massive cloud computation and on-site au-

https://doi.org/10.5194/ms-17-469-2026



D. Zhao et al.: Mapping of fragmented tobacco fields for autonomous agriculture

(a) A

’, Changge Cit
Yuzhou City k ged i

- Jian'an District

{ =

Legend ;
CJBoundary 0 10 20 40 km
= Tobacco I I Y B |

Figure 6. Spatial distribution of tobacco plant in the study area.

Legend
CIBoundary
B Tobacco
== Crop
= Artificial surface
Bare land
Water body
B Other land categories

Figure 7. Tobacco plant region extraction result of Pingdingshan City.

tonomous operation. Specifically, the automated extraction
algorithm on GEE generates precision tobacco-field maps,
which are then transmitted to the on-board edge-computing
device via the GEE Python API. To handle plot fragmenta-
tion and potential network latency in remote smallholder ar-
eas, the system adopts a “cloud-predict, local-execute” strat-
egy. The extracted maps are converted into GeoJSON for-
mats and cached locally for real-time path planning through
CAN-bus integration, while RTK-GNSS ensures the machin-
ery aligns with the extracted field boundaries within a 5cm
tolerance.

The results clearly support the proposed hypothesis.
Among the three classifiers tested, random forest consis-
tently outperformed GBDDT and CART, achieving the high-
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est OA (93.08 %) and kappa coefficient (0.92) in Xuchang
City (Table 2). RF also produced the closest agreement with
official planting statistics, with a consistency ratio of 94.12 %
for tobacco acreage estimation (Table 3). These findings are
consistent with previous studies demonstrating the robust-
ness of ensemble classifiers for agricultural remote sens-
ing, particularly when handling high-dimensional and multi-
source inputs (Breiman, 2001; Clemente et al., 2020; Eis-
felder et al., 2024). Spatially, the RF-derived tobacco distri-
bution map captured both large contiguous planting areas and
small fragmented parcels (Fig. 5). The concentration of to-
bacco fields in Xiangcheng County closely matched known
agronomic conditions and production patterns, lending addi-
tional confidence to the classification results. Importantly, the
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RF model maintained high performance when transferred to
Pingdingshan City, achieving a 97.70 % consistency with sta-
tistical records (Fig. 6). This strong transferability indicates
that the learned feature—class relationships are not site spe-
cific but reflect generalisable characteristics of tobacco culti-
vation in the region.

A key novelty of this study lies not only in mapping
accuracy but also in the explicit coupling of cloud-based
crop mapping with edge-based autonomous machinery work-
flows. In conventional systems, field boundaries must be
manually delineated on on-board devices prior to operation,
an approach that is impractical in fragmented smallholder
regions (Fig. 8b). By contrast, the proposed framework au-
tomatically generates parcel-level tobacco maps on the GEE
cloud platform and delivers them to edge-computing units,
where they can be used for geo-fencing, path planning and
continuous autonomous operations across scattered fields
(Fig. 8a). This shift from manual local annotation to au-
tomated cloud-driven mapping represents a substantive ad-
vance over existing practices. It enables autonomous systems
to operate efficiently at the regional scale, reduces labour re-
quirements and provides a scalable foundation for integrat-
ing additional data streams, such as uncrewed aircraft vehi-
cle (UAV) imagery or in-field sensor observations. Benefiting
from advanced real-time object detection algorithms (Du et
al., 2025; Shi et al., 2023), UAVs can accurately avoid obsta-
cles in the field and execute rapid detection missions. For the
individual farmer, more precise managing could yield bet-
ter yields and quality. For managers, more detailed decisions
could be made based on the first-hand field information.

With the rapid development of Al technology, the acquisi-
tion of multi-modal field data, such as video and audio sig-
nals, can provide autonomous agricultural machinery with
richer datasets, thereby enabling more precise path planning.
Furthermore, in practical applications, since the algorithm
operates at the pixel level, the occurrence of fragmented
patch errors (often referred to as “salt-and-pepper” noise)
is inevitable. To mitigate these deviations, post-processing

steps can be implemented. For instance, a minimum area
threshold can be set as a filtering criterion, allowing the ma-
chinery to ignore smaller noise patches during field opera-
tions.

Focusing on Xuchang City — a principal tobacco-growing re-
gion in Henan Province — this study leveraged the GEE plat-
form to integrate multi-source remote sensing data (Sentinel-
1/2) with machine learning classifiers. A high-dimensional
feature set, comprising spectral bands, radar backscatter, veg-
etation indices, texture metrics and topographic variables,
was derived to drive three algorithms: RF, GBDT and CART.
These models were employed to map the 2023 tobacco-
planting area. Validation results indicated that RF outper-
formed the other models, achieving an OA of 93.08 % and
a kappa coefficient of 0.92, compared to GBDT (90.60 %,
0.89) and CART (87.60 %, 0.85). Regarding acreage estima-
tion, the RF model yielded the highest consistency (94.12 %)
with official statistics. Furthermore, the transferability of the
workflow was verified by applying the trained RF model
to the adjacent Pingdingshan City; the estimated area of
9096 ha deviated by only ~ 2.3 % from statistical records
(97.70 % consistency). The proposed method provides essen-
tial geospatial information for autonomous agricultural ma-
chinery and supports precision tobacco management.

The GEE code is available at https://code.
earthengine.google.com/e6batb8405d9b2239742fe18d5bf4d71
(last access: 15 April 2026).

All satellite data are freely available
at https://www.esa.int/Applications/Observing_the_Earth/
Copernicus/Sentinel-2 (last access: 15 April 2026).
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