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Highlights

What are the main findings?

e A 10-mresolution Arabica coffee distribution dataset covering the main production areas
of Yunnan, China, was developed based on Sentinel-2 imagery and terrain data, provid-
ing spatially explicit and up-to-date information in a complex mountainous environment.

e  The study establishes an operational object-based mapping workflow integrating
multi-seasonal spectral and topographic information, and identifies key seasonal
spectral features that consistently contribute to reliable coffee discrimination.

What are the implications of the main findings?

e  The proposed workflow offers a transferable and scalable framework for perennial
crop mapping in heterogeneous mountainous regions, supporting regional agricultural
monitoring and land management applications.

e  The high-resolution coffee distribution dataset provides an essential spatial baseline
for assessing land-use dynamics, ecological impacts, and the sustainability of coffee
expansion in southwestern China.

Abstract

Coffee, as a perennial commodity crop, plays a crucial role in global agricultural markets,
regional livelihoods, and poverty alleviation. Yunnan Province of China (21°8'-29°15'N)
represents the northernmost coffee-growing region worldwide, and its production has
gained increasing attention in international markets. However, the absence of a spatially
explicit and high-resolution coffee distribution dataset has constrained environmental
assessment, land-use analysis, and policy-making in this subtropical and marginal growing
region. In this study, we developed the first 10 m resolution Arabica coffee distribution
dataset for Yunnan Province for the year 2023 using Sentinel-2 optical imagery and Shuttle
Radar Topographic Mission (SRTM) terrain data within the Google Earth Engine (GEE) plat-
form. An object-based workflow was implemented to generate spatially coherent mapping
units, followed by supervised classification to identify coffee plantations. The resulting
map achieved an overall accuracy (OA) of 0.87, with user accuracy (UA), producer accuracy
(PA), and F1 score of 0.90, 0.96, and 0.93 for the coffee class, demonstrating its reliability for
regional-scale applications. Feature contribution analysis indicates that shortwave infrared
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(SWIR) and red-edge information, particularly during the dry season, plays an important
role in coffee discrimination. These results enhance confidence in the ecological relevance
and stability of the mapping framework. The proposed workflow provides a practical and
transferable approach for perennial crop mapping in complex mountainous environments.
More importantly, the generated high-resolution coffee distribution dataset establishes
a spatial baseline for monitoring land-use dynamics, assessing ecological impacts, and
supporting sustainable coffee development in southwestern China.

Keywords: coffee mapping; Yunnan; deep neural network; simple non-iterative clustering
segmentation

1. Introduction

Accurate spatial distribution information of crops is essential for crop yield estimation,
growth monitoring, disaster assessment, agricultural resource allocation, and the adjust-
ment of planting structures [1-3]. Economic crops not only meet human food demands
but also play a crucial role in promoting local economies and maintaining ecological bal-
ance [4]. Among these, coffee is one of the most valuable cash crops globally, ranking
first in yield, output value, and consumption among the three major beverage crops [5].
It holds significant importance in the global agricultural market, the supply chain, and
the livelihoods of millions of smallholder farmers [6]. Detailed, high-resolution maps of
coffee distribution are essential for understanding the driving factors behind local biodiver-
sity changes (e.g., deforestation), promoting sustainable development, improving supply
chain transparency, and analyzing the interactions between coffee cultivation and climate
change [7,8]. However, major coffee-producing regions worldwide generally lack publicly
available, high-resolution (better than 30 m) coffee distribution maps, hindering further
research and informed policy-making.

Currently, only a few coffee-growing regions, such as Indonesia, Mexico, and Vietnam,
have access to high-resolution coffee distribution data [9-11]. For instance, Tridawati used
pan-sharpened GeoEye-1, multi-temporal Sentinel-2, and digital elevation models (DEM)
to map coffee distribution in parts of Mount Puntang, Indonesia [11]. Maskell generated the
first 10 m resolution coffee map for Daklak Province, the primary coffee-growing region in
Vietnam, distinguishing between shaded coffee, open-field coffee, and newly planted coffee,
using Sentinel-1 and Sentinel-2 data along with terrain information [10]. Similarly, Escobar-
Lopez developed a dataset distinguishing between naturally shaded coffee and artificially
planted shaded coffee by integrating monthly Sentinel-1/2 data, climate data, and terrain
information during the dry season [9]. Despite these advancements, high-resolution coffee
distribution data remains scarce even among the top five coffee-producing countries.

Most current remote sensing-based coffee mapping studies rely on supervised clas-
sification methods, particularly random forest algorithms, to identify coffee plantations
using optical, radar, texture, seasonal, and terrain features derived from Sentinel-1 and
Sentinel-2 data [9,10]. However, these methods face significant challenges due to the
limited availability of ground control points [7]. Coffee is typically grown in steep, eco-
nomically underdeveloped mountainous regions, making field data collection particularly
difficult [10]. Furthermore, the fragmented nature of land parcels and the continuous
cloud cover during the coffee-growing season exacerbate the challenges of accurately map-
ping coffee plantations [9]. The steep topography also weakens radar signals, reducing
classification accuracy. Combining multi-source remote sensing data is considered an
effective solution to these issues by integrating complementary information from optical
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imagery, phenological patterns, and terrain features [7,12,13]. Given the altitude-dependent
nature of coffee cultivation, terrain characteristics such as elevation and slope are particu-
larly informative for classification [14,15]. The seasonal characteristics exhibited by coffee
due to phenology or agricultural management measures also increase its differentiation
from deciduous forests and evergreen broad-leaved forests, particularly between wet and
dry seasons.

In addition to the selection of classification features, classification methods also have
an impact on the accuracy of coffee remote sensing mapping. The targets of classification
in coffee mapping are mainly pixel-based, which often leads to salt and pepper noise in
the classification results due to the small size of coffee plots relative to other land cover
types under terrain influence [16,17]. In contrast, object-based classification approaches
segment pixels into meaningful objects based on spectral and spatial similarity, improving
classification accuracy by leveraging spatial continuity and homogeneity [7,18]. Moreover,
recent advances in deep learning algorithms and cloud computing platforms offer new
opportunities to enhance the accuracy and efficiency of coffee mapping. Deep learning
can automatically extract meaningful features from large datasets, while cloud platforms
like Google Earth Engine (GEE) simplify the acquisition and processing of remote sensing
images [19,20]. Despite their potential, these advanced methods have not been fully
exploited for coffee mapping.

Yunnan Province accounts for 98% of China’s coffee production and approximately
2% of the world’s total output [21]. Most Yunnan coffee is grown between 21° and 26°N at
elevations of 800-1500 m above sea level [22,23]. These geographic conditions give Yunnan
coffee distinctive qualities [24] but also expose it to environmental risks such as frost and
drought [25-27]. The unique ecological and agricultural characteristics of Yunnan’s coffee
industry offer valuable case studies for global coffee research and provide important op-
portunities for crop improvement and sustainable development [28]. As one of the region’s
main cash crops, coffee significantly contributes to local farmers” incomes. However, the
absence of reliable, high-resolution coffee distribution data limits the ability of govern-
ment agencies and researchers to conduct yield estimation, environmental monitoring, and
policy development.

In this study, we developed an operational object-based mapping workflow to produce
the first 10 m resolution coffee distribution dataset for Yunnan Province by integrating
multi-source remote sensing data within the Google Earth Engine (GEE) platform. Spatially
coherent image objects were generated using the Simple Non-Iterative Clustering (SNIC)
algorithm to reduce within-class spectral variability and improve the representativeness
of mapping units. Supervised classification was then conducted based on object-level
spectral and topographic features, and model performance was evaluated to ensure the
robustness of the resulting dataset. In addition, SHAP analysis was applied to assess feature
contributions and enhance the transparency and interpretability of the mapping results. The
resulting high-resolution coffee distribution map provides a spatially explicit baseline for
monitoring coffee expansion, assessing land-use dynamics, and evaluating ecological and
climatic impacts in this marginal growing region. By establishing a transferable and scalable
mapping workflow, this study supports future agricultural monitoring and sustainable
land management efforts in southwestern China.

2. Materials and Methods
2.1. Framework

In this study, we combined Sentinel-2 optimal data and SRTM topographic data to
generate a high-resolution coffee distribution map of Yunnan. The methodology involves
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four main steps (Figure 1): (1) data preparation, (2) object-based SNIC segmentation,
(3) Deep Neural Network (DNN) classification based on GEE, and (4) accuracy assessment.
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Figure 1. Framework for coffee mapping and validation.

2.2. Study Area

Yunnan is located in southwestern China (97°31'~106°11’E, 21°8'~29°15'N) and is
characterized by highly diverse terrain types, primarily consisting of plateau mountains
(Figure 2). The elevation ranges from 225 m to 6740 m above sea level. Coffee cultivation is
concentrated in five key administrative regions: Dehong Prefecture, Baoshan City, Lincang
City, Pu’er City, and Xishuangbanna Prefecture, situated in the southwestern part of the
province. These regions exhibit distinct vertical climatic characteristics, with temperature
decreasing with increasing altitude. The coffee-growing areas experience a subtropical
plateau monsoon climate [23], with an average temperature of 19~22 °C in the hottest
month (July) and 6~8 °C in the coldest month (January). The wet season occurs from
April to October, accounting for over 85% of the annual precipitation, while the dry season
spans from November to March, contributing only 15% of the annual rainfall [29]. The
county-level administrative divisions of the research area are shown in Figure S1.

The primary coffee variety cultivated in Yunnan is Arabica (Coffea arabica), and the
predominant planting method is open-canopy cultivation on large, high-altitude slopes.
Some coffee plots incorporate scattered shade trees, such as macadamia (Macadamia ternifolia
F. Muell.), while only a small fraction of the surveyed plots employ intercropping or fully
shaded planting systems. The phenological cycle of coffee is closely linked to the region’s
distinct dry and wet seasons [30]. Flowering typically begins in March as temperatures
rise. Following the onset of the rainy season in May, the flowers wither and fruit (coffee
cherries) begin to develop. During the dry season starting in November, the cherries ripen
and change color from green to yellow, orange, or red, marking the harvesting period. After
harvest, the coffee plants enter a dormancy and nutrient accumulation phase.
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Figure 2. Location of main coffee growing area in Yunnan province, China.

2.3. Data
2.3.1. Remote Sensing Data

We obtained Sentinel-2 (52) optical data from April 2023 to March 2024 and SRTM 30 m
DEM data from the GEE [20]. Sentinel-2 is a wide-swath, high-resolution multispectral
imaging mission with a global revisit frequency of five days [31]. Its Multispectral Instru-
ment (MSI) captures 13 spectral bands: visible and near-infrared at 10 m, red edge and
short-wave infrared (SWIR) at 20 m, and atmospheric correction bands at 60 m, providing
comprehensive data for monitoring vegetation, soil, and water changes [32].

For this study, we used the S2 Level-2A Surface Reflectance product
(https:/ /developers.google.com/earth-engine/datasets /catalog/COPERNICUS_S2_SR_
HARMONIZED, accessed on 1 May 2024), which has been atmospherically corrected
using the Sen2Cor algorithm [33,34]. To identify cloudy pixels, we employed the Sentinel-2
Cloud Probability (52C) product (https://developers.google.com/earth-engine/datasets/
catalog/COPERNICUS_S2_CLOUD_PROBABILITY, accessed on 1 May 2024), which pro-
vides a cloud probability value ranging from 0 to 100 at a 10 m resolution [35]. This product
offers higher spatial accuracy and greater flexibility than the original QA60 band of the
Sentinel-2 dataset. To mitigate the effects of cloud contamination, we applied a dual cloud
masking approach using the QA60 band [36,37] and the S2C product, where pixels with
cloud probabilities greater than 50% were classified as cloud-affected and excluded [34].
The bands (Table 1) we used included six 20 m resolution bands (red-edge bands, B5, B6,
B7 and B8A; short-wave infrared bands, B11 and B12) and four 10 m resolution bands (blue,
B2; green, B3; red, B4; and near-infrared, BS).
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Table 1. Sentinel-2 band information.

Feature Name Description Feature Name Description

Blue Blue band Re3 Red edge 3
Green Green band Nir Near-infrared

Red Red band Re4 Red edge 4
Rel Red edge 1 Swirl Shortwave infrared 1
Re2 Red edge 2 Swir2 Shortwave infrared 2

To capture the phenological characteristics of coffee, we tested multiple temporal
partitioning schemes to ensure adequate valid observations across the study area (Figure S2).
During the dry season, image availability was sufficient to allow one complete image
every month, with the exception of January and December where data gaps required
merging imagery from both months. For the rainy season, however, cloud cover is too
frequent to obtained any single cloud-free image for rainy-season months. Consequently,
all rainy-season images were aggregated into a single composite image to achieve complete
spatial coverage. Finally, we adopted a five-period segmentation approach that balances
temporal coverage and phenological representation. Each coffee growth cycle was divided
into the following periods: March (flowering onset), April to October (wet season, fruit
development), November (fruit maturation), December to January (ripening and early
dormancy), and February (late dormancy). We calculated the median value of the images
within each period to reduce the influence of outliers and extreme values.

The SRTM project (https:/ /developers.google.com/earth-engine /datasets/catalog/
USGS_SRTMGL1_003, accessed on 1 May 2024) provides digital elevation data at a near-
global scale, covering latitudes from 56°S to 60°N. From this dataset, we derived altitude
and slope information to incorporate terrain effects into the classification process. Although
aspect may influence local light and moisture conditions, field investigations revealed it
does not have a decisive impact on coffee distribution; therefore, we excluded it from the
predictive features.

2.3.2. Ground Samples

We conducted two field surveys in Yunnan Province during May and August 2023,
each lasting approximately two weeks. Using the Ovital Map v10.4.2 (https:/ /www.ovital.
com/), we collected a total of 3695 ground-truth plot polygons with detailed category
information (Table 2). These samples span a diverse range of terrains, vegetation types, and
land-use patterns, ensuring comprehensive representation of the study area’s ecological
and agricultural variability. To improve the accuracy of our classification, we collected
more samples in areas where coffee is grown, and paid special attention to collecting
samples of both coffee and non-coffee land features that are easily confused with coffee.
To avoid spatial autocorrelation of similar samples during classification, we strive to
ensure the integrity of the plots when drawing polygons and pay special attention to
collecting non-coffee plots around the coffee plots when collecting coffee polygons to
increase the representativeness of the samples. Meanwhile, we used the 2bulu app (https:
/ /www.2bulu.com/) to take photographic records, with over half of the plots having one
close-up and one distant photo each, while the majority of the remaining plots have at least
one on-site image, providing robust visual verification for ground-truthing (Table 3). Our
sample covers all coffee-growing towns in the study area. For areas that cannot be reached
in person, we use high-resolution images from Google Earth to assist in sample collection.
Because the goal of our model is only to distinguish between coffee and non-coffee, this
strategy can maximize the model’s ability to distinguish between coffee and non-coffee.
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Due to the large area of the polygon, using all 10 m grid data for modeling would
require too much computation, so we need to perform sampling. At the same time, our
polygon area varies, and larger polygons generate more sample points during sampling,
which may lead to unbalanced samples.

Table 2. Information of different land cover samples and model dataset.

Land Cover Type Binary Classification Scheme Polygon Numbers Total Area (km?) Training Points Testing Points

Coffee Coffee 938 14.44 13,613 5910
Cropland Non-coffee 816 15.89 12,641 3286
Sparse or low veg Non-coffee 734 20.47 16,780 4509

Dense veg Non-coffee 1028 120.8 36,574 10,504
Bare land Non-coffee 91 4.56 1930 787
Built-up Non-coffee 44 13.0 1795 465
Water Non-coffee 44 13.97 1711 494

Total 3695 203.13 85,044 25,955

Table 3. Land cover type with example high-resolution imagery from Google Earth imagery and
field photo.

Land Cover Image Photo

Pure coffee plot

Coffee plot with a
small amount of
nut shading trees

Rubber-covered
coffee plantation
with full shade
(Red polygon);
Pure rubber
(green polygon)
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Table 3. Cont.

Land Cover Image Photo

Rubber trees

Nuts

Mango field

Sugarcane field
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Table 3. Cont.

Land Cover

Image Photo

Tea

To avoid over sampling in large polygons, we set a maximum sample size by using a
threshold of polygon area. It yields a trade-off: when the threshold is low, there would be
more sample points generated from scattered small polygons, which may lead to a certain
degree of noise, making it difficult for the model to learn the classification features. If the
threshold is too high, polygons with larger areas generate an excessive number of sample
points, causing the features learned by the model to be concentrated in the corresponding
regions, thereby reducing the model’s generalization ability. To decide the potentially best
area threshold, we tested thresholds of 1, 2, and 3 hectares. By observing the accuracy
in classification results (Table S1), we ultimately determined the cutoff threshold to be
two hectares.

We also tested the impact of different sampling densities on model accuracy, including
one point per 1000 m?, 500 m?, and 300 m?. As the sample density increases, there is a
slight improvement in model accuracy (Table S2), possibly because more training samples
provide a more balanced class distribution, allowing the classifier to better learn features
from different classes and thus improve accuracy. Finally, we chose the sample point with
the highest accuracy of every 300 square meters.

When dividing the training and testing sets, a 1 km grid was first generated to cover
the entire study area. Each sample polygon was assigned to a corresponding grid cell
based on its geometric centre position, and the polygon areas within each grid cell were
calculated. To ensure a balanced distribution of sample categories, the grids were then
randomly divided into training and testing sets according to a ratio of 80% to 20% of the
total polygon area. At the same time, all sample points generated from the same polygon
are either used for training or for testing. Additionally, to maintain the representativeness
of different land cover types, the area ratio of polygons for each category between the
training and testing sets was controlled within a range of 4:1 to 6:4. Figure 3 shows the
position of the geometric center of the polygon used for training and testing.

2.3.3. Census Data

To further validate the accuracy of the generated coffee distribution map for 2023,
agricultural census data was collected from the statistical yearbooks of each county. This
data was accessed through the National Bureau of Statistics and the Yunnan Provincial
Bureau of Statistics website (http:/ /www.stats.gov.cn/, last accessed on 8 July 2024). The
census data provides independent, authoritative reference information for cross-validation
and supports the reliability assessment of the mapping results.
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Built-up Built-up
® Water O Water

Figure 3. Sample distribution.

2.4. Method
2.4.1. SNIC Segmentation

Simple Non-Iterative Clustering (SNIC) is an advanced super-pixel segmentation
algorithm derived from Simple Linear Iterative Clustering (SLIC). It offers advantages such
as lower memory consumption and faster processing speed, demonstrating significant
potential in land use and land cover classification, including crop mapping [38]. The SNIC
algorithm initiates the process by placing clustering seeds on a regular grid and assigns
pixels to super-pixel clusters based on their spatial and spectral distance from the seeds.
Subsequently, a priority queue is employed to iteratively cluster and update the centroid
positions, ensuring an efficient and adaptive segmentation process.

In this study, we applied the SNIC algorithm to the various spectral bands of the
five Sentinel-2 composite images, resulting in a total of 50 bands. To identify the optimal
parameters for accurately delineating coffee plots, we systematically adjusted the key
parameter of super-pixel size from 4 to 48 in increments of 4. Super-pixel size determines
the spatial interval between cluster seeds, directly affecting the granularity of the generated
segments. We use visual inspection together with the Intersection over Union (IoU) metrics
to decide the super-pixel size. As shown in Figure 4 below, when the segmentation sizes
were 4, 8, 12, and 16, the average IoU of all polygons were 0.27, 0.43, 0.34, and 0.28,
respectively. Correspondingly, we take the super-pixel size (8) with the largest IoU value
(0.43) in subsequent analyses, which provided the best balance between preserving the
integrity of small, fragmented coffee plots and avoiding the over-merging of distinct
land cover categories. This parameter effectively mitigated the fragmentation caused by
excessively small super-pixels while preventing the blending of heterogeneous regions
associated with larger super-pixels.

https://doi.org/10.3390 /1518060940


https://doi.org/10.3390/rs18060940

Remote Sens. 2026, 18, 940

11 0f 25

Super-pixel size
4 (loU=0.27) 8 (loU=0.43) 12 (loU=0.34) 16 (IoU=0.28)

o &

El‘

[ Coffee [ Cropland 1 Sparse veg [1 Dense veg Bare land

Figure 4. Comparison of different super-pixel size.

For the segmented images obtained, we extract training and testing data from the
sample point data to build a classification model, and use the best-performing model to
classify the segmented images. Since the values of pixels in the same band within the same
object become the same after segmentation, we are actually classifying the image at the
object level.

2.4.2. Deep Learning Classification

To predict the distribution of coffee, we employed a pixel-based universal deep neural
network (DNN) architecture (Figure 5). The median composites of Sentinel-2 images from
five different time periods were processed through a pre-processing network to extract
features conducive to coffee classification during each specific period. Specifically, the ten
spectral bands of each median composite image were input into the corresponding ten
nodes of the input layer. These inputs were then processed through two hidden layers
with 12 nodes each, followed by an output layer with 4 nodes to extract the spectral
features for each time period. The features derived from optical images were subsequently
concatenated with terrain features and passed through a final prediction network. This
prediction network consisted of three hidden layers with 16 nodes, 8 nodes and 4 nodes
each, ultimately producing the classification results.

Feature extraction for each composite

5 composites

12-node
—— §> 10-node  higden layer ~ 4-node E>

input layer output layer

10 bands 22Ns 16Ns 8Ns 4Ns

Sentinel-2

DEM, slope [ >

Figure 5. Deep Learning Network Architecture.

We explored different network structures and observed that directly inputting band
data and terrain features from all five time periods into a fully connected network reduced
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classification accuracy under the same parameter size. This suggests that the pre-processing
network effectively extracts time-specific features, enhancing model performance.

During the training phase, we adopted different loss functions based on the clas-
sification task. For binary classification problems, we used the Binary Cross Entropy
loss function, while for multi-class classification tasks, we applied the Cross-Entropy loss
function. The Adam optimizer was chosen for model optimization, as it combines the
advantages of both Momentum and RMSprop optimizers (Table 4). Specifically, Adam
calculates both the first-order moment estimate (momentum) and the second-order moment
estimate of the gradient, which leads to more stable and efficient convergence. We used the
default learning rate and weight decay settings provided by the PyTorch (v2.10.0) library.
The model was trained for a total of 200 epochs, which we found to be sufficient for the
evaluation metrics on the test set to reach a stable level.

Table 4. List of hyperparameters of DNN model.

Hyperparameter Value
Learning rate 0.001
Eps 1x10°8
Weight decay 0

After obtaining the training data, we used the PyTorch library in Python (v3.10.1) to
train the network parameters. Once the model was trained, we deployed the parameters
to a cloud platform to predict coffee categories using the Python API provided by GEE
and geemap (v0.36.1). Geemap is a Python package that facilitates interactive geospatial
analysis and visualization within the GEE environment and allows users to analyze and
visualize Earth Engine datasets interactively in a Jupyter v3-based environment. To further
evaluate the performance of the deep neural network (DNN), we also conducted a random
forest (RF) classification as a baseline comparison. The input data used for the DNN model
consists of 5 time periods of raw image bands and 2 terrain features, for a total of 52 input
features. Considering that machine learning models represented by random forests do not
have feature mining capabilities, we added commonly used vegetation indices relevant
to crop and coffee classification to the original input (Table 5), including the Normalized
Difference Vegetation Index (NDVI), Enhanced Vegetation Index (EVI), Green Chlorophyll
Vegetation Index (GCVI), Normalized Difference Water Index (NDWI), and Normalized
Difference Tillage Index (NDTI).

Table 5. List of spectral indices used for random forest classification.

Name Formula
ir—red
bV el
EVI 2.5x (nir—red)
((nir+-6xred—7.5xblue)+1)
GCVI g:le]gn 1
NDWI green—nir
green-+nir
NDTI swirl —swir2

swirl+swir2

2.4.3. Accuracy Assessment

To quantitatively evaluate the accuracy of our coffee distribution map, we used county-
level census data and ground truth samples. The confusion matrix, based on the testing
dataset, was employed to calculate key evaluation metrics (Table 6). These metrics include
overall accuracy, producer accuracy, user accuracy, and F1 score, which assess the model’s
performance in classifying coffee distribution at various levels of certainty.
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Table 6. Evaluation metrics.
Metric Description
True Positive (TP) Correctly extracted coffee sample points
False Positive (FP) Background misclassified as coffee
True Negative (TN) Sample points correctly categorized as background
False Negative (FN) Coffee points misclassified as background
(TP + TN) /(TP + FP + TN + FN)
Overall Accuracy (OA) Proportion of correctly recognized coffee and
background
. TP/(TP + FP)
User Accuracy /Precision (UA) Proportion of real coffee in the results
TP/(TP + EN)

Producer Accuracy/Recall (PA) Proportion of extracted Coffee in validation data

2 x TP/(2 x TP + FP + FN)

F1 Score Weighted average of the precision and the recall

Additionally, the coefficient of determination (R?) was computed to assess the corre-
lation between the mapped coffee areas and the census data. The R? value is calculated
using the following equation:

n

R2 —1— i:l(si B yi)z (1)
Y (si _5)2

where s; and y; represents the statistical (census-based) and mapped coffee area for the
county i, 5 is the average statistical area, and n represents the total number of counties.

Finally, confusion matrices were generated based on the predicted coffee areas and
the ground truth data to evaluate the classification performance and identify any potential
misclassifications between coffee and non-coffee areas. These matrices were instrumental
in providing a detailed breakdown of classification errors.

2.4.4. Feature Importance Analysis Using SHAP

To interpret the decision-making process of the deep neural network and to identify
the key features contributing to coffee distribution mapping, we employed the SHapley Ad-
ditive exPlanations (SHAP) framework. SHAP is a game-theoretic approach that quantifies
the contribution of each input feature to the model prediction by attributing the difference
between the model output and its expected value to individual features.

In this study, SHAP analysis was conducted at both global and feature-response levels.
First, a SHAP bar plot was generated to evaluate the global importance of all input features.
The importance of each feature was quantified as the mean absolute SHAP value across all
test samples, which reflects its overall contribution to the model predictions regardless of
direction. This global ranking allowed us to identify the most influential spectral bands
and vegetation indices derived from dry- and wet-season Sentinel-2 composite images.

Based on the global SHAP importance ranking, the top four most important features
were selected for further analysis. For each of these features, SHAP dependence plots were
generated to examine the relationship between feature values and their corresponding
SHAP values. The dependence plots illustrate how variations in a specific feature influence
the model output while implicitly accounting for interactions with other features. This
analysis provides insights into the nonlinear and potentially non-monotonic responses
learned by the deep neural network.

By combining the SHAP bar plot and the SHAP dependence plots, the proposed ap-
proach enables a comprehensive interpretation of the model behavior, including both the
relative importance of input features and their detailed response patterns. This interpretability
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analysis helps to reveal the spectral and seasonal characteristics that are most relevant for
distinguishing coffee plantations from other land cover types in Yunnan Province.

3. Results
3.1. Coffee Distribution Map

To enhance the visual representation of the coffee distribution, we resampled the
10 m-resolution coffee distribution data to a 1 km grid (Figure 6), which offers a more
intuitive visual understanding of the coffee distribution across the region. The results
reveal that coffee cultivation is not uniformly distributed across the study area but is highly
concentrated in the dry hot valley regions.

Coffee area (ha)

| EE
B 1030
I s-10
E s 0 50
<1 L ]

Figure 6. Map of coffee distribution derived from object-based DNN classification in 2023 (aggregate
from 10 m grids to 1 km grids). “a’~’d’ corresponds to the verification locations in figures below.

3.2. Validation

The generated coffee maps were evaluated from three aspects: (1) the overall classifi-
cation accuracy on the testing data (Table 7), (2) the consistency between the mapped coffee
planting area and the areas recorded in the statistical yearbooks (Figure 7), and (3) the com-
parison between the mapping results and ground control polygons using high-resolution
images (Figures 8 and 9).

Table 7. Comparison of classification accuracy under different classification methods and number

of categories.
Method Categories OA UA PA F1
RF 2 0.81 0.84 0.47 0.6
RF 7 0.79 0.72 0.58 0.65
DNN 2 0.87 0.90 0.96 0.93
DNN 7 0.86 0.91 0.93 0.92
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Figure 7. Comparison of coffee areas with statistics of 2023 at the county level (solid and dashed lines
represent 1:1 reference line).

a.98.82°E, 25.02°N

b.99.43°E, 22.23°N 0 2km

- Extracted Coffee D Coffee D Cropland Sparse Veg D Dense Veg

Figure 8. Details of coffee distribution compared with high-resolution image in site (a,b) shown in
Figure 6 (left: high-resolution image with sample polygon; right: extracted coffee distribution).
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a. 100.44°E, 22.55°N

- Extracted Coffee D Coffee D Cropland Sparse Veg D Dense Veg

Figure 9. Details of coffee distribution compared with high-resolution image. (a) site ¢ shown in
Figure 6. (b) site d shown in Figure 6. (left: high-resolution image with sample polygon; right:
extracted coffee distribution).

Using SNIC segmentation with super-pixel size of 8 and DNN, the model achieved
overall accuracy (OA) of 0.87, user accuracy (UA) of 0.90, producer accuracy (PA) of 0.96,
an F1 score of 0.93, and an AUC of 0.96 (Figure S3). These results indicate a high level
of classification performance. Compared to random forest classification, the DNN model
significantly improved accuracy. Random forest, on the other hand, is more sensitive to the
number of classification categories. As the number of categories decreases, the accuracy
of the classification tends to decrease when multiple non-coffee categories are merged
into one. The confusion matrix of the multi class model is shown in Tables S1 and S2. In
contrast, the DNN model is less affected by the number of categories, offering more stable
classification accuracy.

To assess the accuracy of our coffee distribution map, we compared the coffee-planting
areas derived from our annual coffee maps with the records found in the 2023 statistical
yearbooks. As shown in Figure 7, the coefficient of determination (R?) is 0.841 in 2023,
which demonstrates a reasonable level of consistency between our mapped data and the
statistical records. However, when comparing the mapped coffee planting area with the
figures in the statistical yearbook, we found that in most counties, the mapped areas were
smaller than those recorded in the yearbook. This suggests that some coffee plots were not
identified in the mapping process. There are several possible reasons for this discrepancy:
first, some coffee plots are small and scattered, with spectral characteristics that closely
resemble surrounding vegetation, making them challenging to distinguish. Second, in
certain plots, the density of natural shade trees is high, which can obscure the spectral
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signals of the coffee plants. This issue is more prevalent in remote northern areas where
coffee cultivation has a longer history and where planting techniques are relatively less
advanced. Lastly, some plots have lower coffee planting densities or involve intercropping
with other crops, reducing the clarity of the coffee’s spectral signature (Figure S4), especially
in southern regions with higher coffee cultivation, such as part of the unextracted coffee in
the northwest corner plot in Figure 8a.

3.3. Feature Importance Analysis Result

The global SHAP feature importance analysis reveals that the most influential variables
for coffee distribution mapping in Yunnan Province are dominated by Sentinel-2 shortwave
infrared (SWIR) and red-edge bands, with clear seasonal distinctions. The top eight features,
ranked by the mean absolute SHAP values, are swirl_Nov, rel_Feb, swirl_Feb, re2_AprToOct,
swir2_Nov, re2_Nov, swir2_Feb, and re3_Nov (Figure 10).

swir1_Nov
re1_Feb
swirl_Feb
re2_AprToOct
swir2_Nov
re2_Nov
swir2_Feb

re3_Nov

0.00 0.02 0.04 0.06 0.08 0.10 0.12 0.14 0.16
mean(|SHAP value|)

Figure 10. Global importance of the top eight important features. “AprToOct’ represents the composite
image from April to October, ‘Nov’ represents the composite image of November, and ‘Feb’ represents
the composite image of February.

Among these features, SWIR bands (SWIR1 and SWIR2) account for five out of the
eight most important variables, indicating that moisture-related spectral information plays
a dominant role in the discrimination of coffee plantations. In particular, swirl_Nov
(November composite) and swirl_Feb (February composite) exhibit the highest contri-
butions, highlighting the importance of dry-season canopy and soil moisture conditions for
coffee identification.

Red-edge features also show strong importance across different seasonal composites.
The presence of rel_Feb, re2_AprToOct, re2_Nov, and re3_Nov among the top-ranked fea-
tures suggests that vegetation structural and chlorophyll-related information is critical
for distinguishing coffee plantations from other land cover types. Notably, red-edge fea-
tures derived from both the wet season (April-October) and dry season (November and
February) contribute substantially to the model predictions.

Seasonal analysis of the selected features indicates that dry-season composites (Novem-
ber and February) contribute more prominently to the global feature importance than the
wet-season composite. This pattern implies that spectral differences between coffee plan-
tations and surrounding vegetation are more pronounced during the dry season, when
phenological and moisture contrasts are enhanced.
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SHAP dependence plots for the top eight features further illustrate their nonlinear
relationships with model predictions. Several SWIR-related features exhibit non-monotonic
response patterns, reflecting the heterogeneous moisture conditions and management
practices of coffee plantations in Yunnan Province. Red-edge features show clear sensitivity
to variations in vegetation structure and physiological status, reinforcing their role in
coffee discrimination.

The SHAP dependence plot for swirl_Nov exhibits a clear U-shaped pattern (Figure 11),
indicating that both low and high SWIR1 values in November contribute positively to the
model’s coffee predictions, whereas intermediate values tend to have lower SHAP contri-
butions. This non-monotonic relationship suggests that coffee plantations are associated
with heterogeneous moisture-related spectral responses during the early dry season.
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Figure 11. SHAP dependence plot for the top 4 important features. (a) swirl in November; (b) rel in
February; (c) swirl in February; and (d) re2 from April to October.

The dependence plot of rel_Feb also shows a pronounced U-shaped response, with
positive SHAP values observed at both lower and higher red-edge reflectance levels in
February. This pattern indicates that variations in vegetation structure or chlorophyll-
related properties under different canopy and management conditions can both support
coffee discrimination during the late dry season.

For swirl_Feb, a similar U-shaped dependence is observed, with increased SHAP
values at both extremes of SWIRI1 reflectance in February. Compared with the Novem-
ber composite, the February SWIR1 feature shows a wider range of high SHAP values,
suggesting enhanced spectral separability of coffee plantations under more pronounced
dry-season conditions.

The SHAP dependence plot of re2_AprIoOct derived from the wet-season composite
(April-October) reveals a U-shaped relationship as well. Although overall SHAP magni-
tudes are lower than those of dry-season features, both low and high red-edge values still
contribute positively to coffee predictions, indicating that structural variability of coffee
canopies persists during the wet season.
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4. Discussion
4.1. Potential Values of the Coffee Distribution Map in Yunnan, China

By integrating Sentinel-2 multi-spectral imagery with DEM-derived topographic data,
this study has produced the first high-precision coffee distribution map for the entirety
of Yunnan Province in 2023. This achievement fills a critical gap in spatially refined data
for China’s coffee-growing regions and provides an essential academic supplement to the
global coffee distribution dataset, enabling international researchers to objectively examine
the expansion of coffee into the tropical and subtropical fringes of East Asia.

The scientific value of this dataset extends across multiple disciplines, particularly in
agricultural monitoring, climate change, and landscape ecology. Researchers can leverage
this high-resolution map to track the regional expansion of cultivation [39—42], investigate
how shifting climate envelopes influence planting suitability [43], and analyze the envi-
ronmental signatures of different cultivation zones [44]. Furthermore, given the strong
correlation between coffee expansion and environmental concerns—such as potential de-
forestation, land degradation, and biodiversity loss in sensitive watersheds—this dataset
provides a spatial baseline for ecologists to explore the interactions between coffee agroe-
cosystems and surrounding natural habitats [45]. While the current map does not yet
differentiate between various planting densities or shading methods, it provides a “base
map” that can be refined with supplementary high-resolution data for nuanced analyses of
complex agroforestry patterns.

At the practical level, the spatial information provided here is foundational for the
transformation and upgrading of Yunnan’s coffee industry. As the region shifts toward
a “premium bean” strategy, accurate distribution data becomes indispensable for imple-
menting standardized management, assessing climate risks, and securing geographical
indication (GI) protections. Furthermore, this dataset supports sustainable development
and agricultural policy research. Government and non-governmental organizations can
utilize these findings to formulate more rational cultivation strategies, optimize resource
allocation, and enhance productivity through rigorous monitoring of land-use changes.
Ultimately, this work marks a transition from traditional statistical estimation to precise,
spatially explicit management for the Chinese coffee industry, aligning it with international
standards of supply chain transparency and environmental accountability [46].

4.2. Advantages of Object-Based Deep Learning for Coffee Mapping

Our study demonstrates that the integration of object-based image segmentation and
deep learning provides an effective framework for coffee plantation mapping in Yunnan
Province. By applying the Simple Non-Iterative Clustering (SNIC) algorithm to Sentinel-2
composite images prior to model training, spatially coherent image objects were generated,
which better represent the structural characteristics of coffee plantations compared to
merely pixel-based approaches. Coffee plantations in Yunnan are typically characterized
by irregular shapes, mixed canopy structures, and varying degrees of shading, which can
be more effectively captured at the object level.

Our framework—based on Sentinel-2 imagery, SRTM terrain features, SNIC segmen-
tation, and a deep neural network (DNN)—achieved UA, PA, and F1-scores of 0.90, 0.96,
and 0.93, respectively, for the coffee class across the main production areas of Yunnan
Province. Notably, the producer’s accuracy (0.96) and F1-score (0.93) exceed those reported
in previous studies, despite relying on fewer data sources. For instance, Maskell mapped
coffee in Dak Lak, Vietnam, using Sentinel-1, Sentinel-2, and SRTM-derived terrain features,
achieving a user’s accuracy (UA), producer’s accuracy (PA), and Fl-score of 0.89, 0.66,
and 0.76 for the coffee class [10]. Escobar-Lépez integrated Sentinel-1, Sentinel-2, ALOS
PALSAR, SRTM elevation, and climatic variables to map coffee in the Sierra Madre de
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Chiapas, Mexico, reporting UA, PA, and Fl-scores of 0.92, 0.89, and 0.90 [9]. Similarly,
Tridawati combined pan-sharpened GeoEye-1, multi-temporal Sentinel-2, and DEM data
to map coffee in Mt. Puntang, Indonesia, achieving UA, PA, and Fl-scores of 0.90, 0.92,
and 0.91 [11].

Two methodological factors likely contributed to this performance gain. First, object-
based segmentation using the SNIC algorithm aggregates spectrally homogeneous pixels
into spatially coherent units prior to classification. Object-based image analysis has been
widely recognized as advantageous for heterogeneous vegetation mapping because it
reduces within-class spectral noise and better captures structural patterns [17,47,48]. In
mountainous coffee-growing regions, plantations often exhibit irregular boundaries, mixed
canopy structures, and terrain-induced illumination differences. By shifting the classifica-
tion unit from pixel to object, the model better represents plantation-scale characteristics
rather than isolated spectral responses, thereby mitigating the salt-and-pepper effect com-
monly observed in pixel-based RF classifications.

Second, the DNN classifier enhances the capacity to model nonlinear feature interac-
tions among multi-seasonal spectral bands and topographic variables. While RF is robust
and widely used in crop mapping [49], it relies on ensemble decision trees that partition
the feature space through axis-aligned splits. In contrast, deep neural networks can learn
high-dimensional nonlinear relationships and hierarchical representations, which are par-
ticularly relevant for perennial crops such as coffee that exhibit substantial intra-class
variability due to management practices, canopy density differences, elevation gradients,
and seasonal phenology [19,50,51]. The higher PA and Fl-score obtained in this study
suggest that the object-based DNN framework is better suited to capturing these complex
and heterogeneous spectral patterns.

Overall, the results indicate that integrating object-based segmentation with deep
learning provides measurable advantages over traditional pixel-based RF approaches in
coffee mapping, even without incorporating radar or climate datasets. This framework
offers a scalable and data-efficient solution for high-resolution perennial crop mapping in
topographically complex environments.

4.3. Important Feature in Coffee Mapping According to SHAP Analysis

SHAP-based feature importance analysis offered deeper insights into the biophysical
drivers of coffee distribution in Yunnan. The most influential variables in our model
were November SWIR1, February red-edge band 1 (rel), February SWIR1, and wet-season
(April-October) red-edge band 2 (re2). These findings underscore the critical role of both
shortwave infrared (SWIR) and red-edge spectral regions, particularly during the dry-to-
early growing season transition, in accurately mapping Arabica coffee plants.

Our findings further reveal that dry-season canopy dynamics are central to coffee
mapping, as evidenced by the strong influence of November and February SWIR1. SWIR
bands are highly sensitive to leaf water content and internal canopy structure, making
them effective for detecting differences in perennial crop vigor and management inten-
sity [52]. In subtropical mountainous regions such as Yunnan, coffee plants often experience
pronounced dry-season water stress, which can enhance spectral separability from sur-
rounding evergreen forests or other crops. This interpretation is supported by research
in Mexico [9], where SWIR reflectance (B11) during the dry-to-wet transition (April-May)
proved critical for coffee classification, highlighting the relevance of moisture-sensitive
wavelengths during transitional phenological stages.

The importance of red-edge bands (rel and re2) further underscores the role of chloro-
phyll content and canopy physiological condition in coffee mapping. Sentinel-2 red-edge
bands are widely recognized for their sensitivity to subtle variations in vegetation health
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and bio-mass [53]. This is consistent with work in Mexico that January NIR (B8, BSA) and
red-edge bands (B5, B7) were dominant predictors in the Sierra Madre de Chiapas [9],
indicating that chlorophyll-related signals are consistently important for coffee mapping
across regions. Our SHAP results not only align with these findings but also extend them
by showing that red-edge importance extends into the wet season (April-October). This
suggests that sustained canopy vigor differences during peak growth periods contribute to
improved separability in Yunnan.

In contrast, studies in Vietnam and Indonesia emphasize somewhat different feature
importance patterns, underscoring the role of geographic context. In Dak Lak, dry-season
NDTI, wet-season red-edge (re2), radar texture (GLCM IDM from descending VH), and ele-
vation were identified as key variables, highlighting the contribution of soil exposure and
canopy texture information [10]. In Mt. Puntang, Indonesia, that elevation and slope were
reported to be dominant predictors, followed by dry-season humidity and visible bands
(blue and green) [11]. These results suggest that topographic gradients and microclimatic
controls can strongly shape coffee distribution in certain mountainous landscapes. While
elevation did not rank among the top SHAP features in our Yunnan model, terrain infor-
mation was included and likely contributed indirectly through interactions with spectral
variables. The relatively lower standalone importance of topographic features in Yunnan
may reflect the broader spatial extent and more heterogeneous plantation conditions, where
spectral-phenological signals dominate over purely topographic constraints.

4.4. Limitation

Although our coffee mapping model demonstrates high accuracy compared to existing
remote sensing-based coffee mapping models, there are still some uncertainties, which are
reflected in the consistent estimation of coffee areas compared to census data.

The main sources of the uncertainties are the low quality and low availability of
remote sensing data, as well as the feature mining capabilities of the coffee mapping model.
Due to the limitation of remote sensing image resolution and contamination in cloudy or
rainy days, our model exhibits certain limitations in identifying coffee crops in areas with
unclear land boundaries or mixed planting, as well as in fragmented or obscured coffee
plots (with a plot width of less than 10 m). In the future, higher resolution data sources
such as PlanetScope can be combined. Meanwhile, fully connected neural networks have
not been optimized for specific data structures. In the future, Transformer-based networks
can be introduced to uniformly process time series of images of different lengths in tropical
regions, in order to efficiently and comprehensively mine effective information. In part, the
discrepancy may stem from the limited availability and low quality of statistical data on
economic crops in underdeveloped mountainous regions. These data are often spatially
coarse, outdated, inconsistently collected, and lack transparency. Without remote sensing or
geospatial calibration, official estimates may misrepresent actual planting areas. Thus, our
mapping results should complement, rather than replace, statistical data to better support
policy-making and agricultural management.

5. Conclusions

This study produced the first 10 m resolution, regional-scale coffee plantation distribu-
tion dataset for Yunnan Province, China, for the year 2023, based on Sentinel-2 imagery
and SRTM topographic data within the Google Earth Engine platform. By implementing
an object-based mapping workflow and supervised classification, we generated a spatially
explicit and internally validated coffee map with an overall accuracy of 0.87 and an F1 score
of 0.93 for the coffee class. These results indicate that the dataset is sufficiently reliable for
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regional-scale agricultural and environmental applications in complex mountainous land-
scapes.

Feature contribution analysis suggests that shortwave infrared and red-edge informa-
tion, particularly during the dry season, plays an important role in coffee discrimination.
This finding enhances confidence in the ecological relevance and stability of the mapping
results and provides useful guidance for future perennial crop monitoring efforts.

Beyond the 2023 snapshot, the workflow established in this study is designed to be
operational and reproducible, enabling future updates and the development of multi-
annual time series products. The resulting high-resolution coffee distribution dataset
provides a foundational spatial baseline for monitoring plantation expansion, assessing
land-use and ecological impacts, and supporting sustainable coffee development in Yunnan.
We expect that this dataset and workflow will serve as practical tools for researchers, land
managers, policymakers, and industry stakeholders engaged in agricultural planning and
environmental management in southwestern China.
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