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Abstract—EcoCropsAID is an aerial imagery dataset created
to address persistent challenges in agricultural land-use classi-
fication in Thailand. It contains 5,400 RGB images captured
with Google Earth between 2014 and 2018 and covers five
economically significant crops: rice, sugarcane, cassava, rubber,
and longan. Images were acquired across three phenological
stages including early cultivation, growth, and harvest, capturing
substantial intra-class variability and notable inter-class similar-
ity that reflect real-world classification complexity. In contrast to
prior datasets that often relied on lower-resolution satellite data,
EcoCropsAID is designed for crop-type classification from high-
resolution aerial imagery, providing the spatial detail necessary
for accurate identification in heterogeneous agricultural land-
scapes. The dataset addresses common limitations in agricultural
remote sensing, including spectral confusion, seasonal variability,
and restricted transferability of models trained on geographically
constrained data. As a baseline, an ensemble of CNNs achieved
92.80% accuracy on EcoCropsAID. The dataset supports the
development of robust feature-extraction methods and serves as
a benchmark for state-of-the-art deep learning models.

Index Terms—aerial image, computer vision, deep learning,
economic crops, feature extraction, land use and land cover, land
use classification, satellite image

I. INTRODUCTION

Accurate land use and land cover classification is funda-
mental for food security planning, agricultural monitoring,
habitat conservation, and climate change mitigation. However,
achieving high accuracy remains challenging in regions un-
dergoing rapid land transformation. Agricultural landscapes
often exhibit substantial spectral and spatial heterogeneity,
particularly in mosaicked rural environments where cropland,
fallow fields, and mixed vegetation classes display significant
spectral overlap, reducing map reliability for decision-making
[1].

While deep learning approaches have advanced remote
sensing applications, aerial and very high-resolution imagery

979-8-3315-0217-1/25/$31.00 ©2025 IEEE

present persistent challenges. Temporal variability poses a pri-
mary difficulty. Phenological dynamics and seasonal changes
cause appearance shifts that compromise single-date model
performance [2]. Crops at different growth stages can shift
spectral distributions beyond training data ranges, leading
to misclassification at unfamiliar phenological phases. Multi-
temporal approaches help address this issue but require
datasets that capture diverse growth stages.

Data scarcity and geographic constraints pose significant
challenges for agricultural land classification. Annotated sam-
ples are frequently scarce or exhibit class imbalance, which
limits the development of reliable classifiers. When deployed
in new regions, models trained on geographically restricted
datasets often demonstrate reduced accuracy because soil
properties, climate patterns, and farming practices vary across
locations, altering the spectral and spatial characteristics of
crops [3], [4]. These issues emphasize the need for com-
prehensive datasets representing diverse crop types, pheno-
logical stages, and spatial contexts under realistic imaging
conditions. Integration of complementary observations, such
as multi-temporal optical data or synthetic aperture radar,
can strengthen class discrimination [5], and aerial imagery
acquired under varied conditions enables models to extract
spatial patterns that extend beyond spectral signatures [4].

Thailand’s agricultural sector is a major global producer
of rice, cassava, rubber, and sugarcane, making accurate crop
classification critical for regional food security and export
planning. EcoCropsAID addresses the need for comprehensive
agricultural benchmarks in Southeast Asia. The dataset focuses
on five economically important crop types (rice, sugarcane,
cassava, rubber, and longan) captured through aerial imagery
collected over multiple years (2014–2018) and across three
phenological stages: cultivation, growth, and harvest. With a
relatively even distribution across classes, the dataset provides
balanced representation that facilitates fair model evaluation.
The imagery exhibits natural variation in resolution, illu-
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mination, and atmospheric conditions typical of operational
monitoring, enabling realistic assessment of model robustness
in deployment.

II. RELATED WORK

A limited number of aerial image datasets have been
developed for agricultural applications, primarily targeting
pattern analysis and segmentation tasks. Prominent exam-
ples include Agriculture-Vision [6] and the subsequent Ex-
tended Agriculture-Vision [7], which provide high-resolution
RGB+NIR imagery annotated with field anomalies and full-
field layouts and have become benchmarks for semantic
segmentation in agricultural landscapes. The Agriculture-
Vision dataset comprises nearly 95,000 high-resolution aerial
images covering thousands of farmlands across the United
States, with both RGB and NIR channels at approximately
10 cm resolution [6]. Building upon the original dataset,
Extended Agriculture-Vision adds 3,600 full-field RGB+NIR
images, releases raw imagery for pre-training, and explores
self-supervised and contrastive learning methods to improve
agricultural pattern recognition [7]. However, these resources
focus primarily on anomaly detection and field boundary
segmentation rather than crop-type classification, which limits
direct applicability to regional crop mapping and monitoring.

In addition, classification-oriented datasets such as the
Canadian Cropland Dataset [8] emphasize multitemporal land
cover classification rather than anomaly segmentation. This
dataset includes over 78,000 geo-referenced patches (640 ×
640 m at 10 m resolution) from the Canadian Annual Crop
Inventory across four growing seasons (2017–2020) and five
months per year. Each patch contains 12 spectral bands plus
derived vegetation indices, and benchmark models using both
single-image and multi-image time series inputs are provided
to facilitate crop classification research. While the Canadian
Cropland Dataset addresses crop-type labeling, reliance on
medium-resolution satellite imagery can limit delineation of
small fields and fine-scale spatial patterns found in heteroge-
neous agricultural regions.

III. RESEARCH GAP AND CONTRIBUTIONS

Existing datasets are typically divided into two categories:
(i) segmentation-oriented resources with anomaly/layout la-
bels but without crop-type annotations; and (ii) classification-
oriented resources with crop-type labels derived from multi-
temporal satellite data at medium spatial resolution. EcoCrop-
sAID complements these efforts by providing: (1) crop-type
annotations for five economically important classes (rice,
sugarcane, cassava, rubber, longan) in northeastern Thailand;
(2) multi-year imagery aligned with three phenological stages
(cultivation, growth, harvest) to represent temporal variability;
(3) standardized RGB image patches suitable for methods that
do not rely on multispectral inputs; and (4) an openly available
dataset to support reproducible benchmarking in agricultural
land-use classification.

(a) (b)

Fig. 1: Northeastern region of Thailand: (a) national map and
(b) enlarged northeastern region.

IV. BACKGROUND

Thailand is a major global exporter of key economic crops,
including rice, cassava, sugarcane, rubber, palm oil, longan,
and animal-feed corn. The cultivation of these crops has
expanded across all regions of the country, closely linked
to national land use planning policies. Land use planning in
Thailand is overseen by the government and involves both
the management of public land and the regulation of privately
owned areas [9], [10]. The integration of advanced technolo-
gies for monitoring crop cultivation offers an effective means
of optimizing land use and managing water resources, thereby
ensuring a stable and sufficient water supply for agricultural
production.

This study focuses on economic crop cultivation areas in
the northeastern region of Thailand, as shown in Fig. 1. Deep
learning algorithms are employed to classify land use from
satellite imagery, with particular emphasis on five economi-
cally significant crops: rice, sugarcane, cassava, rubber, and
longan. The regional map was generated using land cover
and land use data provided by Potapov et al. [11]. Aerial
imagery was collected using the Google Earth platform, which
aggregates data from multiple remote sensing systems. Due to
the integration of imagery from diverse sensors and acquisition
conditions, the dataset exhibits notable variations in spatial
resolution, spectral characteristics, and image contrast.

V. ECOCROPSAID DATASET

The EcoCropsAID dataset is a comprehensive resource for
interdisciplinary research across remote sensing, geoinformat-
ics, artificial intelligence, and computer vision. EcoCropsAID
captures diverse phenological phases over multiple years and
enables the development and evaluation of advanced deep
learning architectures for agricultural monitoring.

Nationwide land use information in Thailand is avail-
able through the Agri-Map Online platform (https://
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Fig. 2: The Agri-Map Online platform, developed by the
Ministry of Agriculture and Cooperatives in collaboration with
the National Electronics and Computer Technology Center.

agri-map-online.moac.go.th), as shown in Fig. 2, which pro-
vides detailed spatial layers to support agricultural planning
and policy development. Using this resource as a reference,
aerial imagery was collected via Google Earth between 2014
and 2018 at a zoom level corresponding to an approximate
ground sampling distance of 50 m per pixel. Data collection
targeted five economically important crop types: rice, sugar-
cane, cassava, rubber, and longan, across three phenological
stages: cultivation, growth, and harvest. The dataset covers
multiple provinces in the northeastern region of Thailand
(14◦14′–18◦27′ N, 101◦15′–105◦35′ E).

EcoCropsAID comprises 5,400 RGB images in JPEG for-
mat, standardized to 600×600 pixels and distributed relatively
evenly across classes (1,028–1,216 images per crop), which
supports balanced evaluation. The use of Google Earth, which
aggregates imagery from multiple remote sensing platforms,
introduces variation in spatial resolution, spectral properties,
and contrast. Representative samples are shown in Fig. 3,
and class distribution is presented in Fig. 4. The dataset is
publicly available via the Mendeley Data repository (DOI:
https://doi.org/10.17632/g8fhf7fbds.2) [12], enabling repro-
ducible research in computer vision and geospatial analytics
for agricultural applications.

Moreover, the dataset presents significant classification chal-
lenges stemming from substantial inter-class spectral similarity
and pronounced intra-class variability. Inter-class similarity
manifests when different crop types exhibit comparable visual
characteristics due to similar phenological stages, cultivation
practices, or environmental conditions. This leads to potential
misclassification between categories such as rice and sugar-
cane during early growth phases (see Fig. 5). Conversely,
intra-class variability occurs within individual crop categories,
where the same crop type displays diverse visual patterns
due to varying growth stages, management techniques, soil
conditions, imaging conditions, and seasonal variations. This
heterogeneity is exemplified by the diverse appearance patterns

(a) (b)

(c) (d)

(e)

Fig. 3: Aerial images of economic crops in the EcoCropsAID
dataset: (a) rice, (b) sugarcane, (c) cassava, (d) rubber, and (e)
longan.

observed within longan plantations (see Fig. 6). These dual
challenges create a complex classification scenario where
traditional spectral-based approaches may struggle to distin-
guish between visually similar crops while simultaneously
maintaining consistency within highly variable crop categories,
thereby requiring robust feature extraction and classification
methodologies.

VI. EXPERIMENTAL DESIGN AND METHODS

A. Baseline Performance

Noppitak and Surinta [13] established a baseline for
EcoCropsAID by fine tuned eight CNN architectures:
VGG16, VGG19, NASNetLarge, ResNet152V2, Xception,
DenseNet201, MobileNetV2, and InceptionResNetV2. The
dataset was partitioned into training and test sets in an
80%/20% split. To address substantial intra class variability
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Fig. 4: The number of aerial images for each economic crop
in the EcoCropsAID dataset.

(a) (b)

(c) (d)

Fig. 5: Challenges in classifying aerial images in the EcoCrop-
sAID dataset due to inter-class similarities between (a) longan
and (b) rubber, and between (c) sugarcane and (d) rice.

and phenological diversity, online data augmentation was
applied during training, including rotation, width shift, and
height shift. The best single model was VGG16, which
achieved 87.57% accuracy. A weighted-average ensemble that
combined three CNNs achieved 92.80% overall accuracy on
the test set. Although competitive, this performance remains

(a) (b)

(c)

Fig. 6: Examples of intra-class diversity of longan within the
same category in the EcoCropsAID dataset.

below the 95% target, indicating scope for methodological
improvement.

B. Methods

To achieve accuracy above 95% on EcoCropsAID, feature
level fusion of CNNs [14]–[16] is a strong candidate. In
feature-level fusion, intermediate feature maps from distinct
backbones or from multiple depths within a backbone are
merged before classification, thereby representing complemen-
tary information jointly under the assumption of spatially
aligned features. Standard operators include summation and
concatenation at stage outputs, often followed by channel-wise
attention or gating. Multi-level schemes that fuse low, mid,
and high-level features have reported gains on remote-sensing
benchmarks, such as MFNet [14]. Beyond fixed operators,
Kronecker-product feature fusion (KPFF) provides a learnable
formulation that subsumes addition and concatenation and
improves scene-classification performance [16].

CNNs are effective at local feature extraction but are limited
in modeling long-range dependencies due to constrained re-
ceptive fields, whereas transformers capture global context via
self-attention. Hybrid designs either apply transformer layers
to CNN features (as patch embeddings/tokens) or fuse parallel
CNN and transformer branches before classification [17]–[19].
As the cost of self-attention grows with image resolution, ef-
ficient variants such as windowed attention or token reduction
are commonly employed to maintain scalability [20].
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C. Evaluation Metrics

Model performance was evaluated using both classification
metrics and computational efficiency measures.

Classification performance. Accuracy, precision, recall, F1
score, and Cohen’s kappa (κ) were used to quantify classifi-
cation quality [13], [21], [22]. Accuracy measures the overall
proportion of correctly classified samples across all classes.
Precision is defined as the ratio of true positive predictions to
the total number of predicted positives, while recall denotes the
ratio of true positives to the total number of actual positives.
The F1 score, computed as the harmonic mean of precision
and recall, provides a balanced evaluation of performance,
particularly under class-imbalanced conditions [21], [22]. Co-
hen’s kappa adjusts for agreement occurring by chance and
provides a more conservative estimate of classification perfor-
mance [23]. For multi-class evaluation, precision, recall, and
F1 score were computed using macro averaging by calculating
each metric independently per class and averaging the results
with equal weight. Confusion matrices were further used to
identify systematic misclassification patterns among spectrally
similar crop types [24].

Computational efficiency. Computational cost was quanti-
fied using floating point operations per second (FLOPS) and
giga floating point operations per second (GFLOPS), which
represent computational throughput during inference [25]–
[27]. Lower FLOPS or GFLOPS values indicate higher com-
putational efficiency and are particularly relevant for deploy-
ment in resource-constrained scenarios such as edge or on-
device inference.

These metrics provide a comprehensive view of classifica-
tion effectiveness and computational cost.

VII. CONCLUSION

This paper presents EcoCropsAID, an aerial imagery dataset
designed to address key challenges in agricultural land use
classification in Thailand. The dataset comprises 5,400 RGB
images of five major crops collected across multiple phenolog-
ical phases between 2014 and 2018, and thus capture spatial
and temporal variability observed in operational settings.

EcoCropsAID complements existing resources by focusing
on crop-type classification with high-resolution aerial imagery,
rather than anomaly detection or medium-resolution satellite
products. The imagery provides the fine spatial detail required
for accurate identification in heterogeneous agricultural land-
scapes. By reflecting the spectral complexity and within-class
diversity typical of real fields, the dataset offers a realistic
benchmark for developing robust classification methods. The
basedline result on EcoCropsAID is 92.80% accuracy with a
weighted-average CNN ensemble.

Future research supported by this dataset includes spa-
tiotemporal feature fusion networks and transformer-based
models, including hybrid CNN–transformer architectures.
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