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4 Field data collection
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FOREWORD

Cashew is a promising industrial crop in Cambodia, widely recognized in the market for its quality, taste,
nut size, and native variety. It thrives under various conditions, requiring minimal water, showing strong drought
tolerance, and being well-suited to Cambodia’s climate and landforms. Major cashew-growing provinces include
Kampong Thom, Kratie, Ratana Kiri, Kampong Cham, Stung Treng, Tboung Khmum, Siem Reap, Preah Vihear,
Oddar Meanchey, and Mondul Kiri. The soil conditions in Cambodia are highly favorable for cashew production,
with more than 1.24 million hectares identified as suitable. Currently, the total cashew cultivation area is estimated
at 580,117 hectares, with Kampong Thom being the largest producer, covering over 147,700 hectares. Cambodia
exports more than 90% of its cashew crop as raw nuts.

In 2023, the Royal Government of Cambodia (RGC) endorsed the National Cashew Policy 2022-2027,
aiming to position Cambodia as a major producer and supplier of cashew nuts. The policy focuses on
competitiveness through product quality and taste for local, regional, and global markets, with the ambitious vision

of transforming Cambodia into the “cashew empire.”

In 2024, the Department of Agricultural Land Resources Management, under the General Directorate of
Agriculture, successfully created a map of cashew-growing areas using modern technologies such as machine
learning (ML), artificial intelligence (Al), and convolutional neural networks (CNNs). This marked a pioneering
effort in crop mapping in Cambodia, leveraging advanced technology for the first time. The achievement was
officially launched on October 25, 2024, in a ceremony presided over by H.E. Touch Bunhour, Secretary of State
of the Ministry of Agriculture, Forestry, and Fisheries, on behalf of H.E. Dith Tina, Minister of the Ministry of

Agriculture, Forestry, and Fisheries.

This mapping initiative provides valuable dimensions, including accurate data for policy decision-making,
strategic planning, potential production analysis, value chain analysis, and market evaluation. Additionally, it
enables assessments of the impact of agricultural practices on soil health and agroecosystems, promoting
sustainable agricultural land management, economic efficiency, and environmental protection. Furthermore, the
development of land-use mapping enhances the capacity for monitoring changes in agricultural land use

efficiently.

The General Directorate of Agriculture expresses deep appreciation and pride in the management and
technical officers of the Department of Agricultural Land Resources Management for their hard work,
perseverance in overcoming challenges, patience, and strong commitment. Their efforts in managing and
implementing both the coordination and technical aspects, as well as their successful collaboration with
international partners and stakeholders, have led to the successful production of Cambodia’s cashew-growing area

map.

On behalf of the General Directorate of Agriculture, I would like to sincerely thank the SilvaCarbon
Program of the U.S. Department of Agriculture, the Food and Agriculture Organization of the United Nations

(FAO), the International Atomic Energy Agency (IAEA), the United Nations Development Programme (UNDP-
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SCALA), and the Spatial Informatics Group (SIG-GIS) for their support in financing, technical assistance, and

institutional capacity building, which made this significant achievement possible.

I would also like to extend my heartfelt thanks for the collaboration and active support from the Provincial
Departments of Agriculture, Forestry, and Fisheries across 25 municipal-provinces, as well as the technical team
from the Ministry of Environment.

Finally, I would like to express my deepest gratitude to H.E. Dith Tina, Minister of the Ministry of
Agriculture, Forestry, and Fisheries, for his unwavering support in advancing the use of remote sensing
technologies for crop mapping. | sincerely hope that all stakeholders will take full advantage of and continue to
disseminate the use of this Cashew Growing Area Booklet for its intended purposes. The General Directorate of
Agriculture remains committed to studying and assessing land use changes for cashew cultivation and will

continue to update the data on a regular basis.

Phnom Penh, 21 October 2024

NGIN CHHAY, Ph.D
Director General
General Directorate of Agriculture



PREFACE
The Department of Agricultural Land Resources Management of the General Directorate of Agriculture
has the mission of managing the sustainable use of agricultural land resources in Cambodia through research and
development of land improvement techniques, agricultural land conservation, prevention of degradation,
agricultural crop zoning, survey and assessment of soil resources, management of agricultural fertilizers, study of

crop water requirements and the effects of climate change on crop production.

The production of maps of crop-growing areas contributes to the implementation of the prioritized
activities of the National Policy on Cashew 2022-2027, endorsed by the Royal Government of Cambodia in 2023.
The Department of Agricultural Land Resources Management has developed the capacity to use Machine Learning
technology, a new method to produce maps of cashew cultivation areas throughout Cambodia by strengthening its
cooperation with international development partners and national institutions. By using this technology, we created
195 field data plots having the size of 4x4 km (16 square kilometers) in 19 target provinces. Each data plot was
wall-to-wall polygon digitizing for all kinds of land use. In 195 digitized plots, there were a total of 10,147
polygons of cashew plantations. Cashew polygons were used to train machine learning programs through the use
of convolutional neural network models (CNNs) and TensorFlow software combined with PlanetScope (NICFI)
satellite imagery data. Preliminary map results were downloaded and verified using the Google Earth Engine
(GEE). The final map results were produced through ground-truthing in the field, validation workshop with
stakeholders, and policy-maker level meetings to review and decide on the results of maps and cashew cultivation

areas in the 25 municipal/provinces.

In 2024, maps and booklet on cashew cultivation areas in Cambodia were successfully published. This
document provides updated information on cashew cultivation areas by province, provincial and national
production estimates, and maps of the main cashew growing areas throughout the country. The results of this study
show that Cambodia has a total area of 580,117 hectares of cashew cultivated area with an estimated production
potential of about 816,459 tons per year. According to these figures, it is clear that Cambodia’s cashew industry

is among the Top-3 producers in the world.

The publication of this important document was achieved with strong support and guidance of H.E. Dith Tina,
Minister of the Ministry of Agriculture, Forestry and Fisheries, H.E. Touch Bunhour, Secretary of State of the
Ministry of Agriculture, Forestry and Fisheries; and with a strong and direct leadership of H.E. Dr. Ngin Chhay,

Director General of the General Directorate of Agriculture.

On behalf of the Department of Agricultural Land Resources Management, | would like to express my
deep gratitude to the leaders at all levels of the General Directorate of Agriculture for their strong support, and the
entire team of the Department of Agricultural Land Resources Management, especially the Office of Agricultural

Crops Zoning, for their dedicated efforts with high responsibility in carrying out its work successfully.

Finally, 1 would like to express my deep gratitude to the US Department of Agriculture's SilvaCarbon

Program for its financial and technical support, the Food and Agriculture Organization of the United Nations
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(FAOQ), the International Atomic Energy Agency (IAEA), the Spatial Informatics Group (SIG) and the United
Nations Development Program (UNDP-SCALA) for technical support and institutional capacity building,
Working Group of the Ministry of Environment for technical cooperation, and also thanked the 25 Provincial

Departments of Agriculture, Forestry and Fisheries for their cooperation.

Phnom Penh, 21 October 2024

SENG VANG, Ph.D
Director
Department of Agricultural Land Resources Management

General Directorate of Agriculture
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Chapter 1

General Information

1.1 Introduction

In 2023, Cambodian agricultural sector contributes the largest output to the total national Gross Domestic Product
(GDP) at 22.1% (Nominal value), thus included crop (57.1%) fisheries (24.8%), livestock (11.2%), and forestry
(7.0%). However, the growth of agriculture value-added has been limited (averaging 0.85% annually) since 2013
due to long-term low labor productivity, a shortage of rice milling facilities, a downturn in international commodity
prices, and adverse weather conditions. Crop mapping is essential in this context to accurately assess and monitor
the distribution and health of agricultural lands, enabling informed decision-making for sustainable agricultural

development and improving productivity in Cambodia's crucial agricultural sector.

In assessing and monitoring the distribution and health of agricultural lands, it's crucial to differentiate between
temporary and permanent crops. Temporary crops, with growing cycles of less than one year, are replanted for
another production cycle after harvest. The temporary crops presented in the CAS (Crop Assessment Survey)
encompassed 14 major crop classifications, including cereals and grains, leguminous grain plants, oilseed crops,
and a wide variety of vegetables, among others. On the other hand, permanent crops have growing cycles of more
than one year and are productive within agricultural holdings. There were 11 major classifications used to identify

different permanent crops, including cultivated fruits, edible nuts, oil crops, and spices, among others.

Specifically, cashew, longan, mango, dragon fruit, black pepper, durian, etc., have been designated as priority
crops for mapping in an enhanced crop value chain development program by the General Directorate of Agriculture
(GDA) under the Ministry of Agriculture, Forestry, and Fisheries (MAFF). This selection underscores the

significance of these specific crop types in the national agricultural landscape.

Mapping the land cover, and crop types specifically, can benefit heavily on the use of satellite data. Satellite remote
sensing (RS) offers crucial insights into our planet’s surface, enabling accurate mapping and comprehension of
various phenomena. RS-derived geo-information plays a pivotal role in addressing pertinent issues in tropical
regions, including deforestation, biomass estimation, biodiversity loss, drought, and their impacts on rural
communities, soils, vegetation, wildlife, watersheds, and global climatic trends. One of the primary applications
of RS data is the creation of land use/land cover (LULC) maps, which illustrate how land is utilized for different

human activities or the physical characteristics of the Earth’s surface.

Machine Learning (ML) has become an established method for creating land cover maps, revolutionizing
traditional cartography approaches. Particularly, Convolutional Neural Networks (CNN), a subset of Deep
Learning (DL), nested within the broader categories of Artificial Intelligence (Al) and ML, have played a pivotal
role. While ML algorithms excel at detecting patterns within geographic data, including terrain and environmental

features, newer, more sophisticated models are required for differentiating specific land covers, such as crop types.
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Neural Network models, including CNNs, have the capability to leverage not only pixel color but also more
complex information like texture and landscape composition to map crops accurately. This transformative
capability in cartography has significant implications for policy-making, enabling more informed decisions in
areas such as agriculture, urban planning, disaster management, and environmental monitoring. Traditional map-
making methods are increasingly being augmented or replaced by intelligent systems, showcasing the impactful

role of these advanced technologies in the field of cartography.

The use of Convolutional Neural Networks (CNNs) in crop mapping, particularly for cashew cultivation, has
emerged as a transformative application within the field of precision agriculture. CNNs are a class of deep learning
models designed for image analysis and recognition, making them exceptionally well-suited for tasks involving
satellite or aerial imagery. In the context of cashew crop mapping, CNNs excel at automating the identification
and classification of specific features within these images, enabling a more efficient and accurate mapping process.
Satellite imagery provides a wealth of information about the Earth's surface, and CNNs can effectively analyze
this data to discern distinct patterns associated with cashew orchards. The model learns to recognize unique visual
characteristics of cashew trees, such as their canopy shape, size, and arrangement within the landscape, allowing
for the identification of cashew plantations amidst diverse landscapes. The CNN's ability to extract hierarchical
features from images contributes to its robustness in handling variations in terrain, climate, and cultivation
practices. Furthermore, the application of CNNs in cashew crop mapping facilitates the creation of detailed and
up-to-date maps, providing valuable insights for farmers, land managers, and policymakers. This technology
enables not only the identification of cashew plantations but also the monitoring of their health and growth stages.
Real-time data from CNN-driven crop mapping can aid in optimizing agricultural practices, resource allocation,

and decision-making, ultimately contributing to increased yields and sustainable cashew farming.

1.2 Objectives

The main objectives of this assessment is to provide specific information on crop cover throughout Cambodia to
contribute to the formulation of policies, development of plans, and strategic plans for the management of
Cambodia’s agricultural resources. The assessment has four main objectives:
e To update and produce maps for high-potential crops in cashew, mango, durian, longan, cassava, maize,
banana, and black pepper.
e To provide essential information for monitoring changes in agricultural crop patterns and facilitate
strategic planning to enhance agricultural production for export.
e To modernize map production methods, transitioning from manual digitization to advanced machine
learning technologies.
e To support the development of crop zoning maps for efficient agricultural planning and resource

management.
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1.3 Expected outcome

e Create a highly accurate cashew map for Cambodia.
e Establish a standard of data collection, reference data, and a model that can be applied to other potential
priority crops mapping such as mango, durian, longan, cassava, maize, banana, sugarcane, coconut, and

black pepper.

1.4 Land suitability assessment for cashew in Cambodia

Land suitability assessment for cashew in Cambodia were classified into 5 classes namely: (1) Highly suitable
(1,243,581 hectares), (2) Suitable (5,097,396 hectares), (3) Moderately suitable (6,785,726 hectares), (4)
Marginally suitable (3,815,652 hectares), and (5) Unsuitable (726,399 hectares). Based on this assessment,
Cambodia has about 1.24 million hectares of land classified as highly suitable for cashew cultivation, and about 5
million hectares classified as suitable which requires minor amelioration, and will not raise inputs above acceptable

level.

Map of Land Suitability for Cashew in Cambodia
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Description of land suitability for crop production

Suitability Classes

Description

S1, Highly suitable

Land is suitable for sustainable production without

amelioration.

S2, Suitable

Land is suitable for sustainable production of the crop with
minor amelioration, and will not raise inputs above

acceptable level.

S3, Moderately suitable

Land with major limitations that need amelioration, and
increase required inputs to the extent that the overall

advantage to be gained from crop production.

N1, Marginally suitable

Land with severe limitations to sustainable production of the
crop. This land could be used for the purpose under

consideration but the social or economic cost is unjustified.

N2, Unsuitable

Land is permanently not suitable. Land having limitations

that appear so severe that suitable use is not possible.
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Chapter 2
Crop Mapping Methodology

2.1 Artificial Intelligence (Al), Machine Learning (ML) and Deep Learning technologies

Artificial Intelligence (Al) is the broad field of creating machines capable of performing tasks that typically require
human intelligence, such as decision-making and language understanding. Machine Learning (ML) is a subset of
Al where systems learn from data to improve their performance on specific tasks without being explicitly
programmed. Deep Learning (DL) is a further subset of ML, utilizing neural networks with many layers to analyze
complex patterns in large datasets. These technologies are particularly useful in mapping for agriculture, such as
creating crop maps, because they can efficiently process vast amounts of satellite imagery and other data to
accurately identify and monitor different crop types. For example, DL models can distinguish between cashew and
other crop in satellite images with high precision, leading to better resource management and yield predictions
(Zhao et al., 2021)

2.2 Neural Network (NN)

A neural network is a computational model inspired by the way biological neural networks in the human brain
process information. It consists of interconnected layers of nodes (neurons) that work together to recognize
patterns, make decisions, and learn from data. Neural networks are used in various applications, including image
and speech recognition, natural language processing, and more. There are several types of neural networks, each
suited for different tasks:

e Feedforward Neural Networks (FNNSs): These are the simplest type, where information moves in one
direction—from input nodes through hidden nodes to output nodes.

e Recurrent Neural Networks (RNNs): These networks have connections that form cycles, allowing them
to maintain information in 'memory' over time. They are useful for sequential data like time series or
text.

e Convolutional Neural Networks (CNNs): Specialized for processing grid-like data structures such as
images. They use convolutional layers to detect features.

e Generative Adversarial Networks (GANs): Comprise two networks (generator and discriminator) that
compete to produce realistic data, useful for image generation and other creative tasks.

e Autoencoders: Used for unsupervised learning, these networks encode input data into a lower-

dimensional form and then decode it back, useful for tasks like noise reduction and feature learning.

For our work to produce cashew map, convolutional neural network (CNN) is the right choice because it
designed for processing structured grid data such as images. CNNs utilize convolutional layers to

automatically and adaptively learn spatial hierarchies of features from input images. They are highly
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effective for tasks involving image classification, object detection, and image segmentation. CNNs are

particularly useful for crop mapping due to their ability to:

- Extract Spatial Features: They can identify and learn important features in satellite or aerial images,
such as different types of crops, soil conditions, and plant health.

- Handle Large Data Volumes: CNNs can efficiently process and analyze large datasets of high-
resolution images.

- Improve Accuracy: By accurately detecting and classifying various crop types, CNNs enhance the
precision of crop mapping, leading to better agricultural management and planning.

2.3 The Google cloud environment

2.3.1 Workflow

After selecting suitable technology such as deep learning combined with convolutional neural networks (CNNS)
for training the model to produce crop maps, especially cashew maps, platforms like Google Earth Engine and
Google Cloud Environment play a crucial role. These platforms provide the necessary infrastructure to host and
train the models, offering scalable computing resources and access to vast amounts of satellite imagery. This
integration allows for efficient processing and analysis, resulting in accurate and detailed crop maps. For instance,
using Google Earth Engine, researchers can access and analyze historical and real-time satellite data, while Google
Cloud provides the computational power to handle large datasets and complex models, ultimately enhancing the
precision and effectiveness of crop mapping efforts (Kamilaris & Prenafeta-Boldu, 2018). Training data, such as
different satellite and field data, was sampled using Google Earth Engine. The outputs were then stored as
TensorFlow records in Google Cloud. Next, we utilized Al Platform in Google Colab to execute the code, using
TensorFlow as the library for building neural networks to create our model. Finally, we transferred our outputs or

final map back to Google Earth Engine for visualization and validation (Figure 1).

£ Google Cloud Earth Engine

Training data

| <
Model

Al Platform Cloud Storage

Figure 1: Overview of Google Cloud Environment used for satellite image processing and data analytics.
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2.4 Training data preparation

Have right technologies and model is important for crops mapping but without training data we can’t produce the
high accuracy map. As crops mapping using convolutional network models a substantial amount of training data
is essential. This data must encompass diverse examples of different crop types, which are labeled and combined
with satellite imagery annotated with date, month, and year, field data, land use and land cover information. A
crucial requirement for neural network models is that the training data should be formatted into square patches.
Ideally, these patches are 4x4 km in size and offer comprehensive coverage of land cover type information within

each patch (Figure 2).

Figure 2: Training data preparation

2.4.1 Area selection

Nineteen provinces, including Tbhoung Khmum, Pailin, Oddar Meanchey, Stung Treng, Preah Sihanouk, Siemreap,
Ratanak Kiri, Pursat, Preah Vihear, Mondul Kiri, Kratie, Koh Kong, Kandal, Kampot, Kampong Thom, Kampong
Speu, Kampong Chhnang, Kampong Cham, Battambang, and Banteay Meanchey, were meticulously chosen for
the cashew mapping endeavor. This strategic selection process laid the foundation for the subsequent stages of
data collection and analysis, ensuring a comprehensive and accurate portrayal of cashew cultivation across the
designated regions (Figure 3).
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Figure 3: Thel9 target provinces

2.4.2 Plot preparation

Following the identification of the study area and the determination of data collection locations, the subsequent
step involved devising a sampling design and pinpointing specific plots within the landscape for sampling
purposes. Utilizing ArcGIS/QGIS, our team established plots measuring 4x4 km to systematically sample the area
of interest. Careful consideration was given to ensure that the selected plots accurately represented the
characteristics of each province. For instance, when collecting data in Kampong Thom province, the plots were
strategically positioned to encompass the entirety of the province, not limited solely to cashew cultivation areas,
but also incorporating other crops present in the region. Typically, each province was allocated more than 10 plots,
ensuring thorough coverage and representation. Additionally, drone waypoints were created based on these plots
to facilitate efficient data collection processes (Figure 4).
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Figure 4: Plots preparation in QGIS program

2.4.3 Field work

During the fieldwork phase, upon arrival at the designated sites, our team divided into two groups to efficiently
carry out data collection tasks. One group was tasked with deploying drones to capture comprehensive aerial
imagery of the entire 4x4 km plots. Meanwhile, the other group utilized CarryMap to mark specific points and
polygons within the area of interest. These points and polygons served as reference markers for various attributes
and features of the landscape. Data collection involved recording crucial information (Table 1: Data collection
form) such as plot ID, description, GPS serial number, waypoint coordinates (X, Y), camera ID, caption for field
photos (including directions - North, East, South, West), date/time of observation, class code for land cover
classification, surveyor details, weather conditions, slope/elevation measurements, and any other pertinent
information related to land use dynamics and historical changes in the area. This systematic approach ensured

thorough documentation of field observations and facilitated comprehensive analysis during subsequent stages of
the project (Table 1).
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Table 1: Data collection form
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2.4.4 Digitizing training data

Following the completion of fieldwork, additional efforts were dedicated to digitizing the training data to ensure

the highest level of accuracy within the 4x4 km plots. This process was crucial for training the Convolutional

Neural Networks (CNN) model effectively in generating the Cashew map. To achieve this, a combination of

satellite imagery from sources like Planet NICFI, Google Hybrid, and Bing Maps was utilized, supplemented by

reference data collected during field surveys using drones and CarryMap for marking points and polygons.

Moreover, Geographical Information Systems (GIS) tools such as ArcGIS and QGIS played a pivotal role in this

digitization process. Information including province details, plot IDs, field data encompassing crop age and current

land use, satellite data, and comments providing insights into changes in crop patterns were meticulously recorded.

This comprehensive approach ensured the acquisition of high-quality training data essential for achieving optimal

accuracy in the CNN model's output (Figure 5 and Figure 6).
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Figure 5: Digitizing the training data

After digitizing all the plots within the target area and thoroughly verifying the accuracy of both the polygons and

associated information for each plot across 19 target provinces, a total of 83,034 polygons were obtained. Among

these, 10,147 polygons are classified as cashew plantations. The cashew crop data were categorized by the age of

the crop and mixed crop, resulting in a total of 21 label categories, as shown in Table 1, Table 2, and Table 3.
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Table 2: Distribution of land cover categories

Table 3: Total plots for 19 target provinces

No Category Polygon Count
No Category Plots Count

1 Banana 314 T B M 0 9
2 Bare land 13,921 anteay Meanchey
3 Cashew 10,147 2 Battambang 12
4 C 2’ 939 3 Kampong Cham 10

assava ’ 4  Kampong Chhnang 8
5 Coconut 295 5  Kampong Speu 10
6  Durian 241 6 Kampong Thom 15
7 Forest Cover 776 7 Kampot 12
8  Grassland 30,341 8 Koh Kong 9
9 House 1,157 9 Kiratie 11
10 Longan 727 10 Mondul Kiri 9
11 Maize 175 11 Preah Vihear 12
12 Mango 2,644 12 Pursat 10
14 Other 463 14~ Siem Reap 1
15 pesp 1o prahsrnouk 2
16 Rice 307 17 Oddar Meanchey 10
17  Road 646 o
18 Rubb 2516 18 Pailin 8

ubber ’ 19 Thoung Khmum 10
19 Sr_]rubland 6,754 Total 195
20  Village 3,296
21  Water Body 4,561

Total 83,034
= Field data collection
Example piot

Latitude

Cashew

Figure 6: All finalizing training data within 4x4 km plots in 19 target provinces
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2.4.5 Field equipment

Drones/UAVs play a crucial role in this process. We utilize three different types of drones, namely the Mavic 2
Pro, Mavic Air 2s, and eBee X, each serving distinct functions and applications. For instance, the Mavic 2 Pro and
Mavic Air 2s are primarily employed for collecting data for Cashew mapping. By integrating with the Litchi app,
we can plan waypoint missions to gather data within the 4x4 km plots. During these missions, real-time monitoring
of the drone's position, altitude, speed, and battery level enables immediate adjustments if necessary, ensuring
flight safety and success. Additionally, the eBee X is utilized to capture high-resolution aerial imagery. Equipped
with reliable GPS and often featuring RTK/PPK technology for precise georeferencing, this drone collects data
with a focus on accuracy and detail. Following the aerial survey, PIX4Dmapper is used to process the imagery and

generate a georeferenced base map (Figure 7).

Mavic 2
Pro

Figure 7: Drone equipment used for reference data collection.

2.4.6 Software

Geographic Information System (GIS) software applications like ArcGIS and QGIS play an important role in
processing geodata. They were utilized for identifying study areas, preparing plots, designing drone waypoints,
digitizing (updating/validating plots), and visualizing various satellite imagery sources such as Planet NICFI,

Google Hybrid, and Bing Maps (Figure 8).
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Norway's International Climate and Forest Initiative

Figure 8: Software and data used for data processing.
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During fieldwork, many mobile applications, such as CarryMap, have been used. The app provides several benefits
for users engaged in field data collection, navigation, and mapping. CarryMap can be used both offline and online.
Our team utilizes the application to collect points, lines, and polygons, along with attribute data, photos, and other
relevant details. Additionally, it incorporates GPS functionality to navigate to specific locations, collect data at
precise coordinates, or track movements in the field. The app facilitates collaboration among field teams by
allowing users to share maps and data. This can enhance coordination, communication, and data sharing among

team members, even when they are working in different locations (Figure 9).

Explore the world

with mobile maps

Figure 9: CarryMap application used for ground data collection.

2. 5 Crop mapping procedures

2.5.1 Model training

Training a model involves a structured process with five key steps. First, prepare and create the training sample
by uploading and importing data from Google Earth Engine (GEE), inspecting for relevant data columns and
correcting any misspellings, selecting the crop type (e.g., cashew) and satellite imagery (e.g., Planet NICFI),
generating patches using U-Net architecture, and creating sample locations for exporting patches. Next, in Google
Colab, convert the training samples to tfRecord format and store them in Google Cloud Storage, set up Google
Cloud Platform (GCP) variables (such as project name and output directory), and configure model parameters
(train size, batch size, epoch size). For inference, set the location and load the trained model, extract and display
an image patch, run the model with the patch, and save the output as a GeoTIFF, displaying it on a map. In Vertex
Al, set up project configurations, execute the training script, and configure model parameters similarly to Colab.
Finally, deploy the model in Vertex Al by loading it from Google Cloud Storage, uploading it to the Vertex Al
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platform, and deploying it at an endpoint to accept prediction requests and provide responses for the final map

(Figure 10 and Figure 11).
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Figure 10: Model training flowchart
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Figure 11: The U-net architecture for CNN model
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2.5.2 Validation and area estimation

The primary result of cashew map was validated by a workshop participated from respective Provincial
Department of Agriculture, Forestry and Fisheries of 24 provinces. The 4 days validation workshop successfully
gathered valuable inputs from the 24 Provincial Departments of Agriculture, Forestry, and Fisheries (PDAFFS).
In the morning session, one of the technical officers from DALRM presented the methodology of reference data
collection, including points, polygons, and 4 by 4 plots, using various equipment and applications such as GPS,
drones, and GIS software. He also generated cashew polygons from the digitized 4 by 4 plots in the 19 target
provinces, presenting them as tables to the audience. Then, several models and satellite images that the team tested
for crop modeling (selected image was Planet Scope imagery, and the chosen model was the Convolutional Neural
Network (CNN) for cashew mapping was presented by another one of the technical officers of DALRM. He also
outlined the workflow after obtaining reference data and the use of various frameworks and platforms, including
Google Cloud Environment, Google Earth Engine, TensorFlow, and Vertex Al to produce the drafted cashew map.
In the afternoon session, all participants divided into 3 groups (2 provinces per group) to discuss the drafted map
and statistical data in each province. DALRM officers showed the location of cashew crops are planting and
provincial officers provided some data of located cashew growing in their provinces which were missing in the
map. Comparison of PDAFFs statistical data report and the area from the CNN model by demonstrating the Google
Earth Engine platform, allowing us to adjust probability thresholds to estimate cashew areas by district and obtain
acceptance feedback from PDAFFs officers was also conducted.

The accuracy assessment principal hinges on comparing the mapped land classification to high-quality reference
data gathered through a sample-based method. This method employs a random stratified sample approach to
estimate both the area and accuracy of the machine learning model's mapped results. The number of necessary

validation samples depends on the total area classified as cashew in relation to the region's total area.

The team, previously trained to digitize reference data, validated these sample points using collect earth online
(CEO) in conjunction with previously acquired high-resolution imagery. Each sampling point underwent thorough
examination and was assigned a label, followed by comparison with the model output using a confusion matrix.
This enabled the use of unbiased estimators to calculate area estimates of cashew plantations and associated

accuracy estimates, including standard errors.
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Chapter 3

Result of Crop Mapping

3.1 National cashew mapping results

According to the assessment conducted for the year 2023, it has been revealed that cashew plantations occupy a

substantial total area of 580,117 hectares, as depicted in the accompanying map and statistical data. The provinces

boasting the most recent expanses of cashew cultivation are Kampong Thom (147,703 hectares), Kraite (102,520
hectares), Ratanak Kiri (97,258 hectares), Kampong Cham (46,582 hectares), Stung Treng (44,250 hectares),

Thoung Khnum (36,403 hectares) (Figure 12).

Map of Cashew Growing Area in Cambodia
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Figure 12: Mapped cashew in all provinces of Cambodia for the year 2024
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3.2 Provincial cashew area estimation

Examining the data on the area of cashew cultivation per province in 2024 reveals several significant contributors
to cashew production. Notably, Kampong Thom, Kratie, Ratanak Kiri, Stung Treng, and Kampong Cham emerge
as key producing provinces, each boasting substantial areas dedicated to cashew cultivation.

Kampong Thom leads with 147,703 hectares, followed by Kratie with 102,520 hectares, and Ratanak Kiri with
97,258 hectares. Stung Treng and Kampong Cham also demonstrate noteworthy areas of 44,250 hectares and
46,582 hectares, respectively (Table 4).

These provinces play a crucial role in cashew production, emphasizing the importance of accurate data collection
and analysis in assessing agricultural production.

Table 4: Area estimates of the national cashew mapping effort for the 2024

1 * 1 **

No. Provinces AC?{;{:’ )a Y| Area (ha) Cl (ha) (\t((;illfla) Prod?tc;trlsn
1 Banteay Meanchey 89.10 2,137 134 1.60 3,419 [214]
2 Battambang 75.70 3,139 335 1.25 3,924 [419]
3 Kampong Cham 89.60 46,582 2,816 1.30 60,557 [3,661]
4 Kampong Chhnang 82.20 1,687 183 1.50 2,531 [275]
5 Kampong Speu 84.30 2,616 332 1.50 3,924 [498]
6 Kampong Thom 94.10 147,703 6,633 1.49 220,077 [9,883]
7 Kampot 73.90 496 46 1.50 744 [69]
8 Kandal - - - - -
9 Koh Kong 68.70 1,024 155 1.37 1,403 [212]
10 | Kratie 93.60 102,520 2,135 2.00 205,039 [4,270]
11 | Mondul Kiri 89.00 9,858 303 1.00 9,858 [303]
12 | Phnom Penh - - - - -
13 | Preah Vihear 85.20 28,965 1,665 1.40 40,551 [2,331]
14 | Prey Veng 85.70 1,119 95 1.20 1,343 [114]
15 | Pursat 77.70 1,704 207 1.25 2,130 [259]
16 | Ratanak Kiri 94.90 97,258 4,512 0.68 66,135 [3,068]
17 | Siemreap 92.50 35,914 1,322 1.75 62,850 [2,314]
18 | Preah Sihanouk - 542 - 1.40 759
19 | Stung Treng 91.20 44,250 3,136 1.20 53,100 [3,763]
20 | Svay Rieng 82.80 1,532 131 1.70 2,604 [223]
21 | Takeo - 223 - 1.50 335
22 | Oddar Meanchey 92.90 13,818 439 1.50 20,727 [659]
23 | Keb - 11 - 1.20 13
24 | Pailin 77.30 616 83 1.50 924 [125]
25 | Thoung Khmum 91.30 36,403 3,048 1.47 53,5612 [4,481]

Total 580,117 27,710 816,459 [37,139]

* Source: MAFF, 2024

** The figures in brackets indicate Confidence Interval.
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Chapter 4

Conclusion

Accurate information on the spatial distribution of cash crops over time provides important insights for land use

planning and meeting the rising demands for deforestation-free commodities.

By applying this method, the GDA has significantly increased the efficiency and accuracy of cashew mapping at
national scale. with technical supervision provided by international experts from SilvaCarbon, FAO, and Spatial
Informatics Group, GDA applied cutting-edge machine learning technology, to generate cashew mapping
assessment for 2024 successfully.

The results indicate that the total area of cashew plantations spans approximately 580,117 hectares, constituting a
significant percentage of the country's total area. The most productive top 10 provinces identified are Kampong
Thom (147,703 hectares), Kratie (102,520 hectares), Ratanak Kiri (97,258 hectares), Kampong Cham (46,582
hectares), Stung Treng (44,250 hectares), Thoung Khmum (36,403 hectares), Siemreap (35,914 hectares), Preah
Vihear (28,965 hectares), Oddar Meanchey (13,818 hectares), Mondul Kiri (9,858 hectares). The estimate derived
from this machine learning approach deviates slightly from the MAFF estimate of 472,946 hectares for the year
2023. This is likely due to challenges in accurately mapping young cashew plantations, as well as inherent
discrepancies that exist between any kind of different mapping process.

By providing precise information on the spatial distribution and extent of crops, decision-makers can optimize
resource allocation, enhance agricultural practices, and support sustainable development goals. The implications
of accurate crop mapping include targeted interventions for specific regions or crops, improved market analysis,
and the identification of areas requiring agricultural development. Accurate crop mapping informs sustainable land
use planning and conservation efforts, enabling policymakers to identify areas at risk of deforestation and
implement measures for preserving valuable forest ecosystems. This contributes to the growth of competitive
agriculture chains that provide high-quality, safe, and nutritious products while enhancing sustainable land
management under the National Agriculture Development Policy 2022-2030. Additionally, the techniques learned
and the data gathered will be applicable for developing state-of-the-art crop maps for various crops, thereby
improving agricultural sector data at national and provincial levels and contributing to sustainable agriculture
sector development. This will also support the Royal Government of Cambodia in achieving its climate change

commitments.
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Annex 1: Description of land cover classes

Annexes

Land Cover
Land Cover Land Cover o
No. | Class (Level | No. Description
0 Class (Level 2) Class (Level 3)
Areas covered by trees maintaining their leaves
1 Evergreen forest | Evergreen forest )
during the whole year.
) Semi-evergreen | Semi-evergreen Contain variable percentages of evergreen and
forest forest deciduous trees.
. ) Comprised of dry mixed deciduous forest and dry
3 Deciduous forest | Deciduous forest )
Dipterocarp forests
. ] The area dominated by coniferous trees which is
4 Pine forest Pine forest ]
natural pine forest
5 Pine plantation Pine plantation The area dominated by pine tree plantation
) ) This class includes the following type: teak,
6 Tree plantation | Tree plantation o
eucalyptus, acacia, jatropha and others.
1 Forest Areas dominated by Mangroves i.e. coastal salt
7 Mangrove forest | Mangrove forest )
tolerant species
Mostly growing in coastal zone after mangrove spp.
8 Rear mangrove Rear mangrove ) )
Salt tolerant species but only infrequent floods
Avreas of naturally regenerated forest where there are
clearly visible indication of human activities such as
9 Forest regrowth | Forest regrowth selective logging, areas regenerating following
agricultural land use, areas recovering from human
induced fire, etc.
This forest type is found in Tonle Sap Lake. Most of
10 | Flooded forest Flooded forest the forests are low and disturbed. In many cases,
there is only a mosaic remaining
11 | Bamboo Bamboo Areas dominated by bamboo
Rubber ) Areas currently supporting, and areas reserved for,
2 12 . Rubber plantation :
Non-Forest plantation rubber plantation
13 | Oil palm Oil palm The area dominated by oil palm tree.
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Upland rice

Dry season rice

Early wet season

14 | Paddy field TDI(;ee - Paddy fiéld isa flloode(.:i pércel of arable land used
pwaterrice | for growing semiaquatic rice.
Rainfed lowland
rice (single crop)
Rainfed lowland
rice (double crop)
Cashew The area dominated by cashew tree.
Mango The area dominated by mango tree.
Longan The area dominated by longan tree.
Durian The area dominated by durian tree.
Orange The area dominated by orange tree.
Avocado The area dominated by avocado tree.
Rambutan The area dominated by rambutan tree.
Mangosteen The area dominated by mangosteen tree.
Jackfruit The area dominated by jack fruit tree.
15 | Crop land Date palm The area dominated by date palm tree.

Dragon fruit

The area dominated by dragon fruit tree.

Coconut

The area dominated by coconut tree.

Black pepper

The area dominated by pepper plantation.

Cassava The area dominated by cassava.

Maize The area dominated by maize.

Sugarcane The area dominated by sugarcane.

Bean The area dominated by bean.

Vegetable The area dominated by leafy vegetable.
Baren land Fallow agricultural land or harvested land
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Grasslands are characterized as lands dominated by
grasses rather than large shrubs or trees. It is crucial

16 | Grassland Grassland that the rainfall is concentrated in six or eight
months of the year, followed by a long period of
drought when fires can occur.
Areas dominated by evergreen and deciduous

17 | Wood shrub Wood shrub ] ]
woodland with a height less than 5 meters
In general, land of sand having thin soil or sand

18 | Sand Sand . )
including deserts, dry salt flats, beaches, sand dunes.

19 | Built-up area Built-up area The patch of land with building and construction

) ) The patch of land with houses and garden

20 | Village Village )
surrounding house.
Land of naturally exposed rocks or strip mines,

21 | Rock Rock ) .
quarries, and gravel pits.

Non-Forest
22 | Water Water Body Avrea of fresh and sea water
(Water)

Annex 2: Explanation the of field data attributes

No. Full Name Shortcut
1 Provinces pro
2 Plot ID plot _id
3 Field data (current land cover) field data
4 Field date (dd-mm-YYYY) field date
5 Age crop (Years old) age_crop
6 Current Land Use c lu
7 Intercropping intercrop
8 Land cover of Planet imagery Ic planet
9 Date of Planet imagery date_pnet
10 Land cover of google hybrid Ic_hybrid
11 Drone folder ID df id
12 Comment (Historical of LULC) comment
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Annex 3: The shortcut of provinces for field data preparation

No Provinces Shortcut
1 Banteay Meanchey BMC
2 Battambang BTB
3 Kampong Cham KPC
4 Kampong Chhnang KPCh
S Kampong Speu KPs
6 Kampong Thom KPT
7 Kampot KP
8 Kandal KD
9 Koh Kong KK
10 Kratie KT
11 Mondul Kiri MDK
12 Phnom Penh PP
13 Preah Vihear PVH
14 Prey Veng PRV
15 Pursat PS
16 Ratanak Kiri RTK
17 Siemreap SR
18 Preah Sihanouk PSN
19 Stung Treng STR
20 Svay Rieng SVR
21 Takeo TK
22 Oddar Meanchey OMC
23 Keb Kep
24 Pailin PL
25 Thoung Khmum TBK
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