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1. Introduction 

Food security is one of the world's major pressing challenges as the global population grows 

and climate change threatens agricultural production (Abawiera Wongnaa et al., 2024; Mbow 

et al., 2019; Sutton, 2022). Agricultural productivity has increased far more slowly in sub-

Saharan Africa than in other regions of the world. Smallholders, typically farming on less than 

10 ha of land, collectively manage roughly 80 % of the farmland in the region (Giller et al., 

2021 ; FAO, n.d). 

Mali provides a compelling regional context to examine smallholder cropping. Agriculture 

employs about two-thirds of Mali’s labour force and contributes over one-third of the national 

GDP (ELD Initiative, 2020; World Bank, n.d.). The countries' cotton belt, a key agricultural 

region in the southern part of the country, is dominated by rainfed smallholder farming. 

Smallholders cultivate staple cereals such as sorghum and millet alongside cash crops like 

cotton and maize.  

Smallholder agriculture in the region faces numerous challenges. Farm productivity is 

constrained by factors such as depleted soil fertility and highly variable rainfall from year to 

year. Spatial variability in inputs, management practices and environmental conditions leads to 

strong fluctuations in crop production across time and space (Lambert et al., 2018; Traore et al., 

2013). In this context, improving the resilience and productivity of Mali’s smallholder sector is 

critical for both local welfare and broader food security. 

Ensuring food security under accelerating climate and demographic pressures hinges on better 

information about what crops are grown, where, and when. Traditional, labour-intensive 

methods of collecting these agricultural statistics are costly, slow, and often inaccurate. 

(Karmakar et al., 2024) Remote sensing offers a promising alternative for monitoring 

agricultural systems at scale by providing frequent measurements across large areas. Recent 

missions such as ESA’s Sentinel-2 have markedly improved spatial, spectral and temporal detail 

for crop type mapping. In smallholder landscapes this however remains challenging due to 

small parcel sizes, irregular field boundaries and strong within-field heterogeneity (Akinyemi 

et al., 2023; Delrue et al., 2013; Lambert et al., 2018) 

A growing literature has adapted classification frameworks to smallholder contexts. Yet how to 

address and leverage intra-parcel heterogeneity itself, rather than treat it only as a confounding 

factor, remains underexplored. This thesis aims to address that gap by systematically leveraging 

multi-resolution Earth Observation data (Sentinel-2, PlanetScope & Pléiades) together with 

field observations from Mali’s cotton belt in order to develop and evaluate strategies for 

improving crop type mapping in heterogeneous smallholder landscapes. 
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2. Literature Review 

Remote Sensing has emerged as a major asset for mapping and monitoring cropland, offering 

possibilities to observe agricultural areas cost-effectively, frequently and at scale. It today 

underpins a large variety of applications, such as for cropland mapping, yield forecasting, pest 

and disease detection and timely monitoring of environmental impacts on farms (Becker-Reshef 

et al., 2023). However, in regions dominated by smallholder agriculture, such as Mali’s cotton 

belt, the complexities inherent within its cropping systems, pose particular challenges for 

leveraging remote sensing for crop type classification. This literature review examines three 

key aspects: the current use of remote sensing for cropland and crop type mapping, focusing on 

global and regional scales, the diversity of smallholder cropping systems in the Malian cotton 

belt and related challenges for crop type classification, and classification approaches in 

smallholder cropland systems and strategies for addressing intra-parcel heterogeneity in crop 

type classification frameworks. Together, these subchapters highlight current knowledge and 

gaps in classifying crops in smallholder farming systems in Mali using remote sensing.  

 

2.1.  Remote Sensing for Cropland and Crop Type Mapping 

 

Remote sensing has emerged as an important domain in agriculture, offering regular, non-

contact measurements of radiation reflected from crop canopies and soils. Since its inception in 

the early 1970s, remote sensing technology has evolved significantly, enabling more effective 

analysis of crop variability and advancing precision agriculture practices (Goffart et al., 2022). 

Continuous technological innovations have driven improvements in spatial, temporal and 

spectral resolution, leading to increased data availability, making it feasible to monitor cropland 

frequently at finer scales. 

Cropland and crop type maps can provide data of use for agricultural statistics and food security 

planning. In countries such as Mali, agricultural statistics have, and so far, mainly still rely on 

labour-intensive field surveys that are constrained in terms of representativeness and reliability 

(Lambert et al., 2018). These conventional methods involve manual field inspections that are 

time-consuming, resource-intensive, prone to human error, and restricted by limited sample 

sizes that can be realistically evaluated within a given timeframe (Karmakar et al., 2024).  

Remote sensing offers a scalable and efficient alternative: satellite and aerial imagery can cover 

large areas with repetitive coverage, allowing data collection at short intervals and the creation 

of time-series datasets for effective crop monitoring over time. This data provides a scalable 

and efficient alternative by enabling manual analysis and digitization of cropland based on 

visual interpretation of the data as well as through automated classification of landscape 

elements (Karmakar et al., 2024). The later is commonly done through Land Use and Land 

Cover (LULC) classifications that assign classes to cropland and non-cropland elements in the 

landscape, allowing to derive cropland masks of cultivated areas. Classifications can be further 

refined for crop type classification, offering insights into crop type-specific distributions. 
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Cropland extent maps derived from remote sensing data have proliferated in recent years. 

Global products range from comprehensive land cover maps that include cropland classes (such 

as ESA WorldCover 2021 at 10m resolution) to dedicated cropland-specific products like the 

Global Cropland Extent Map (GCEM) at 30m resolution (Thenkabail et al., 2021).  Potapov et 

al. (2022) created a time series of global cropland extent maps and change maps between the 

period 2000-2019 in 4-year intervals at 30m resolution based on Landsat data. ESA's World 

Cereal project created cropland extent maps and season-specific maps on active cropland and 

selected crop types at 10m resolution, derived from Sentinel-1 and Sentinel-2 data for the year 

2021 and are currently developing a scalable open-source system for producing globally 

consistent yet locally tuneable cropland masks (Van Tricht et al., 2023). 

The performance of global cropland products can vary significantly across different regions 

(Pérez-Hoyos et al., 2017) and have shown overall low accuracies in Africa (Nabil et al., 2020). 

Further, large discrepancies between products have been reported. Kerner et al. (2024) 

conducted a study evaluating and intercomparing 11 publicly available global and regional 

cropland extent and land cover maps with a cropland class (Digital Earth Africa Cropland 

Extent, Dynamic World, Esri LULC, ESA WorldCover, CCI Land Cover Africa, GFSAD 

Global Cropland Extent, 30 m African cropland layer for 2016 by Nabil et al. (2022), GLAD, 

Copernicus Land Cover, ESA GlobCover, and ASAP Crop Mask) to assess their accuracy in 

cropland classification. Key contributions of their study included an accuracy assessment using 

reference datasets in eight countries in Sub-Saharan Africa including Mali, quantification of 

cropland classification consensus across all maps and pairwise agreement between individual 

maps as well as an evaluation of accuracy against spatial resolution. They found very low 

consensus across the 11 compared maps when predicting cropland, with the maps only 

unanimously agreeing on a cropland prediction in fewer than 0.5% of pixels in each of the 8 

countries studied. Their accuracy assessment against cropland reference datasets showed large 

disparities in performance, exhibiting F1 scores ranging from 0.21 for Mali to 0.71 for Rwanda. 

The authors further showed that the performance of the cropland products are overall weakly 

correlated with their spatial resolution, noting that their findings suggest that finer spatial 

resolution satellite data reduces false positives (other land cover types incorrectly classified as 

cropland) but not false negatives (cropland incorrectly classified as other land cover).  

Crop type maps go beyond the foundational delineation provided by cropland masks, offering 

detailed insights into the specific crops cultivated within agricultural areas. They play a vital 

role globally, but their development still faces significant challenges. Historically, insufficient 

satellite data and computational limitations posed barriers to developing these maps, but 

contemporary challenges revolve around the scarcity of high-quality ground reference data 

needed for calibrating and validating crop type classifications (Becker-Reshef et al., 2023). 

Currently at the global level, datasets like IFPRI SPAM2010, M3-Crops, and MIRCA2000 

provide broad overviews of crop type distributions. However, these global datasets rely on 

spatial allocation models and subnational statistics rather than the spectral signals of crops, 

limiting their resolution (~10 km) and accuracy, as well as their temporal relevance (Becker-

Reshef et al., 2023). For the European Continent, the European Crop Type Map for 2018 and 

2022 provides comprehensive crop type classification at 10m resolution for 19 crop types in 30 

countries based on Sentinel-1 and Sentinel-2 satellite data. This was achieved through 
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leveraging an extensive collection of field data, generated through the European Land Use and 

Cover Area Survey (LUCAS) (Ghassemi et al., 2024). A similar product, the Cropland Data 

Layer (CDL) exists for the United States, which provides annual crop type classifications for 

the entire Continental United States since 2008 at 30 m resolution and since 2024 at 10 m 

resolution. The current CDL is based on a combination of Landsat and Sentinel-2 data, and also 

leverages extensive field data collected through the National Agricultural Statistics Service 

(USDA NASS, 2024). 

Becker-Reshef et al. (2023) produced the first globally harmonized crop type product named 

GEOGLAM-BACS (Global Best Available Crop Specific Masks) for Maize, Soybean, Rice, 

Winter Wheat, and Spring Wheat by leveraging a collection of national, regional and global 

crop-specific masks and harmonizing them to a common 0.05-degree resolution. The best 

available crop-specific masks were selected, including the USDA NASS CDL for the US, and 

the European Crop Type Map. For Africa (excluding South Africa), the product however still 

relies on the IFPRI SPAM2010 statistical allocation model.  

Africa currently lacks a comprehensive, operational crop type mapping system with continental 

coverage based on EO data. Efforts are being made under the Digital Earth Africa initiative 

umbrella to develop a crop type classification system for Africa, with pilot projects in several 

countries, though operational products remain in development (FAO, n.d.) 

LULC mapping at large spatial extents, whether at country, continental, or global scales, 

requires automated classification approaches, as manual methods become prohibitively 

unfeasible and resource-intensive (Gilić et al., 2023).  The approaches to LULC can be broadly 

categorized into pixel-based and object-based methods, as well as supervised and unsupervised 

classification techniques. Most classification approaches are based on per-pixel information, in 

which each pixel is classified into exclusive classes based on the spectral information contained 

in each pixel. Supervised pixel-based methods require training data where the class labels are 

known, enabling the algorithm to learn the relationship between spectral signatures and LULC 

classes. Common supervised algorithms include Maximum Likelihood, Random Forests, 

Support Vector Machines (SVM), and more recently, Deep Learning models (Talukdar et al., 

2020). Unsupervised pixel-based methods, such as K-means clustering and ISODATA, group 

pixels with similar spectral characteristics without requiring training data, though these clusters 

must subsequently be labelled by analysts. Object-based approaches first segment the image 

into homogeneous objects or regions based on spatial, spectral, and textural characteristics, and 

then classify these objects rather than individual pixels. This method better represents landscape 

elements like fields or housing blocks and can reduce the "salt-and-pepper" effect often 

observed in pixel-based classifications for high resolution imagery (Blaschke, 2010). The 

selection of appropriate classification methods depends on several factors including the spatial 

resolution of the imagery, the complexity of the landscape, the availability of training data, and 

the specific objectives of the mapping exercise. In the context of crop type classification, 

temporal information of changes in spectral signatures over time, capturing phenological 

cycles, are also commonly being integrated into classification methods, aiming to increase the 

accuracy of crop type differentiation  (Waldner et al., 2015; Zhang & Li, 2022).  
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2.2.  Cropland Diversity in Smallholder Cropping Systems and Challenges 

for Classification 

 

In the Malian cotton belt, as across much of Africa, smallholder farming systems represent the 

predominant agricultural production model. These systems are characterized by their 

complexity and diversity, involving various cropping patterns, including intercropping and 

agroforestry elements (Lambert et al., 2018). Understanding and effectively capturing the 

processes and diversity within these farming systems is crucial for improving crop type 

classification. 

One way to conceptualize the complexity of smallholder cropping is by breaking it into key 

dimensions. Bégué et al. (2018) use three fundamental dimensions to describe cropping 

systems, which can also guide remote sensing analyses in agriculture: 

- Crop succession: The sequence of crops (and fallow periods) on a given field over multiple 

growing seasons. This captures the temporal aspect of how agricultural land use changes 

between years 

- Cropping pattern: The spatial arrangement and combination of crops and fallows within a 

field in a growing season, including whether the field is monocropped or hosts multiple crops 

simultaneously. This dimension addresses the spatial complexity of what is grown where. 

- Crop management techniques: The set of agricultural practices applied to the field, such as 

tillage, irrigation, fertilization, or pest management and harvesting 

Together, these dimensions provide a framework for capturing the temporal, spatial, and 

management complexities of smallholder agriculture. In Mali's cotton belt farmers employ a 

variety of cropping patterns. While monocropping (cultivating a single crop on a field at a time) 

is common, other practices like intercropping are also widespread. Intercropping involves 

growing two or more crop species simultaneously on the same parcel of land, often in a mixed 

or alternating arrangement (Mahlayeye et al., 2022). Trees are also commonly interspersed 

within fields in smallholder cropping systems (Lungu et al., 2024; Soumaré, 2008). Further, 

smallholder crop-livestock systems are prevalent, characterized by an interdependence between 

crop cultivation and livestock keeping (Dissa et al., 2024). Livestock interacts with the cropping 

system in various ways, such as providing manure and grazing on crop residues. 

There is also diversity in crop succession across Mali's cotton belt. While two-year or three-

year rotations of cotton-cereal rotations are common, with cotton typically alternating with 

cereals like maize, millet or sorghum, the specific sequence and duration vary considerably 

between farms (Dissa et al., 2024; Soumaré, 2008). Soumaré (2008) describes the diversity of 

crop management practises in the Malian cotton belt, noting that farmers employ a range of 

techniques tailored to local conditions, technological means and crop types, and that dates for 

sowing and harvesting and the timing and intensity of management practises can vary between 

farmers.  
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Smallholder farming environments in sub-Saharan Africa are further characterized by variable 

soil fertility at short distances. Within farms, the interplay of soil-forming processes and 

preferential management have resulted in fields with very different conditions (Soumaré, 2008; 

Vanlauwe et al., 2017). 

These factors constitute considerable challenges for cropland and crop type classification with 

remote sensing. One bottleneck is the small parcel size. The majority of Africa's agricultural 

land falls within small (<1.5 ha) and very small (<0.15 ha) parcel sizes (Pérez-Hoyos et al., 

2017). Smallholder parcels further typically feature irregular boundaries and shapes that don't 

align with pixel grids. To detect pure class signatures, pixels need to be smaller than the mean 

parcel size (Delrue et al., 2013). Delrue et al., (2013) highlight that this can achieved in many 

regions of the world with medium to high resolution imagery, referring specifically to Landsat 

5 at 30 metre resolution, but showed that this resolution was not sufficient for classification in 

smallholder agricultural regions. Resolutions of around 10m or higher are therefore a 

prerequisite for addressing crop type classification in these contexts (Lambert et al., 2018).  

But challenges go beyond spatial resolution. As highlighted, parcels in smallholder systems 

show large presence of trees within fields. Meaning that even at resolutions sufficient to capture 

small fields, the spectral signatures of crops are obscured by the presence of trees interspersed 

within the parcel. Intercropping presents a further unique challenge, as the crop diversity 

introduced by intercropping means that the spectral signature of pixels within a field can be a 

complex composite of spectral signatures from different crop types. Further the variability in 

management practices and their timing leads to a temporal misalignment of spectral signatures 

of crops. 

In this study, the term heterogeneity is used to refer to the inherent variability of agricultural 

parcels within smallholder cropping systems. Two distinct forms of heterogeneity can be 

conceptualized within these systems: inter-parcel heterogeneity, which refers to variability in 

characteristics, management and yield between different plots, and intra-parcel heterogeneity, 

which refers to variability within a single plot, including mixed cropping, presence of trees, soil 

fertility gradients and vegetation health. (Sida et al., 2021). These agricultural realities directly 

translate into specific remote sensing classification challenges. As Huang et al. (2025) note, 

smallholder systems create a classification environment characterized by two problematic 

patterns: lower inter-class variability, where parcels of different crop types appear spectrally 

more similar due to confounding factors, and higher intra-class variability, where the same crop 

type exhibits diverse spectral signatures across pixels of different fields and within the same 

field. Together, these forms of heterogeneity fundamentally challenge conventional 

classification approaches that assume spectrally distinct classes with internal homogeneity. 

Both inter-parcel and intra-parcel heterogeneity must therefore be effectively addressed to 

achieve accurate crop type mapping in smallholder landscapes. 
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2.3.  Crop Type Classification Approaches in Smallholder Cropping 

Systems  

 

Akinyemi et al. (2023) note that most current Earth Observation approaches for crop type 

mapping were predominantly developed for large-scale monocultures in industrialized 

economies, creating methodological challenges when applied to smallholder agricultural 

contexts. The inherent complexity of smallholder systems, characterized by small parcel sizes, 

heterogeneous field conditions, extended and variable sowing windows, and the wide presence 

of non-crop features within fields necessitates classification methodologies capable of handling 

multidimensional complexity across temporal, spatial, and spectral domains 

The advent of Sentinel-2, with it's 10 m resolution in the VIS and NIR domain and temporal 

revisit time of 5 days has provided the capabilities to address some of these challenges. Studies 

by for example Gumma et al. (2022) in India, Ibrahim et al. (2021) in Nigeria, Mazarire et al., 

(2020) in South Africa and Lambert et al., 2018 in Mali have performed crop type mapping in 

smallholder systems using Sentinel-2 time series. Lambert et al. (2018) mapped crop types 

using a supervised Random Forest classification approach in Mali's cotton belt for the crops 

cotton, maize, millet, sorghum and peanut achieving an overall accuracy of 80 %. Furthermore, 

they incorporated a tree mask derived from soil-specific NDVI thresholding of a VHR image 

and investigated its effect on crop classification performance. Their analysis revealed that 

removing trees in classification did not significantly improve accuracy, leading them to 

conclude that tree masking was not beneficial for crop type mapping at 10-meter spatial 

resolution within their study area. 

The scarcity of cloud-free imagery in the growing season often necessitates combining data 

from multiple sensors to collect sufficient information of different phenological stages for crop 

type discrimination. The combination of optical and radar data is particularly compelling as 

each can capture complementary information with respect to structure of the canopy and 

biochemical properties of crops (Choukri et al., 2024). A study by Akinyemi et al. (2023) 

utilized optical and Synthetic Aperture Radar (SAR) imagery for crop type mapping of 

heterogeneous smallholder farming systems in southwest Nigeria with a focus specifically on 

capturing maize-cassava intercropping. They employed a combination of Sentinel-1 and 

Sentinel-2 time series data in different combinations at monthly and bimonthly intervals to 

classify cropland classes across two growing cycles. Their approach, employing the random 

forest algorithm, allowed for the identification of eight distinct farming system classes based 

on crop types and planting periods (Early Cassava, Late-Cassava, Early Maize, Late-Maize, 

Intercropped Cassava and Maize, Rice, Yam, and "Others"). While the classification model with 

only monthly Sentinel-1 time series data performed poorly with an accuracy of 0.50, the model 

combining monthly Sentinel-1 with bimonthly Sentinel-2 data performed better with an overall 

accuracy of 0.77 and effectively reducing cloud-related data gaps to just 0.2%. Classification 

utilizing only Sentinel-2 data performed similarly well, but with data gaps affecting over 10 % 

of the cropland area (Akinyemi et al., 2023). Of note here is that the authors also specifically 

targeted an intercropped class "maize-cassava" which they were able to identify with a user 

accuracy of 0.79 and a producer accuracy of 0.85. 
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Kpienbaareh et al. (2021) combined Sentinel-1 with Sentinel-2 and PlanetScope optical 

imagery for crop type and land cover mapping in Malawi. Their approach involved an optical 

image fusion approach of corresponding images of Sentinel-2 and PlanetScope to produce 

higher resolution Sentinel-2 multispectral images. The combination of the fused imagery with 

Sentinel-1 data achieved significantly higher accuracy (over 85% overall accuracy) compared 

to Sentinel-1 or fused Sentinel-2 - PlanetScope imagery alone. 

Commercial very high-resolution (VHR) satellite imagery is sometimes employed for 

classification in smallholder agricultural system; however, such studies are typically 

constrained to limited geographic extents mainly due to the prohibitive acquisition costs of 

commercial VHR data (Ibrahim et al., 2021). Aguilar et al. (2018) used spatial and spectral 

features derived from seven multi-spectral Worldview-2 images (~2m spatial resolution) 

throughout the cropping season to classify crop types in southern Mali and employed ensemble 

classifiers to achieve a higher overall accuracy (75.9%) than a single classifier. They found that 

spatial features can enhance crop discrimination capabilities, particularly in heterogeneous 

agricultural landscapes where local variance patterns become increasingly pronounced and 

potentially informative when analysed through VHR imagery. Debats et al. (2016) highlight 

that features that capture textural and contextual information have been found to improve 

classification accuracy over spectral information alone, but their use has been limited by their 

complexity and high computational cost.  

According to a review of Mahlayeye et al. (2022), there are few substantial studies so far that 

have classified crop-combinations within intercropped fields. Hegarty-Craver et al. (2020) 

mapped dominant crop types in intercropped Rwandan fields by combining unmanned aerial 

vehicle (UAV)-derived ground truth data with Sentinel-1 SAR and Sentinel-2 optical imagery. 

Their approach overlaid a 10x10 m satellite grid with UAV imagery, labelling each pixel 

according to its dominant crop type or landcover (≥75%) across seven classes. The Random 

Forest model achieved 83% overall accuracy (91% for maize, 84% for beans). Richard et al. 

(2017) utilized RapidEye data at 5 metre spatial resolution for classifying mono-and mixed 

maize cropping systems in Kenya. Using two images during maize stem elongation and 

flowering phenological crop development stages, they first created a crop mask to exclude non-

crop features and then classified the cropland into mono- and mixed maize classes using a 

Random Forest classifier. Their approach achieved an overall accuracy above 85%. They 

highlight that the confusion patterns were primarily linked to weed infestation and the presence 

of trees within some fields (Richard et al. 2017). They concluded that explicit mapping of 

different cropping systems is feasible in smallholder agricultural landscapes if high resolution 

and multi-temporal satellite data is employed. 

Mahlayeye et al., (2022) highlight the potential of VHR sensors for discriminating crop types 

in intercropped fields. Higer spatial resolution enables the differentiation of individual crops 

grown in proximity, though distinguishing intercropped species remains challenging due to 

overlapping spectral signatures and varying crop densities. Despite this potential, studies 

employing VHR imagery are typically restricted to local applications, with no research yet 

successfully mapping intercropping patterns or crop proportions across multiple crop types at 

scale (Mahlayeye et al., 2022). A common methodological approach in crop type mapping 
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involves first creating a cropland mask before proceeding to crop type classification. However, 

the accuracy and spatial resolution of existing cropland products often hamper the precise 

identification of smallholder fields. This limitation frequently necessitates manual digitization 

of field boundaries to create cropland masks (as done by Debats et al., 2016; Lambert et al., 

2018) or LULC classifications as precursors to crop type mapping (as done by Richard et al., 

2017).  

The effectiveness of crop type classification approaches in smallholder contexts is highly 

dependent on reliable ground data and an understanding of local agricultural dynamics. Heiss 

et al. (2025) note in their review of Earth Observation applications for mapping cropping 

systems in West Africa that numerous studies criticize the lack and quality of reference data for 

smallholder farming, with multiple researchers noting the scarcity of validation and training 

datasets. The lack of field data availability limits the calibration and validation methods used 

for mapping intercropping patterns. While not substituting field data, VHR imagery can be 

utilised to gather reference data for training a model and assessing its accuracy. Additionally, 

the increasing accessibility of UAV technology presents promising opportunities for collecting 

reference data at submeter resolutions (Mahlayeye et al., 2022). 

 

3. Research Objectives 

Crop type mapping in smallholder agricultural systems is an active research area, with regional 

and global efforts for improving mapping products being performed. However, few studies have 

systematically explored how intra-field heterogeneity can be leveraged to improve crop type 

mapping performance in smallholder systems. This study aims to narrow this gap by 

investigating the potential of intra-field heterogeneity to enhance crop type classification 

accuracy. 

To explore this, this study will exploit data from three sensors, namely Sentinel-2, PlanetScope, 

and Pléiades, as well as field observations on crop types and intra-field heterogeneity recorded 

for cropland parcels in the study area. The study will focus and progress with the following 

objectives: 

(1) Investigate correspondence of field-assessed heterogeneity classifications with spectral-

temporal signatures and visible structural properties of parcels across crop types and different 

sensor resolutions. 

(2) Compare the performance differences between Sentinel-2, PlanetScope, and Pléiades 

imagery for crop type classification, focusing on how spatial resolution affects classification 

performance across heterogeneous field conditions. 

(3) Assess how the integration of intra-field heterogeneity information and satellite derived 

intra-field NDVI variability affects crop type classification accuracy across varying sensor 

resolutions. 

(4) Evaluate how excluding non-crop features from training and validation datasets through 

VHR-derived tree and cropland masks influences crop type classification accuracy metrics. 
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4. Study Area and Data 

4.1.  Study Area  

The study area comprises a 10 × 10 km region (12.64°N-12.73°N, -7.43°E to -7.34°E) located 

east of Bamako in the Dioïla Cercle, an administrative subdivision of Mali's Koulikoro Region 

(Figure 1). This area falls within Mali's cotton belt, a key agricultural zone characterized by 

smallholder farming systems where cotton is the primary cash crop. 

Elevation ranges between 345 and 415 metres above sea level. The study area is located in the 

Sudano-Sahelian zone and is classified as Tropical Savanna Climate (Aw) according to the 

Köppen-Geiger climate classification. Annual mean temperature in the study area is 27.2°C, 

with considerable seasonal variation ranging from a minimum of 13.5°C in the coldest month 

to a maximum of 39.3°C in the warmest month. Precipitation totals approximately 805 mm 

annually (WorldClim - Fick & Hijmans, 2017). The region experiences a prolonged dry season 

from November to April with virtually no precipitation during these months. During the dry 

season the temperature and saturation vapour deficit increase and crop production is not 

possible without irrigation (Traore et al., 2013). 

Soils in the study area are classified as lithic leptosols according to the FAO soil classification 

system. These are very fine soils developed on continuous rock with the parent rock appearing 

less than 10 cm from the soil surface and have an extremely rich content of coarse fragments 

(Anjos et al., 2015; Gómez-Escalonilla et al., 2022).  

The study area is largely classified as an alternation of shrub- and grassland with cropland and 

some built-up area according to the ESA WorldCover land cover map for 2021. The route 6 

national highway cuts through the study area in the northwest. The region widely features mixed 

agrosylvo-pastoral systems centred around cotton, the primary cash crop, rotated with cereals 

(sorghum, pearl millet, maize) and legumes. Cotton and to a lesser extent maize receive organic 

manure, chemical fertilizers, and pesticides, while other cereals rarely get any inputs, leading 

to soil nutrient depletion and declining soil organic matter. Cattle, goats, and sheep are held as 

livestock with agro-pastoralists practicing primarily sedentary farming, with transhumance 

taking place in the dry season (Traoré et al., 2013). 

Climate variability significantly impacts agriculture in the Sudano-Sahelian region through heat 

waves, droughts, floods, and extreme weather events. A review by Traoré et al. (2007) of 

knowledge on regional climate in Sudano-Sahelian West Africa identified rainfall 

unpredictability as a major agricultural challenge. Farmers face difficult planting decisions, as 

early rains may not reliably indicate monsoon establishment, risking crop failure from dry spells 

after planting or waterlogged fields if planting is delayed (Traore et al., 2013). 
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Figure 1: Study area in Mali shown with Pléiades imagery with contextual maps displaying location (Open Street 

Map), land cover (ESA WorldCover 2021), elevation (Copernicus DEM GLO-30), and annual precipitation 

(WorldClim v2.1). 

 

4.1.1. Seasonal Pattern of Agricultural Activities and Crop Development 

Figure 2 illustrates the agricultural calendar in Mali’s cotton belt and describes the characteristic 

timing of key agricultural activities such as field preparation, sowing and harvesting for major 

crop types. This calendar (from Soumaré, 2008, see Figure 2) is crucial for understanding the 

phenological patterns of cultivating crops in the region and will aid to interpret the satellite 

imagery in subsequent chapters. 

Cotton, the primary cash crop in the region, initiates the agricultural season, beginning with 

land preparation (field cleaning and organic manure application) as early as February-March 

and continuing into April. Sowing begins with the first significant rains in late May and extends 

through early June, closely followed by two key weeding periods in June and July, accompanied 

by urea fertilization (i.e. low-cost nitrogen fertilizer) and ridging. Cotton reaches its peak 

vegetative growth around September, with systematic insecticide treatments during flowering 

and boll-setting phases. Harvesting typically occurs between October and November. 
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Field preparation for maize starts slightly later than cotton, with cleaning activities in March 

and April. The main sowing period occurs from late May through June, with weeding and urea 

fertilization primarily in July, followed by ridging in August. Grain filling of the crop usually 

occurs through September, with harvesting beginning as early as the end of September lasting 

until the end of October. Post-harvesting processes such as threshing and storaging occur in 

December and January. 

For Millet and Sorghum, the agricultural season begins with field cleaning in May, with sowing 

taking place between the end of May to early August. Weeding and fertilization takes place 

from July trough August, with harvesting typically occurring from late October into November, 

slightly later than for maize and cotton. Threshing and storaging occur thereafter, lasting into 

December and January. 

For "petites cultures,” which includes various legumes or vegetables, sowing typically occurs 

in July with harvesting taking place around the end of September and into October. Overall, the 

agricultural calendar in Mali's cotton belt is characterized by a clear sequence of activities that 

are closely tied to the seasonal rainfall patterns. Each crop type follows a slightly different 

temporal progression from land preparation and planting to harvest.  

 

 

Figure 2: Agricultural calendar showing main crop cultivation periods and timing of agricultural activities in the 

region. Translated and adapted from Soumaré (2008, p.177). 

 

4.2.  In-Situ Data 

The in-situ data for this study was collected during a comprehensive field campaign conducted 

in October and November 2024 under the FAO-EOSTAT programme, with the primary 

objective of acquiring field data for producing precise cotton maps across Mali's cotton belt. 

The campaign collected approximately 10,000 geolocated crop points via a windshield survey 

and 4332 fields were digitized and labelled by enumerators within Area Sample Frames (ASF). 

Data collection was synchronized with the acquisition of high-resolution Pléiades satellite 
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imagery over selected 10 km x 10 km areas to capture a snapshot of the parcels that were 

inspected. While the campaign covered multiple sites, this thesis focuses on a single 10 km x 

10 km study area. The dataset utilized herein is a subset of the larger campaign, comprising 825 

labelled fields derived from the ASF approach for this specific study area. The data was initially 

recorded in French and translated to English for analysis purposes. 

 

 

Figure 3: Parcels for which data was collected in the Study Area overlayed on pansharpened Pléiades VHR 

image taken on 19.10.2024 
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4.2.1. Overview of In-Situ Data Collection and Key Categories of Information 

The data collection focused on the following key informational categories:  

Table 1: Categories of Information recorded for the parcels 

Category of 

Information 
Description 

Crop Type 

The type of crop(s) grown in each parcel. Recorded across three columns: (1) the primary 

crop, (2) the second crop, and (3) the third crop (secondary and tertiary crop only if multiple 

crops are grown). 

Crop System 
Classification of cropping system: either (1) Unique, (2) Associated/Intercropped, (3) Mixed, 

(4) Empty Plot or (5) NA. Reflects monoculture vs. polyculture practices. 

Heterogeneity 

Class 

Ordinal classification of parcel-level heterogeneity: (1) Very Low, (2) Low, (3) Medium, (4) 

High, (5) Very High. 

 

Enumerators recorded additional context or observations in free text fields during data 

collection. Further, photographs were taken for select parcels to visually document the field 

conditions. These photographs serve as a visual reference for the recorded observations and 

provide additional context to the data collected. 

 

4.2.2. Classification Scheme of Intra-Field Heterogeneity 

For the in-situ data collection campaign, heterogeneity is operationalized as an ordinal measure 

that considers structural and functional aspects of the parcels. While ordinal in nature these 

classes correspond to percentage intervals in bins of 20 percent. The considered elements 

include crop density, level of weed presence, gaps/bare patches as well as the general structural 

make-up of the parcel. The enumerators were trained to identify and classify these elements 

based on their visual observations. The heterogeneity class was then derived by a holistic 

assessment of these elements (see Table 2).  

Based on this classification scheme, a field with lower heterogeneity is typically characterized 

by a uniform crop structure, with consistent crop cover and no significant bare patches or 

irregularities. The field appears well-maintained, with minimal weed presence and it shows 

little to no signs of stress or damage from external factors like flooding or pests. Such a field 

would be reflective of effective agricultural management and high yield potential, which is why 

it receives a good field rating.  

Conversely, higher heterogeneity fields would display inconsistent vegetative structure with 

characteristics such as low crop density, visible gaps, patchy coverage, significant weed 

presence, or damage from environmental factors. Importantly, not all these elements must be 
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present simultaneously. Fields may exhibit only some of these characteristics yet still receive a 

higher heterogeneity rating. 

It is important to note that, according to the classification scheme, the presence of trees within 

a parcel was not considered a factor in this heterogeneity assessment. They are viewed as a 

separate element that is supposed to not directly influence the heterogeneity rating of a parcel. 

 

Table 2: Criteria for heterogeneity assessment of parcels 

 

 

 

4.2.3. Strengths and Limitations of the In-Situ Heterogeneity Assessment 

In this classification scheme, ultimately, the level of heterogeneity directly informs the field 

rating, equating the perceived structural and functional characteristics of the field with its 

agronomic performance. The classification system is designed to be intuitive and 

straightforward, allowing for quick assessments based on visual inspection and expert judgment 

by the enumerators. While this approach is practical for field teams, it does introduce 

subjectivity and inter-observer variability, especially in handling borderline cases. The scheme 

treats various factors as composite indicators of heterogeneity. These factors themselves are not 
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directly quantified but are instead assessed qualitatively in an intermediate step, with the 

information then being combined into a single heterogeneity class. As the individual 

characteristics are not explicitly measured or reported, this leads to a loss of information and 

detail, potentially masking important variations within the data. This approach also removes the 

ability to derive the fundamental underlying causes of the observed heterogeneity in the study 

area. Further, no weighting is applied to the individual factors, meaning that all elements are 

treated as equally important in determining the overall heterogeneity class. This can lead to 

inconsistencies in how different enumerators interpret and apply the classification scheme, 

particularly in cases where the observed characteristics are not clear-cut. 

Further this data lacks a temporal dimension, meaning that it does not capture potential changes 

in heterogeneity over time. While information on a parcel's crop type(s) can be expected to 

remain static throughout the growing season, the heterogeneity class is a snapshot of the field's 

condition at the time of data collection and does not account for how heterogeneity may have 

evolved throughout the season. This is a significant limitation, as management practices and 

conditions can vary widely and adversely or positively affect field conditions. For example, a 

field may have been well-maintained at the beginning of the season but may have deteriorated 

or even abandoned due to adverse weather conditions or pest outbreaks. Conversely, a field that 

appeared heterogeneous at the start of the season may have improved due to effective 

management practices. Acknowledging these constraints, particularly the static nature of the in-

situ heterogeneity assessment, is an important consideration when working with this data. 

 

4.3.  Remote Sensing Data 

Satellite imagery from Sentinel-2, PlanetScope and Pléiades, with varying spatial and spectral 

characteristics are utilized. The utilized spectral bands and their bandwidths are provided in the 

Annex (see Table 18). 

The Sentinel-2 mission, part of the European Copernicus Programme, consists of three sun-

synchronous satellites: Sentinel-2A, Sentinel-2B, and the recently launched Sentinel-2C which 

is set to replace Sentinel-2A (European Space Agency, 2025). The satellites carry a 

Multispectral Imager Sensor that captures thirteen spectral bands spanning from coastal blue (λ 

= 443 nm) over the visible, near infrared to shortwave infrared (λ = 2190 nm), at varying spatial 

resolutions of 10m, 20m, and 60m. In a two-satellite configuration it provides around a five-

day revisit frequency near the equator with data available since 2016/2017. Sentinel-2 has since 

been widely employed for land-use landcover cover classification tasks (Phiri et al., 2020). 

PlanetScope Analytics 8-band imagery, from commercial smallsat provider Planet Labs, offers 

enhanced spatial detail at a resampled 3 metre resolution with daily revisit capability. The 

PlanetScope constellation consists of "flocks" of Dove satellites. They are miniature CubeSats 

operating in sun-synchronous orbit, designed to work as a coordinated system for continuous 

Earth observation. The newest generation, called SuperDoves, was first launched in April 2019 

and carries the 'PSB.SD' sensor capable of capturing eight spectral bands in the VIS and NIR 

domain. Imagery is available from mid-March 2020. Specified nadir ground sample distance 

varies between 3.7 meter to 4.2 meters (Planet, 2023). Despite its advantages, PlanetScope 
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imagery presents technical challenges for scientific applications. As Frazier and Hemingway 

(2021) note, the constellation approach results in data acquisition from numerous different 

satellites rather than a single or dual sensor platform. Since individual PlanetScope scenes cover 

relatively small areas, multiple adjacent scenes must typically be mosaicked together to cover 

research areas. This creates substantial scene-to-scene variations in reflectance due to different 

acquisition times, illumination conditions, and subtle sensor differences among the flock. This 

process can introduce geometric and radiometric inconsistencies. The authors highlight that 

positional errors can be considerable in PlanetScope imagery. Nevertheless, the combination of 

high spatial resolution and daily revisit capability offers unique advantages for applications 

requiring frequent observations, particularly in agricultural monitoring contexts. 

For the study area, a very high resolution Pléiades satellite image was specifically 

commissioned and acquired to enable detailed analysis at sub-meter resolution. The Pléiades 

constellation, operated by Airbus Defence and Space, consists of two identical satellites (1A 

and 1B) in sun-synchronous orbit that capture optical imagery with a 20 km swath width at 

nadir. The sensor system collects data across four multispectral bands - Blue, Green, Red, and 

Near-Infrared - at 2 m spatial resolution, along with a panchromatic band at 0.5 m resolution 

that enables pansharpening for enhanced spatial detail (Airbus Defence and Space Intelligence, 

n.d.). The imagery was provided in pre-processed format, already orthorectified and corrected 

for off-nadir viewing angles and topographic relief effects. The acquisition date of the image is 

the 19th of October 2024. 
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5. Processing of Remote Sensing Data 

This chapter details the acquisition and processing workflows implemented for the three 

satellite imagery sources utilized in this study: Sentinel-2, PlanetScope, and Pléiades. For 

Sentinel-2 and PlanetScope, the processing workflow was designed to generate consistent time 

series spanning the agricultural growing season (May-November 2024), requiring procedures 

for cloud masking, compositing, and gap-filling to overcome the challenges of frequent cloud 

cover. For the Pléiades’ single acquisition (October 19, 2024), pansharpening was performed to 

maximize spatial detail.  

 

 

Figure 4: Workflow of EO Data Processing 

 

5.1.  Processing of Sentinel-2 Imagery 

5.1.1. Data Acquisition 

Sentinel-2 imagery was acquired through Google Earth Engine platform using the Earth Engine 

Python API. The Copernicus Sentinel-2 Collection 1 MSI Level-2A dataset was utilized, which 

provides orthorectified surface reflectance with atmospheric correction already performed 

using the Sentinel-2 Correction (Sen2Cor) algorithm (European Space Agency, 2021). A 

comprehensive image collection was assembled by applying multiple filtering criteria: 

including spatial intersection with the study area boundary, acquisition dates between May 1 

and November 30, 2024, and Sen2Cor-based cloud cover assessment below 80%. This initial 

filtering retained only potentially usable scenes while excluding very heavily clouded 

acquisitions. The filtered collection was subsequently clipped to the precise extent of the study 

area. 

Additionally, for the months with persistent cloud cover (June-August), the Sentinel-2 Level-

1C Top-of-Atmosphere reflectance product was acquired from the Copernicus Data Space 
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Ecosystem using an institutional API access script. This approach targeted the MGRS tile 

covering the study area (29PPQ) and was implemented because Level-1C data enables the 

application of alternative cloud masking algorithms, specifically Function of Mask (Fmask) 

4.3, which has shown to be effective in cases when Sen2Cor's cloud detection underperforms 

(Sanchez et al., 2020). The Level-1C images were processed and atmospherically corrected 

using Sen2Cor before applying the cloud masking. 

 

5.1.2. Cloud Masking 

Two complementary cloud masking approaches were implemented for Sentinel-2 imagery due 

to varying cloud conditions throughout the study period.  

For the months with lower cloud prevalence (May, September-November), the Sen2Cor scene 

classification layer was utilized, excluding pixels classified as clouds, thin cirrus, cloud 

shadows, and defective/saturated pixels. This approach proved adequate for these months but 

failed to effectively mask clouds for the months of June to August. Alternative cloud masking 

was attempted using the s2cloudless cloud probability layer, generated by Sentinel Hub, and 

which is available through Google Earth Engine. This layer provides pixel-wise cloud 

probabilities (0-100%). Despite testing multiple probability thresholds for cloud detection, none 

significantly improved the masking effectiveness in these months. 

This necessitated the implementation of the Fmask algorithm as a more robust alternative 

solution for these month (Qiu et al., 2019; Sanchez et al., 2020).  Implementation involved 

processing the Level-1C imagery through Fmask 4.3 algorithm using multiple probability 

thresholds (10%, 20%, 30%, and 40%), which classified pixels into six categories (clear land, 

clear water, cloud shadow, snow, cloud, or no observation). Based on visual assessment, the 

10% probability threshold provided reliable cloud identification. From these, binary masks 

were created that were subsequently applied to the Sen2Cor-processed Level-2A surface 

reflectance product, effectively only retaining pixels that were classified as clear land or clear 

water. 

 

5.1.3. Resampling and Creation of Composite Images 

The 20-meter resolution Sentinel-2 bands (B5, B6, B7, B8A, B11, B12) were resampled to a 

consistent 10m resolution using bilinear interpolation, which calculates distance weighted 

averages from the four nearest pixels (ESA, n.d.)  

An adaptive temporal compositing framework was implemented to address varying cloud 

conditions throughout the study period. For months with low or moderate cloud prevalence 

(May, September, October, November), biweekly (15-day) composites were generated. For the 

months with extensive masking due to cloud prevalence (June, July and August) different 

approaches were trialled. The June data was ultimately excluded due to persistent cloud 

contamination preventing meaningful compositing, while July and August imagery was 

combined into a single two-month composite to accumulate sufficient valid observations. 



20 

 

All composites were generated calculating the pixel-wise median for the band values across 

their respective temporal windows. This resulted in 9 composite images distributed across the 

growing season, capturing different phenological stages. Figure 5 shows the composite images 

for the different time periods. 

 

 

Figure 5: Visualization of 9 Sentinel-2 composite images across the growing season 2024 

 

 

5.2.  Processing of PlanetScope Imagery 

5.2.1. Data Acquisition 

PlanetScope imagery was obtained through the Planet Explorer platform. The PlanetScope 

orthorectified 8-band Surface Reflectance (SR) product was selected. The data is delivered in 
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UTM projection (UTM29N for the study area) with 16-bit radiometric resolution 

(Planet Labs PBC, 2022). The imagery was filtered for the time period from 1. May to 30. 

November 2024. The temporal resolution of the SuperDove constellation is approximately 1-4 

days during the period of interest in the study area. Image tiles of specific dates were selected 

manually based on cloud cover and acquisition date, intending to have a balanced distribution 

of images across the study period. 

 

5.2.2. Cloud Masking 

Cloud and quality masking for PlanetScope imagery was implemented using the Usable Data 

Mask 2 (UDM2) file that accompanies the surface reflectance product. The UDM2 is an 8-band 

quality assessment layer providing per-pixel binary classifications and associated classification 

confidence scores (Planet, 2023). Bands represent specific quality attributes: clear pixels, 

clouds, cloud shadows, heavy haze, light haze, snow, and unusable pixels due to sensor or 

processing anomalies. The implemented masking procedure excluded all pixels from the scenes 

that were flagged with any non-clear condition in the mask.  

 

5.2.3. Mosaicking and Creation of Composite Images 

Since the PlanetScope imagery is provided in ortho tiles, the individual tiles covering the study 

area were mosaiced together to create a single image for each date. For each acquisition date, 

all available tiles were mosaicked using the "last" rule for overlap areas, which prioritizes pixel 

values from the most recent acquisition when multiple tiles cover the same location. 

Following the temporal framework established for Sentinel-2, PlanetScope imagery was 

organized into biweekly (15-day) time spans for May, June, July, October, and November 2024. 

The compositing strategy employed a hierarchical approach: if a single cloud-free scene with 

complete study area coverage existed within a biweekly period, it was selected directly; 

otherwise, a pixel-wise median composite was generated from all available scenes within that 

period.  

For August, characterized by extensive cloud cover, a monthly composite was created to have 

sufficient valid observations. September imagery was ultimately excluded for analysis due to 

persistent cloud contamination that prevented the creation of a reliable composite. 

The band values of the images were then converted from Digital Numbers (DN) to reflectance 

values. Figure 16 (see in Annex) shows the composite images for the different time periods. 

 

5.3.  Pansharpening of Pléiades Image 

Pansharpening was performed on the Pléiades image to enhance the spatial resolution of the 

multispectral bands from 2 m to 0.5 m. The BundleToPerfectSensor application of the Orfeo 

Toolbox (OTB) was used. The OTB is an open-source project for processing remote sensing 

data, and it provides a range of tools for image processing, including pansharpening (Inglada & 

Christophe, 2009). 
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For the pansharpening process, the 0.5 m panchromatic band (PAN) and 2 m multispectral 

bands (XS) were selected as inputs. Since the Pleiades bands are already coregistered, the 

application automatically switched to Pléiades High Resolution (PHR) mode, which relies on a 

simple affine transformation rather than complex sensor models. Linear interpolation was 

selected for resampling the multispectral (XS) bands to match the higher resolution. The Ratio 

Component Substitution (RCS) fusion method was employed, which applies a low-pass filter 

to the panchromatic band, creates a ratio between the multispectral bands and the filtered 

panchromatic image, and then multiplies this ratio by the original high-resolution panchromatic 

data (Mhangara et al., 2020; Orfeo ToolBox Team, 2018). The final output is a 0.5 m resolution 

four-band raster (RGB and NIR) that effectively combines the high spatial detail of the 

panchromatic band with the spectral characteristics of the multispectral bands (see Figure 3). 

 

5.4.  Calculation of Spectral Indices 

A suite of spectral indices was calculated for Sentinel-2, PlanetScope, and Pléiades imagery to 

track crop phenology and enhance crop type classification capabilities. Primarily vegetation 

indices were selected that leverage reflectance information from visible and near-infrared 

regions, as these can exploit the chlorophyll absorption and plant structural features for 

assessing vegetation states. (Montero et al. 2023). These include the Normalized Difference 

Vegetation Index (NDVI) which is widely established in the field for quantifying vegetation 

greenness, supplemented by variants like the Soil-Adjusted Vegetation Index (SAVI) that 

incorporates soil brightness correction factors for soil interference, and indices like the Plant 

Senescing Reflectance Index (PSRI) that has advantages over NDVI in capturing plant 

senescence (Anderegg et al., 2019). Additionally, indices targeting non-vegetation features, 

including the Normalized Difference Water Index (NDWI) and Normalized Difference Built-

up Index (NDBI) were included, for improved distinction between different landcover classes. 

Table 19 (see Annex) lists the spectral indices, and the involved bands for calculation. Each 

sensor's specific capabilities informed the spectral index selection. Sentinel-2's broad spectral 

range allowed calculation of all indices, including those using red-edge bands for vegetation 

characterization and those utilizing shortwave infrared bands. PlanetScope supports most 

vegetation indices with its single red-edge band, while Pléiades' limited range (blue, green, red, 

NIR) only accommodated few indices. All calculations followed standardized formulations 

from the Awesome Spectral Indices catalogue (Montero et al., 2023). 

 

5.5.  Linear Gap-Filling of Satellite Time Series 

To address data gaps in the satellite imagery time series resulting from cloud masking and 

insufficient coverage for complete compositing of scenes, a temporal gap-filling procedure was 

implemented for both Sentinel-2 and PlanetScope time series. This processing step was 

necessary for performing classification, since classifiers such as Random Forest require 

complete observations across all time points to construct the multidimensional feature space. 
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The gap-filling was performed using linear temporal interpolation, where missing pixel values 

were estimated by calculating a weighted average between the nearest valid observations before 

and after each gap. This weighting is proportional to the temporal distance between the target 

date and the available observations. The implementation utilized the interpolate_na() function 

from the xarray library. Prior to interpolation, the data was structured into a four-dimensional 

array with dimensions (time, band, x, y), with each composite assigned a representative 

timestamp corresponding to the midpoint of its compositing period. The interpolation was 

performed independently for each spectral band and derived index. Figure 17 and Figure 18 

show the gap-filled NDVI time series for Sentinel-2 and PlanetScope. 

 

5.6.  Generation of a Tree Mask from Pléiades Image 

 A critical component in the analysis of agricultural landscapes with agroforestry elements is 

the accurate delineation of tree crowns within cropland parcels. To address this, a tree mask 

needed to be developed using the pansharpened 0.5 m Pléiades image. Recent studies have 

demonstrated significant potential for mapping individual trees using submeter resolution 

satellite imagery (Li et al., 2023; Wagner et al., 2018). 

Initially, a pre-existing tree mask developed by Brandt et al. (2020) was evaluated for potential 

utilization. This product, created through deep-learning techniques, had successfully mapped 

billions of individual trees and shrubs across sub-Saharan desert and Sahelian savanna 

landscape types. However, upon assessment, several limitations were identified. The product 

was generated using imagery collected between 2005 and 2018, resulting in temporal 

misalignment with current field conditions. Furthermore, while tree crowns were indeed 

extensively mapped within the study area, the product exhibited insufficient accuracy for the 

purposes of this research. Specifically, smaller trees were not adequately captured, and 

significant locational mismatches were observed between the mapped crowns and the trees 

identified in the available satellite imagery. 

Subsequently, a segmentation-classification approach was attempted using Trimble eCognition 

software. The methodology employed a multiresolution segmentation algorithm, which 

functions as a bottom-up segmentation process based on pairwise region merging. This 

algorithm iteratively merges pixels or existing image objects to minimize average heterogeneity 

while maximizing homogeneity across the resulting segments (Trimble Inc., n.d.). The 

segmentation parameters were calibrated using selected spectral bands and derived indices 

including NDVI, NDWI, and NDBI. Following segmentation, training samples were to be 

selected to train a supervised classifier for tree crown classification. 

Despite trialling various parameter configurations, the segmentation results did not achieve 

satisfactory tree crown delineation. A primary limitation is the timing of the Pléiades image 

acquisition, which coincided with a period of active crop cover. This temporal characteristic 

contrasted significantly with the approach employed by Brandt et al. (2020), who strategically 

utilized dry season imagery when only woody vegetation remains photosynthetically active, 

creating a strong spectral contrast between trees crowns and the background. The presence of 

active crop cover interfered with the spectral separation between tree crowns and surrounding 
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vegetation, hampering the segmentation process. Additionally, the computational demands of 

processing high-resolution imagery in eCognition presented practical implementation 

challenges. Alternative approaches using Python libraries such as scikit-image were also 

explored but similarly failed to produce acceptable results for operational use in this study. 

The solution was ultimately provided by PhD student Abdoulaye Guindo, who successfully 

developed a tree mask using a comparable segmentation-classification approach based on the 

Pléiades image. While not achieving perfect crown delineation, this mask (see Figure 19 in 

Annex) captured tree crowns within the study area with sufficient accuracy for analysis. The 

mask was cropped to the in-situ parcel boundaries and served dual analytical purposes: it was 

integrated in the parcel-level analysis and enabled the systematic exclusion of tree-covered 

pixels using variable coverage thresholds, thereby allowing assessment of the removal of tree 

covered pixels on crop classification performance. 

While the tree mask provides information on woody vegetation distribution within cropland, 

the methodological approach was subsequently expanded during crop type classification to 

more holistically address intra-parcel heterogeneity. Leveraging the same Pléiades image, a 

binary cropland/non-cropland mask was developed that identifies trees but also captures bare 

soil patches, built-up structures, and other non-crop elements within agricultural parcels. This 

very high-resolution mask was used for refining the validation methodology by enabling the 

quantification of cropland proportion within each Sentinel-2 and PlanetScope pixel, allowing 

for effectively isolating classification accuracy from the confounding influence of within-field 

non-crop elements. The methodology for creating this mask is expanded upon in Chapter 7. 

 

5.7.  Extracting Parcel-Level Metrics from Remote Sensing Data 

Zonal statistics were calculated for each agricultural parcel using the exactextractr package in 

R (Baston, 2024) to extract spectral properties across all available imagery. Statistical 

calculations were performed on the time series composite images (non-gap-filled) of Sentinel-

2 and PlanetScope, as well as the single pansharpened Pléiades image. To minimize edge effects 

and mixed pixels, sensor specific inward buffers were applied: 5m for Sentinel-2, 3m for 

PlanetScope, and 0.5m for Pleiades. Five meter was chosen for Sentinel-2, because it was 

deemed necessary for sustaining sufficient pixels per parcel at the time, however an inward 

buffer of 10 meters (which was applied for crop type classification) would have been more 

consistent in masking out mixels at the edges of the parcels. The process was conducted two 

times: once incorporating the high-resolution tree mask to exclude tree-covered pixels and again 

without tree masking to provide comparative statistics (see Table 20 in Annex for comparison 

of parcel-level NDVI for Pléiades). The tree-filtered data was used for the subsequent analysis 

to minimize the influence of tree vegetation on parcel spectral signatures. 

For each parcel and image date, six statistical metrics were calculated per spectral band and 

derived index: mean, standard deviation, coefficient of variation (CV), median, minimum, and 

maximum values. The mean values represent average reflectance of parcels, while the CV 

(calculated as the ratio of standard deviation to mean) quantifies relative variability independent 

of magnitude. 
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In parallel, geometric and spatial metrics were calculated for all (unbuffered) parcels. The 

resulting data layers comprise, for each sensor, multi-temporal spectral statistics and spatial 

metrics for each cropland parcel in the in-situ dataset. 

 

6. Parcel-Level Heterogeneity: An Integrated Analysis of In-Situ 

and Satellite Observations 

This chapter presents a detailed parcel-level analysis integrating the in-situ data with multi-

sensor satellite imagery to characterize the parcels and their inherent heterogeneity. It first 

provides a descriptive analysis of the in-situ dataset, examining the distribution of crop types, 

parcel sizes, and heterogeneity classes. These ground-based observations are then 

systematically integrated with satellite-derived spectral information to identify relationships 

between field-assessed heterogeneity and remotely sensed parcel metrics. The analysis explores 

how these relationships manifest across different spatial resolutions and temporal stages of the 

growing season. The chapter concludes with a critical discussion of the findings and their 

implications for informing subsequent crop type classification methodologies. 

 

6.1.  Descriptive Statistics of the In-Situ Dataset 

The in-situ dataset comprises a total of 825 agricultural parcels of which 821 parcels have 

information on the primary crop type. The combined area of the parcels is approximately 498 

hectares, with individual parcel sizes ranging from 0.03 to 5.49 hectares (see Table 3). The 

median parcel area is 0.49 ha, and the mean area is slightly higher at 0.60 ha. The distribution 

shows a right-skewed pattern, with a few parcels being significantly larger than the average. 

The data shows that typical farms in the region are smallholder in scale. 

 

Table 3: Summary statistics on parcel area 

 

 

6.1.1. Crop Type Distribution and Cropping Practices 

The dataset features a multitude of crop types, with a few being predominant (see Table 21 in 

Annex). Sorghum is the most prevalent primary crop, found on 339 parcels (including both 

monocropped fields and multi-cropped parcels where sorghum is the dominant crop), followed 

by maize (107 parcels), millet (93 parcels), cotton (77 parcels), sesame (46 parcels) and peanut 

(24 parcels). 108 parcels are classified as being cultivated primarily with "Other Crops", for 

which the specific crop type is not specified. Also, beans, okra, rice, cowpea, tomato and 
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watermelon parcels are included in the data set, however only with a feature count of less than 

10 parcels each. 

The overwhelming majority of surveyed parcels are monocropped, i.e. planted with a single 

crop species. 59 parcels (~7%) were classified as mixed cropped and 20 as 

associated/intercropped (~2%). 44 parcels (~5%) were classified as empty plots, meaning that 

no crops were grown on these parcels at the time of data collection. 

For the limited number of fields that are multi-cropped (intercropping or mixed cropping), a 

common combination is maize with sorghum, with a feature count of nine. Sorghum is 

commonly intercropped with "Other Crops" (15 parcels), so is maize and peanut. Other multi-

crop pairings occurred in only a few cases. Overall, the data shows that while single-crop fields 

are the norm, a notable proportion of parcels possesses crop diversity at the parcel level. 

 

6.1.2. Relationship between Crop Type and Parcel Area 

Examining the distribution of parcel area for each primary crop reveals clear differences in 

typical field size between crop types (see Figure 6 and Table 22 in Annex). Cotton fields are the 

largest on average, with a mean parcel size of ~0.82 ha and a median of ~0.65 ha. Sorghum 

fields are smaller on average, with a mean area of ~0.60 ha and a median of ~0.46 ha. For both 

crops, a few larger parcels over 2 hectares significantly skew the mean. Maize and sesame 

display mean values of 0.65 ha and 0.60 ha respectively. "Other Crops" and millet parcels are 

on average under 0.55 ha and peanut fields are the smallest, with a mean area of under 0.44 ha. 

These differences indicate that crop cultivation choice in the region is related to the size of the 

parcel, with larger fields being more likely to be planted with cash crops like cotton, while 

smaller fields more commonly used for subsistence crops. 

 

 

Figure 6: Violin plot of parcel area for main crop types 
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6.1.3. Distribution of In-Situ Heterogeneity Classes Across Crop Types 

Analysing the heterogeneity classes assigned to the parcels reveals that the majority of fields 

are attributed as having a low to medium heterogeneity (see Table 4).  

Table 4: Proportion of parcels in each heterogeneity class 

 

Considering only monocropped parcels (see Table 23 in Annex), for most crop types, most 

parcels fall into the low or medium heterogeneity classes. For instance, 60% of maize parcels 

are rated as having a low degree of heterogeneity, followed by ~24 % of parcels rated as 

medium, ~8% for high and very high respectively, and none assigned as very low. Also, for 

sorghum, cotton, and peanut fields, most parcels are classified as low heterogeneity, on the 

order of 40-50% of the parcels. Sorghum and cotton also show a significant fraction of parcels 

rated with medium and high heterogeneity. The very low and very high heterogeneity class are 

proportionally less common across the major crops, generally accounting for single digits or 

low double-digit percentages. Some noteworthy exceptions are rice, of which 75% of parcels 

were rated as very low heterogeneity and beans for which one third of the parcels were rated as 

very high. Since the feature count for these two crops is very low, the results are however limited 

in their interpretability. The heterogeneity distribution of millet parcels is slightly more varied 

with a comparatively higher proportion of parcels rated as medium (~23%) and high (~28%) 

heterogeneity. The general "Other Crops" category also skews towards a higher heterogeneity: 

only ~19% of those fields are classified as low heterogeneity, while the largest share (~46%) 

are in the medium heterogeneity class. Low to medium heterogeneity classification appears to 

be the norm for most monocropped parcels. 

According to the heterogeneity classification scheme, the multi-cropped parcels could be 

expected to tend to have higher heterogeneity ratings (since multiple crop types would present 

a less uniform crop structure). The data (see Table 24) however, suggests that this is not the 

case. For the maize-sorghum mixed parcels, ~89% of parcels were rated as low heterogeneity, 

with 11% rated as medium. For sorghum combined with "Other Crops", this is less pronounced, 

but also here 60 % of parcels were rated as low heterogeneity, and ~27% as medium and only 

~13% as high. Only for the cotton-sorghum mixed parcels (only 3 parcels) a higher 

heterogeneity degree is recorded with two out of the three parcels rated as medium 

heterogeneity. This suggests that by the criteria used for the classification by the enumerators, 

the intercropped and mixed-crop parcels are not assessed as more heterogeneous than the 

monocropped ones. In fact, based on the limited data available on multi-cropped parcels, the 

data suggests that they are less heterogeneous than the monocropped ones. 
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6.1.4. Relationship between Parcel Area and Heterogeneity Level 

Relating parcel area to the heterogeneity levels reveals a positive relationship between higher 

heterogeneity ratings and parcel size. Mean parcel area demonstrates an upward trend across 

heterogeneity classes, increasing from 5 466 m² in very low heterogeneity parcels to 7 067 m² 

in very high heterogeneity parcels. Similarly, median values follow this pattern, rising 

consistently from 4 272 m² to 5 726 m² across the heterogeneity levels. These findings suggest 

that parcel size may be an important determinant of assessed within-field heterogeneity. 

 

Table 5: Parcel area statistics by heterogeneity level 

 

 

6.2.  Multi-Sensor Assessment of Parcel Characteristics by Heterogeneity 

and Crop Type 

Following the characterization of parcels through the in-situ data, this section addresses the first 

research objective by investigating the correspondence between field-assessed heterogeneity 

classifications and satellite-derived spectral-temporal signatures across different crop types and 

sensor resolutions.  

First, the NDVI signatures for the six predominant crops (cotton, millet, sesame, sorghum, 

maize, and peanut) are analysed, focusing on how these signatures evolve throughout the 

growing season and differ across heterogeneity levels. The analysis first establishes baseline 

NDVI patterns for each crop type by averaging values across all parcels, then stratifies these by 

heterogeneity class to identify potential relationships between field-assessed heterogeneity and 

spectral response. While the entire growing season is considered, particular emphasis is placed 

on late October 2024, which lies in temporal proximity to the in-situ data collection period. 

Intra-parcel spectral variability is analysed using the CV calculated from NDVI pixel values 

within each parcel. This metric serves as an indicator of internal spectral heterogeneity, with 

higher CV values suggesting greater relative variability. The relationship between satellite-

derived parcel level spectral variability and field-observed heterogeneity classification is 

examined across all three sensors. 
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The analysis is complemented by systematic visual examination of selected parcels with 

available satellite imagery from late October alongside available ground photographs. This 

component focuses on four crop types (cotton, sorghum, maize, and millet) that possess 

sufficient representation across heterogeneity classes to enable meaningful comparison. 

Although ground photographs (primarily from early November 2024) do not perfectly align 

with satellite acquisition dates, they provide valuable reference for field conditions. This visual 

assessment aims to establish how parcel characteristics vary with in-situ heterogeneity levels 

and how these manifestations differ across spatial resolutions, thereby providing a more 

comprehensive understanding of heterogeneity expression in remotely sensed data. 

 

6.2.1. Crop-Specific Mean NDVI Signatures 

Figure 7 and Figure 8 below show the mean NDVI signatures of the six main crops, with the 

parcel-level NDVI averaged across all monocropped parcels for each crop type. The temporal 

NDVI profiles of Sentinel-2 and PlanetScope show a clear phenological pattern with a 

trajectory of an increase of NDVI values from the beginning of June, reaching peak NDVI 

around October, and then declining subsequently towards the end of the growing season. While 

generally following the same pattern, the NDVI values for the different crops show some 

distinct differences in their peak NDVI values and the timing of these peaks. While Sentinel-2 

provides clear temporal trends, PlanetScope data displays greater temporal variability, likely 

attributable to radiometric inconsistencies between scenes. While this can affect the general 

trajectory of NDVI, differences between the crop types can still be derived. 

Cotton consistently demonstrates the highest NDVI values across sensors (peaking at 

approximately 0.68 in Sentinel-2 data), followed by sorghum and maize (0.63-0.64), while 

peanut and millet show values of approximately 0.62 for Sentinel-2. Sesame exhibits a distinct 

phenological pattern with a later peak in the second half of October. The period of greatest crop 

separability occurs during August-September and at peak NDVI in October. Analysis of late 

October data for Pléiades (see Figure 20 in Annex) confirms these crop-specific NDVI patterns, 

with the crops displaying similar relative positioning as seen with Sentinel-2 and PlanetScope. 

Notably, substantial variability in NDVI values exists between parcels of each crop type 

throughout the growing season (see Figure 21 and Figure 22 in Annex), as evidenced by the 

high standard deviations (0.05-0.15) across all crops. Cotton demonstrates the most consistent 

conditions with a relatively narrow distribution of NDVI values, while sesame and maize 

exhibit considerably wider ranges, suggesting significant differences in field conditions or 

phenological stages among parcels of the same crop type. 
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Figure 7: Sentinel-2 - Temporal profile of mean NDVI for main crop types 

 

 

Figure 8: PlanetScope - Temporal profile of mean NDVI for main crop types 
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6.2.2. NDVI of Parcels across Heterogeneity Levels 

The mean NDVI values of the six main crops in the different heterogeneity classes were 

analysed to understand if and how the NDVI values of the parcels vary with the level of intra-

parcel heterogeneity recorded in the in-situ data. Representation across heterogeneity classes 

varies considerably (see Table 25 in Annex), with most crops having disproportionately more 

parcels in the "low" class, which necessitates cautious interpretation, particularly for classes 

with minimal representation. Considering these limitations, both Sentinel-2 and PlanetScope 

data reveal that mean NDVI values at different heterogeneity levels generally follow similar 

phenological patterns, though with variations in magnitude that are crop-specific and 

temporally dynamic. 

Analysis of temporal trajectories (see Figure 9 for Sentinel-2 below and Figure 23 for 

PlanetScope in Annex) shows complex and inconsistent relationships between heterogeneity 

classes and NDVI values. For cotton, heterogeneity classes display similar NDVI values early 

in the growing season, with the very high heterogeneity class showing markedly higher values 

during August-September in Sentinel-2 data, though this pattern was not observed in the 

PlanetScope data. Millet exhibits an inverse relationship, with the lowest heterogeneity class 

showing the highest NDVI values at peak season. Sesame demonstrates the clearest 

stratification, with NDVI values consistently increasing from very low to very high 

heterogeneity classes during October-November across both sensors. Also, maize displays a 

consistent pattern of higher NDVI values in higher heterogeneity classes throughout the 

growing season. Sorghum, having the most balanced representation across heterogeneity 

classes, showed minimal overall NDVI differentiation between heterogeneity levels. For this 

crop the very low heterogeneity class shows slightly higher NDVI values in the beginning of 

October and the lowest relative value in November, where the very high heterogeneity class 

shows the highest NDVI values.  
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Figure 9: Sentinel-2 - Temporal Profile of NDVI by Heterogeneity Level for Main Crop Types 

Late October analysis across all three sensors (for Sentinel-2 see Table 26, PlanetScope Table 

27, and Pléiades Table 28 in Annex)  provides a focused examination of parcel values shortly 

before the in-situ data collection period. Sesame and maize demonstrate the most consistent 

patterns, with mean NDVI steadily increasing from very low to very high heterogeneity classes 

across all sensors, suggesting greater green biomass in more heterogeneous parcels at this point 

in time. Cotton shows a similar but weaker trend with some sensor-dependent variations, 

particularly a non-linear response in Sentinel-2 and Pléiades data where medium heterogeneity 

parcels exhibit elevated values. For millet, the relationship varies between sensors, but with 
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consistently high relative NDVI values in the medium heterogeneity class. Sorghum displays 

notably consistent NDVI values across all heterogeneity classes. 

Analysis of standard deviations reveals additional patterns about the dispersion of NDVI values 

within heterogeneity classes. For cotton, the medium heterogeneity class showed the lowest 

standard deviation across sensors, while the very high heterogeneity class consistently 

demonstrated greater standard deviation, indicating more variable conditions. For sesame, 

parcels with very high heterogeneity showed comparatively low standard deviation, while the 

low heterogeneity class exhibited the highest variability. Sorghum displayed a clear upward 

trend in standard deviation with increasing heterogeneity, while maize shows the highest 

standard deviation in the low heterogeneity class and lowest in the very high heterogeneity 

class. 

These findings demonstrate that the relationship between field-assessed heterogeneity and 

parcel-level NDVI is highly crop-specific, temporally dynamic, and in some cases inconsistent 

across sensors. While some crops (sesame, maize) exhibit clear patterns within specific 

timeframes, others (sorghum) show minimal NDVI differentiation between heterogeneity 

classes.  

 

6.2.3. Coefficient of Variation of NDVI by Crop Type and Heterogeneity  

Figure 10 for Sentinel-2 (see below) and Figure 24 for PlanetScope (see in Annex) show the 

temporal profile of the CV of NDVI for the different crop types and heterogeneity classes. The 

data for Sentinel-2 and to a lesser magnitude PlanetScope shows that there seems to be a clear 

seasonal pattern of the highest CV values at the beginning of the growing season around the 

end of May, with a decrease until September to October, and then again, an increase towards 

the end of the growing season. This pattern is consistent across the crop types, showing that the 

intra-parcel NDVI variability is highest at the beginning of the growing season, where the 

parcels NDVI values are low, and lowest around the time of peak NDVI. 

The relationship between field-assessed heterogeneity and CV values varies substantially by 

crop type and changes dynamically throughout the growing season. For cotton, early-season 

data (May-June) shows a positive association, with the very high heterogeneity class exhibiting 

the highest CV values (>40% for Sentinel-2, >20% for PlanetScope). However, this pattern 

collapses by August-September, with heterogeneity classes showing minimal differentiation. 

Millet displays notably elevated CV values throughout most of the season for the very high 

heterogeneity class however does not show a clear overall stratification pattern by class. The 

data for sesame shows an inverse relationship by late season, with the very high heterogeneity 

class showing lower CV values than other classes but increasing again at the end of November.  

For sorghum the very high heterogeneity class shows the lowest mean CV values in May and 

June, with the very low heterogeneity class showing the highest values. The very low 

heterogeneity class subsequently drops in mean CV values around August-September and then 

increases in relation to the other classes towards the end of the season. Despite these temporal 

shifts, no consistent stratification pattern is observed across heterogeneity classes, with mean 

CV values of most classes remaining close throughout most of the growing period. Maize 
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similarly shows no clear stratification between the heterogeneity classes and the mean CV 

values. The very high heterogeneity class shows the comparatively lowest mean CV values in 

May and June, and at the end of the season. The high heterogeneity class however shows 

comparatively high mean CV values in the same time period.  

Late October analysis across all three sensors (see Table 29 for Sentinel-2 and Table 30 for 

PlanetScope in Annex and Table 6 for Pléiades below) highlights the influence of spatial 

resolution on CV measurements. As could be expected, Pléiades (0.5m) consistently records 

the highest mean CV values, followed by PlanetScope (3m) and Sentinel-2 (10m), reflecting 

that higher spatial resolution captures finer-scale internal variability. This resolution effect was 

consistent across all crop types and heterogeneity classes, with Pléiades values ranging typically 

3-5 percentage points higher than corresponding Sentinel-2 measurements. 

Crop-specific patterns in late October further highlight the complex relationship between field-

assessed heterogeneity and spectral variability. Cotton shows no clear trend in CV values across 

heterogeneity classes with Pléiades data, though Sentinel-2 and PlanetScope indicate highest 

variability in the medium heterogeneity class. Sesame exhibits a negative association, with CV 

values decreasing as heterogeneity increases. Maize shows relatively stable CV values across 

low to high heterogeneity classes, but with a marked decrease in the very high class. Sorghum 

displays no discernible pattern across heterogeneity levels in this time. 

Additionally, the high standard deviations and ranges of CV values within heterogeneity classes 

for many crops (e.g. Sorghum) indicate that parcels with identical heterogeneity ratings often 

display substantially different degrees of internal spectral variability. 

Most significantly, the analysis reveals that field-assessed "high" or "very high" heterogeneity 

does not consistently translate to higher pixel-level CV. For some crops (sesame, maize), the 

highest heterogeneity class exhibited the lowest CV values, suggesting these fields were 

paradoxically more spectrally uniform despite being visually assessed as highly heterogeneous.  
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Figure 10: Sentinel-2 - Temporal Profile of Parcel Coefficient of Variation of NDVI by Crop Type and 

Heterogeneity Level 
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Table 6: Pléiades Data from Late October - Summary Statistics of Parcel Coefficient of Variation of NDVI by Crop 

Type and Heterogeneity Level 

 

 

6.2.4. Visual Comparison of Parcels at different Heterogeneity Levels 

To complement the spectral metrics with visual evidence, selected parcels were examined using 

satellite imagery alongside available ground photographs. Late October 2024 satellite imagery 

was selected to coincide with the availability of Pléiades VHR data, while acknowledging that 

ground photographs, primarily collected in early November 2024, represent a temporal offset 

that may include intervening harvest activities or other on-field changes. Despite this temporal 

misalignment, the photographs provide valuable contextual reference for field conditions 

during the in-situ assessment period. The investigation focuses on cotton, sorghum, maize, and 

millet, crops selected for their predominance in the dataset and sufficient representation across 

heterogeneity classes, enabling meaningful within-class comparisons of field conditions. 

Figure 11 for sorghum (see below) and Figure 26 for cotton, Figure 28 for millet and Figure 30 

for maize (in Annex) show the selected parcels for each crop type, with the corresponding 

satellite imagery from Sentinel-2, PlanetScope and Pléiades. The parcels are grouped by their 

assessed level of heterogeneity, ranging from very low to very high. For each level, if available, 

four parcels are presented. Random selections were constrained to be close to the median parcel 

size for each crop type and favour those with available photographic imagery for comparison.  

Figure 27 (for cotton), Figure 29 (for millet), Figure 25 (for sorghum), Figure 31 (for maize) in 

the Annex show some of the corresponding ground photographs which can be referenced to the 

parcels visible in the satellite imagery by the parcel ID. 

Spatial resolution modulates how intra-parcel variation is perceived. Pléiades imagery (0.5m) 

reveals detailed patterns of vegetation density and soil exposure, enabling clear delineation of 

row structures and patchy vegetation. However, a dense patch of vegetation appears mostly as 

a consistent, structurally uniform area that does not allow for further distinction of the 

vegetation cover. PlanetScope (3m) preserves broader tonal contrasts but smoothes finer patch 

boundaries, while Sentinel-2 (10m) further generalizes field characteristics, rendering most 

intra-parcel variability indistinguishable except for the largest bare soil areas. This resolution-
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dependent gradient demonstrates the substantial information loss that occurs with decreasing 

resolution, affecting how intra-parcel heterogeneity is perceived through remote sensing 

imagery. 

 

Figure 11: Sorghum parcels of different assessed heterogeneity levels on Pléiades, PlanetScope and Sentinel-2 

imagery from late October 

Figure 11 shows that Sorghum parcels are interspersed with trees across all heterogeneity levels. 

The visualized parcels display marked structural variability. Some very low heterogeneity fields 

(e.g., 5645, 5613) appear structurally homogeneous, whereas others (e.g., 6009, 5417) are seen 

as patchy in the Pléiades imagery. Likewise, some low heterogeneity parcels (e.g., 5353) are 

partially harvested which leads to a sharp contrast on the field, while some very high 

heterogeneity fields (e.g., 5367) appear structurally uniform. Parcels such as 5977 in the 

medium class exhibit pronounced patchiness and variations in sowing direction. Parcel 

photographs (see Figure 25 in Annex) in some cases contradict the satellite observations: for 

example, parcel 5417 looks uniform in the field photographs yet reveals diverse greenness and 

bare-soil patches in the Pléiades data. Overall, no consistent pattern emerges across 

heterogeneity levels on the satellite imagery. Photographs suggest that weed presence may 

increase with heterogeneity, but this remains tentative. 

Figure 26 (see Annex) shows that across all heterogeneity classes, cotton parcels are uniformly 

interspersed with tree cover and exhibit relatively defined sowing rows. Pléiades imagery shows 

that even parcels rated with a very low heterogeneity nonetheless display pronounced intra-

parcel variability in green biomass density, with some areas showing a dense foliage and others 

markedly sparse. In the high and very high classes, certain parcels (e.g., 5403) exhibit more 



38 

 

uniformly dense biomass, while others (e.g., 5326 and 5368) reveal extensive bare-soil patches. 

The variations do not corroborate the in-situ ratings: dense foliage can occur in both “low” and 

“high” classes, and bare patches are found in parcels across classes. This indicates that observed 

foliage density and the extent of the presence of bare soil patches alone is not a reliable proxy 

for the level of heterogeneity. Parcel photographs (see Figure 27) fail to resolve this ambiguity, 

although a tentative observation is that weed incidence appears slightly elevated in the imagery 

of the higher heterogeneity class parcels. 

Millet parcels (see Figure 28) are also interspersed with scattered trees. The parcels exhibit row‐

sowing patterns across all heterogeneity classes. However, some millet fields (e.g. parcel 5717 

in the “low” class) appear already partially harvested. Individual parcels within the same 

heterogeneity class show significant patchiness, while some exhibit dense green foliage. Intra‐

parcel contrasts show no consistent trend from very low to very high heterogeneity. Ground 

photographs (see Figure 29) offer little further insights, also variations in weed presence cannot 

be distinguished. The millet observations closely mirror those for cotton, where neither tree 

cover nor row‐sowing patterns align systematically with in‐situ heterogeneity ratings, and bare‐

soil patches occur across all classes. 

The visual assessment of maize parcels (see Figure 30) reveals some interesting findings. Tree 

presence is variable between individual parcels but occurs generally across all heterogeneity 

classes. Notably, some parcels in the low and medium heterogeneity classes (e.g., parcel 5926) 

show evidence of piled up crop stalks in the Pléiades imagery, a feature not observed in the high 

and very high classes. The presence of exposed soil varies significantly between the parcels 

within the same heterogeneity class, with some showing high bare soil presence, while others 

displaying dense green foliage. Ground photographs (see Figure 31) provide additional context. 

For low and medium heterogeneity parcels, photographs show structured row sowing patterns. 

On the photographs for these classes from around the beginning of November, the crops appear 

already are harvested. In contrast, photographs of high and very high heterogeneity parcels tend 

to depict less structural uniformity, higher patchiness and greater weed presence, with these 

parcels appearing as unharvested. The observations suggest a pattern of increasing weed 

presence and decreasing structural uniformity with increasing heterogeneity, however these 

characteristics are not consistently derivable from the satellite imagery alone, even at sub-metre 

resolution. 

The visual exploration of parcels across different crops and heterogeneity classes reveals that 

satellite imagery at the given spatial resolutions does not enable the consistent capture of all 

visual indicators of intra-parcel heterogeneity, such as varying crop structure, foliage density, 

soil exposure, and signs of poor maintenance, that would allow for a clear differentiation 

between the different levels of heterogeneity. The findings show that field conditions vary 

significantly between parcels within the same heterogeneity class, to the extent that across class 

patterns are very hard to unveil. While high-resolution Pléiades imagery highlights patchiness 

within parcels, these contrasts showed no clear trend across heterogeneity levels, and 

distinguishing significant differences in crop uniformity or the presence of weeds remained 

infeasible even at this sub-metre resolution. Parcels with low or no patchiness largely appeared 

structurally uniform, but further differentiation on what constitutes the vegetation cover within 
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the parcels were not possible. So, while parcel photographs suggest that weed presence plays 

an important role in how the heterogeneity classes were attributed, this could not reliably be 

observed or confirmed with satellite data. Across the crops, structural variability appeared 

unpredictable on satellite imagery and failed to align systematically with field-based 

heterogeneity ratings. 

 

6.3.  Synthesis of Parcel-Level Findings on Heterogeneity 

This chapter examined the cropland parcels in the in-situ data and the relationship between 

field-assed parcel-level heterogeneity and satellite-derived spectral metrics across different 

spatial resolutions. Parcel-level NDVI and intra-parcel NDVI variability were related to the 

heterogeneity classes, as well as the structural appearance of these parcels on satellite imagery 

was examined. 

Investigation of the in-situ dataset revealed that while most surveyed parcels are monocropped, 

a substantial subset exhibits crop diversity at the parcel level. Cotton fields stand out as larger 

than other crop types, reflecting their status as the region's primary cash crop, however, are still 

smallholder in scale. Analysis uncovered a positive relationship between parcel size and 

heterogeneity ratings, suggesting that larger fields tend to display greater heterogeneity. 

Overall, the majority of fields were classified as having a low to medium heterogeneity, which 

appears to be the norm for monocropped parcels across most crop types. 

A multi-sensor comparison of time series revealed that the six main crops under study exhibited 

a coherent seasonal NDVI trajectory: values rise from mid-June, peak in early-to-mid October, 

and subsequently decline. Although the overall trajectory is shared, distinct crop-specific 

patterns were observed; some crops exhibit higher peak NDVI values than others, and 

separability appears possible at certain points in time. However, wide variability in NDVI was 

detected among individual parcels of the same crop type. 

To explore this variability, parcels of the main six crop types were analysed by their assigned 

heterogeneity level, with mean NDVI values compared across heterogeneity classes. Two 

theoretical patterns had been posited to be plausible. First, higher heterogeneity might 

correspond to higher NDVI values (e.g., because weed presence might increase total biomass 

at particular stages). Conversely, higher heterogeneity might correspond to lower NDVI values 

if bare soil or sparse vegetation dominates the parcel. Either dynamic was expected to not be 

mutually exclusive as well as temporally non-stationary, i.e. one or the other could be more 

pronounced at specific points in the season. 

Across the growing season, the relationship between in-situ heterogeneity and parcel-level 

NDVI proved to be complex, crop-specific, and temporally variable. For example, sesame and 

millet both displayed stratification by heterogeneity class between June and October; yet higher 

heterogeneity coincided with higher NDVI for sesame, whereas the opposite held for millet. 

Other crops showed no consistent stratification over time. Looking specifically at the second 

half of October, sesame and maize displayed the most consistent trends across all three sensors, 

with mean NDVI steadily increasing from very-low to very-high heterogeneity classes, 

suggesting that more heterogeneous parcels carried greater green biomass at this time. For the 
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remaining crops, class-wise means were very close together, or unstratified, suggesting that the 

heterogeneity classes can not explain NDVI variability of parcels at that time. 

The analysis followed up with an analysis of the intra-parcel variability, using the coefficient 

of variation of NDVI as a measure of internal spectral variability. The hypothesis that was 

postulated here was that higher levels of in-situ assessed heterogeneity would correspond to 

higher intra-parcel spectral variability, as more heterogeneous parcels would be expected to 

exhibit greater variability in vegetation density and soil exposure. However, the results showed 

that this relationship is not clear-cut and varies significantly between crops and sensors. Higher 

in-situ assessed heterogeneity can not be generalised to translate to greater intra-parcel spectral 

variability at the resolution of the sensors employed in this study. 

Visual inspection confirmed that the structural composition of parcels varied widely. Pléiades 

imagery, and to a considerably lesser extent, PlanetScope and Sentinel-2, revealed parcels with 

strongly differing field conditions. Variations were observed in structural makeup, vegetation 

density and soil exposure; however, these variations did not consistently align with the in-situ 

heterogeneity classes. Field photographs suggested a possible association between weed 

presence and assigned heterogeneity yet weed presence could not be reliably inferred from 

satellite data alone, even at sub-metre resolution. 

The analysis was limited by an imbalance in feature counts across crop types and, more acutely, 

across heterogeneity classes. Only sorghum possesses sufficient parcels in every heterogeneity 

class to permit robust conclusions. For sorghum, however, variation in parcel-level NDVI and 

intra-parcel spectral variability appear largely unexplained by the heterogeneity attributes. 

While certain crops (e.g., sesame, maize, millet) display NDVI stratification at specific times, 

the direction of the relationship is inconsistent between crops and variable for crop types at 

different times. Given these contradictions, the sparse sample sizes for most crops, and the 

ambiguous correspondence between visually perceived parcel characteristics and heterogeneity 

classes, the in-situ heterogeneity does not emerge as a reliable explanatory variable for parcel-

level spectral variability or NDVI dynamics. 

 

6.4.  From Parcel-Level Findings to Classification Framework 

A critical question addressed by this chapter was whether parcel-level heterogeneity can be a 

meaningful input attribute for crop type classification and if so, then how this could be 

operationalised. 

The data shows that significant variability exists in the parcels' spectral characteristics, 

structural makeup, and vegetation density. It can be clearly observed that parcels of the same 

crop type differ substantially from one another. The analysis indicates, however, that field- 

assessed heterogeneity cannot be considered a dependable explanatory variable for 

understanding the variations in spectral characteristics or structural composition of parcels as 

observed in satellite imagery. The theoretical and practical constraints that may explain these 

patterns, as well as the limitations of the analysis are discussed in Chapter 8. 
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Heterogeneity is not dismissed here as a potentially useful input for crop-type classification; 

however, in its current operationalisation it has proved a poor predictor of parcel-level spectral 

variation. Consequently, classification will trial two alternative approaches: (i) simplifying the 

in-situ heterogeneity label to a binary distinction of "higher heterogeneity" versus "lower 

heterogeneity" and (ii) partitioning the crop parcels into two groups based on the coefficient-

of-variation of NDVI distribution derived from Pléiades imagery. 

The binary recategorization of field-assessed heterogeneity is predicated on the assumption that 

while fine gradations of heterogeneity may not translate to distinguishable spectral patterns, a 

more fundamental division between substantially heterogeneous and relatively homogeneous 

parcels might still improve crop type classification. The coefficient-of-variation approach aims 

to integrate an alternative objectively measured spectral metric that can be derived from satellite 

imagery itself. 

Theoretically, the transition from parcel-level separability of crops to pixel-level classification 

presents substantial methodological challenges. While parcel-level analysis operates on 

aggregated statistics that smooth out internal variability, pixel-level classification must contend 

with each individual pixel's spectral signature. This fundamental difference can potentially lead 

to inconsistent classification outcomes within a single agricultural field - some pixels may be 

classified as a specific crop type while adjacent pixels may be classified as bare soil, despite 

collectively constituting a single crop parcel. Classification outcomes are expected to vary 

significantly between sensors due to the crucial role spatial resolution plays in capturing 

heterogeneous landscape elements. At Sentinel-2's resolution (10m), pixels in patchy fields 

represent an amalgamation of spectral reflectance from different field components, including 

vegetation, trees and bare soil. These mixed pixels would substantially influence or even define 

the spectral signatures associated with different crop types. Conversely, in very high-resolution 

imagery, individual pixels theoretically possess more specific spectral signatures as they are 

less likely to contain mixed signals from different parcel components.  

This resolution-dependent dynamic interacts critically with training data selection. If a classifier 

is trained on data where parcels contain significant bare soil exposure, it may learn to associate 

the spectral signature of bare soil with a particular crop type, potentially leading to 

misclassification of pixels in fields with different soil exposure conditions. Furthermore, 

boundary pixels between parcels present significant classification challenges, as do trees and 

non-agricultural features such as buildings or paths that introduce additional spectral 

complexity. 

Ultimately, only classification performance will reveal whether the parcel-level separability of 

crops can be successfully transferred to pixel-level classification of crop types and how this 

interacts with different spatial resolutions. 
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7. Crop Type Classification 

Building upon the parcel-level analysis presented in Chapter 6, this chapter advances to pixel-

based supervised crop type classification. While Chapter 6 questioned the utility of field-

assessed heterogeneity as a direct predictor of spectral variation at the parcel level, it revealed 

distinct phenological patterns and crop-specific spectral signatures throughout the growing 

season. These spectral-temporal characteristics provide a foundation for distinguishing between 

crop types. This chapter develops and evaluates classification frameworks employing the 

imagery from Sentinel-2, PlanetScope, and Pléiades. Through systematic comparison of 

classification scenarios, it is assessed how effectively these sensors can discriminate between 

crop types in the study area. It further will be explored whether incorporating field-assessed 

heterogeneity and spectral variability of parcels operationalized as CV of NDVI can enhance 

classification performance.  

The influence of tree cover on classification performance is assessed by applying the generated 

tree mask on the training data. Lastly, a more comprehensive approach is implemented to 

address the full spectrum of non-crop elements within cropland. This is achieved by generating 

a VHR-derived cropland mask to systematically refine the Sentinel-2 and PlanetScope 

validation datasets, allowing for an evaluation of how accuracy metrics are affected by the 

exclusion of these confounding features. 

 

7.1.  Classification Framework 

A supervised classification approach is employed to distinguish between different crop types. 

The classification framework is built around the Random Forest algorithm, a robust ensemble 

learning method that combines multiple decision trees to improve prediction accuracy and 

reduce overfitting (Belgiu & Drăguţ, 2016; Breiman, 2001). Random Forest was selected for 

its ability to handle high-dimensional data with multiple spectral bands and vegetation indices 

across temporal sequences, and its demonstrated effectiveness in LULC and agricultural remote 

sensing applications (Belgiu & Drăguţ, 2016). 

The classifier leverages the in-situ data on crop types, samples of non-cropland features and the 

spectral bands and indices for the multi-temporal imagery of Sentinel-2, PlanetScope, and the 

single date imagery of Pléiades. The Random Forest model is trained on a set of labelled 

samples, where each sample consists of spectral features extracted from the imagery at specific 

time points during the growing season. The model is expected to learn to associate these spectral 

features and their temporal dynamics with the corresponding crop types and non-cropland 

features based on the training data. The Random Forest classifier is implemented using the 

scikit-learn library in Python (Pedregosa et al., 2011).  

 

7.2.  Data Preparation 

The data from the in-situ data collection solely comprises data on cropland. For the 

classification of the different elements that comprise the landscape, it is however also required 
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to have additional samples on non-cropland features. This additional data is essential to provide 

a comprehensive classification framework that can distinguish between agricultural and non-

agricultural features in the landscape. The data was collected through visual interpretation of 

the very high-resolution Pléiades image, through comparison of spectral signatures of Sentinel-

2 and PlanetScope over time and with ancillary imagery from Google Earth. It is important to 

note here that the landscape elements in the study area are themselves highly heterogeneous. 

We mainly have a landscape matrix of bare-soil, shrubs, trees, grassland and cropland with 

patches of small settlements, small waterbodies and roads with different surface types. The 

classification framework therefore needs to account for this heterogeneity and the fact that the 

different land cover classes can be found in close proximity to each other. This proved a 

challenge in defining the classes to sample. After some classification trials and deliberations, it 

was decided to sample following non-cropland features: 

 

Table 7: Non-cropland landcover samples 

Class Sample 

Polygons 

Description 

Built-Up Area 44 
Residential compounds, buildings, and infrastructure with 

concrete or metal roofing materials 

Asphalt Road 45 Roads paved with asphalt 

Lateritic Rock 

Road 
45 

Unpaved roads constructed from compacted lateritic gravel and 

rock fragments 

Clay Bare Soil 49 
Exposed clay-rich soils, appearing predominantly white or light-

coloured 

Lateritic Bare 

Soil 
45 Exposed lateritic soils, reddish-brown in appearance 

Woody 

Vegetation 
46 

Dense tree and shrub cover including gallery forests and 

woodland patches 

Forest Edge 47 
Transitional zones between dense woody vegetation and open 

areas of bare soil 

Grassland 42 
Natural and semi-natural grass-dominated areas used for grazing 

or left fallow 

Water 16 
Permanent and seasonal water bodies including rivers, ponds, and 

reservoirs 

 

It is important to note here that these classes were selected both based on their prevalence in 

the landscape and to reduce spectral confusion and misclassification with the crops. It is not a 

comprehensive land cover classification scheme but rather a selection of classes that are 

relevant for this application. The non-cropland samples were collected through a single 

digitization process, delineating feature boundaries using the Pléiades image as reference, while 

ensuring these samples maintained representative spectral characteristics across all three sensor 

resolutions. 

The data on the crop parcels were filtered to remove parcels with more than one crop type, to 

try to ensure that the classifier is not trained on pixels of mixed cropland. Only the crops 
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sorghum, maize, millet, cotton, sesame and peanut as the main six-crops as well as the low 

feature count crops bean, okra, rice, cowpea and tomato are selected for the classification. The 

“Other crops” class was deliberately excluded due to the ambiguity of the class. Further, inward 

buffers were applied to reduce the influence of edge effects, through mixels, which can 

introduce noise in the classification process. The parcels are buffered inward by 10 metres for 

Sentinel-2, and 3 metres for Pléiades and PlanetScope to remove pixels at the edges and to 

account for inaccuracies in parcel delineation. 

 

7.3.  Classification Scenarios and Methodological approach 

The aim is to assess the classification performance of different crop types using the available 

sample data and utilizing spectral data from sensors with different spatial resolutions and 

temporal data depth. First, a baseline classification using solely crop type as the predictor is 

generated. Second and third, it is explored if field-assessed heterogeneity and parcel level 

spectral variability (CV of NDVI) can be a meaningful input variable to improve classification 

performance. While Chapter 6 demonstrated that field-assessed heterogeneity is not a strong 

predictor of spectral variation at the parcel level, it remains hypothesized that a simplified 

binary categorization might still impact classification performance. Two approaches are trialled 

here.  

• For one, the in-situ assessed ordinal scaled data (from 1-very low to 5-very high) is 

recoded into two classes, based on the crop-specific median heterogeneity values. This 

means that parcels with a heterogeneity value higher than the median value for the 

respective crop type are classified as "high heterogeneity" and those below the median 

as "low heterogeneity". This creates paired classes such as "Sorghum - high 

heterogeneity" and "Sorghum - low heterogeneity" for each crop type, effectively 

doubling the number of main crop classes in the classification framework.  

 

• A crop-specific classification based on NDVI variability derived from the Pléiades 

image. This approach uses the CV of NDVI calculated for each parcel. Parcels are 

categorized as "high CV" or "low CV" based on whether their value exceeds the crop-

specific median CV. 

 

This leads us to three classification scenarios that will be performed for each sensor: 

Scenario 1. Baseline classification: A Random Forest classification using the crop type as the 

sole predictor class, without considering heterogeneity. 

Scenario 2. Classification incorporating field-assessed heterogeneity: A Random Forest 

classification that incorporates a binary heterogeneity categorization as an additional input 

alongside crop type. 
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Scenario 3. Classification incorporating parcel-level CV of NDVI: A Random Forest 

classification that uses the NDVI-based coefficient-of-variation of parcels as an additional input 

alongside crop type 

For Sentinel-2, three factors known to affect classification performance are systematically 

evaluated during the baseline classification (i.e. Scenario 1). First, class imbalance is addressed 

using Synthetic Minority Over-sampling Technique (SMOTE) at varying sampling ratios to 

improve minority crop as well as landcover representation. Second, different tree masking 

thresholds are tested to minimize spectral interference from tree cover within agricultural 

parcels. Third, the Random Forest algorithm is optimized by fine-tuning key hyperparameters 

including the number of trees and minimum samples required for node splitting. Scenarios 2 

and 3 are then implemented using the optimized classification workflow identified in the 

baseline scenario. 

The optimized classification workflow obtained with the Scenario 1 approach for Sentinel-2 

data is subsequently applied to the PlanetScope and Pléiades imagery. Only the impact of tree 

masking is re-evaluated for each sensor since the different spatial resolution and characteristics 

of the sensors may yield different results. Scenarios 2 and 3 are then performed for each of the 

sensors.  

 

7.4.  Evaluation of Classification Performance 

To evaluate the classification performance comprehensively, a range of metrics that provide 

insights into the model's performance will be reported. The primary assessment will focus on 

class-specific metrics for sorghum, maize, millet, cotton, sesame, and peanut, particularly by 

examining F1-scores and precision and recall to understand both commission and omission 

errors. The overall accuracy provides a useful summary statistic but can be misleading in the 

presence of class imbalance, which is significant in this dataset. Therefore, also the macro 

average F1-score will be reported to assess the model’s performance, which averages all the 

per-class F1-scores, treating all classes equally regardless of their support size. The weighted 

average F1-score is further calculated, which takes the weighted mean of all per-class F1-scores, 

with the weights determined by the support size of the classes. 

While the six major crop types remain the focus, performance on minor crops (combined as 

"Other crops" in confusion matrices) and non-cropland classes are monitored to ensure the 

classifier maintains reasonable discrimination across all the elements of the landscape. 

Confusion matrices are analysed to identify specific misclassification patterns between crops 

and between crop and non-crop classes. 

 

7.5.  Classification of Sentinel-2 time series 

7.5.1. Methodology and Different Baseline Configurations 

The Sentinel-2 classification begins with establishing a systematic baseline approach against 

which subsequent modifications can be evaluated. Initially, a reference Random Forest 
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classification is implemented without sampling adjustments or tree masking, targeting the six 

primary crop types, five minor crops and nine non-cropland classes. Data preparation involves 

a 70/30 stratified split to maintain class distribution proportions. Table 31 shows the distribution 

of the sample data across the different classes and the pixel count of the training set after 

rasterization. The training data is then prepared by extracting the features for each sample raster 

cell, which includes the spectral bands B2, B3, B4, B5, B6, B7, B8, B8a, B11, B12 and the 

calculated indices (see Table 32 in Annex) for each of the 9 timesteps.  

To address the pronounced class imbalance evident in the training data, SMOTE is implemented 

using the imblearn library in Python (Lemaitre et al., 2016). SMOTE is applied using varying 

sampling ratios (0.25, 0.5, 0.75, and 1.0) relative to the majority class (i.e. sorghum). This 

approach generates synthetic samples for minority classes with k=5 nearest neighbours, a value 

selected to accommodate the low sample count of the smallest class (i.e. tomato). The sampling 

strategy systematically evaluates how different balancing intensities affect classification 

performance, particularly for underrepresented crop types. 

The influence of tree cover within cropland on classification performance is assessed through 

a threshold-based masking approach. Tree polygons are rasterized at 10-times the Sentinel-2 

resolution, allowing calculation of percentage tree cover per pixel. Three threshold levels (20%, 

50%, and 80%) are evaluated to determine optimal tree filtering intensity for both training and 

validation data. For each threshold, both training and validation datasets are filtered to exclude 

pixels exceeding the specified tree coverage percentage. Classification results are evaluated 

using both tree-filtered validation (representing idealized performance without tree 

interference) and non-tree-filtered validation (representing performance in the agricultural 

landscape where trees are common). 

To optimize the Random Forest classifier, key hyperparameters are systematically tuned. 

Starting from a baseline configuration of 100 trees and a minimum of 2 samples per split, the 

number of trees is varied (100, 200, 500) along with the minimum samples required to split a 

node (2, 5, 10, 20). This process aims to identify the optimal configuration that balances 

classification accuracy with computational efficiency. 

 

7.5.2. Scenario 1: Baseline Classification 

7.5.2.1. Results of Baseline Classification 

The first baseline classification achieved an overall accuracy of 71.3 % on the validation 

dataset, with a macro average F1-score of 0.54 and a weighted average F1-score of 0.69. The 

detailed classification report is shown in Table 8. 

Table 8: Classification Report for Sentinel-2 Scenario 1 Baseline Classification  

Class Precision Recall F1-score Support 

Sorghum 0.77 0.81 0.79 3450 

Maize 0.59 0.71 0.64 905 

Millet 0.65 0.67 0.66 572 

Cotton 0.67 0.74 0.71 1119 

Sesame 0.38 0.16 0.23 411 
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Peanut 0.50 0.02 0.05 122 

Bean 0.00 0.00 0.00 120 

Okra 0.00 0.00 0.00 2 

Rice 0.00 0.00 0.00 7 

Cowpea 0.00 0.00 0.00 25 

Tomato 0.00 0.00 0.00 8 

asphalt road 0.97 1.00 0.98 58 

built-up 0.79 0.70 0.74 37 

clay bare soil 0.80 0.67 0.73 55 

forest-edge 0.73 0.91 0.81 47 

grassland 1.00 0.73 0.84 62 

lateritic bare soil 0.87 0.95 0.91 80 

lateritic rock road 1.00 0.79 0.88 48 

water 1.00 0.88 0.94 17 

woody vegetation 0.96 0.98 0.97 90 

accuracy 
  

0.71 7235 

macro avg 0.58 0.54 0.54 7235 

weighted avg 0.69 0.71 0.69 7235 

 

Crop classification performance varies. Sorghum demonstrated the strongest performance with 

an F1-score of 0.79 followed by cotton (0.71), millet (0.66) and maize (0.64), while sesame and 

peanut showed low performance with F1-scores of 0.23 and 0.05, respectively. Overall, the 

recall is higher than the precision for the main crop types, indicating that the model is better at 

correctly identifying the crops than at avoiding false positives. The low feature count crops 

(bean, okra, rice, cowpea, tomato) exhibited complete classification failure with F1-scores of 

zero. 

Non-cropland classification demonstrated superior performance compared to the crop type 

classes, with several classes achieving good results. Water bodies (F1: 0.94), woody vegetation 

(F1: 0.97), asphalt roads (F1: 0.98), and lateritic bare soil (F1: 0.91) showed strong 

classification accuracy. Good performance was also observed for grassland (F1: 0.84) and forest 

edge (F1: 0.81), while built-up areas (F1: 0.74) and clay bare soil (F1: 0.73) achieved moderate 

accuracy levels. 

The macro average being lower than the overall accuracy indicates uneven performance across 

classes. The weighted average F1-score (0.69) being closer to overall accuracy confirms that 

performance is driven primarily by success on dominant classes, particularly Sorghum. 

The confusion matrix (see Table 33 in Annex) reveals that there is substantial classification 

confusion among the primary crop types, with many maize, millet, cotton, sesame and peanut 

pixels being misclassified as sorghum. Also, sorghum is in many cases misclassified as one of 

the other main crop types except for peanut. The minority classes (bean, okra, rice, cowpea, 

tomato) were mostly misclassified as cotton. For the non-cropland classes, there is also some 

notable confusion of grassland being misclassified as either sorghum, maize or millet. 
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7.5.2.2. Impact of Implementing SMOTE 

Table 34 in the Annex shows the results of the SMOTE application with a sampling ratio of 1. 

Here, the number of training pixels in each class is equal to the number of pixels in the sorghum 

class (i.e. 6467). The overall classification accuracy decreases slightly to 70.85%, with the 

macro average increasing to 0.58 and the weighted average remaining at 0.69. The F1-scores 

for the main crop types remain largely comparable to the baseline classification. Some low 

feature count crops improve. The most notable improvement is rice classification going from 

complete failure to a F1-score of 0.50. Also, some of the non-cropland classes show improved 

performance, with the F1-scores for built up areas (0.84), lateritic rock road (0.99), lateritic bare 

soil and water (0.97) increasing. However, most low feature count crops still exhibit complete 

classification failure and the classification performance for sesame and peanut remain low with 

F1-scores of 0.23 and 0.06, respectively. The confusion matrix (Table 35 in the Annex) reveals 

that the model still struggles with the low feature count crops, which are often misclassified as 

cotton or sorghum. The main crop types are still commonly misclassified as sorghum.  

The results of the SMOTE application with a sampling ratio of 0.5 are shown in the Annex in 

Table 36. The overall classification accuracy lies at 71.17%, being slightly higher than the 

previous SMOTE scenario but slightly lower than the baseline scenario without SMOTE. The 

macro average F1-score increases slightly to 0.59. The F1-scores for the main crop types and 

for the non-cropland classes are largely comparable. The low feature count crops still struggle, 

but rice showed an improvement from 0.50 to 0.55. Minority crops such as bean, okra, cowpea, 

and tomato still exhibit complete classification failure. Comparing the confusion matrix (see 

Table 37 in Annex) we can see similar patterns of misclassification as in the previous SMOTE 

scenario, albeit with variations in the extent of specific misclassifications. 

It can be concluded that applying SMOTE helped improve the classification performance for 

some minority classes but does not overcome the inherent challenges of class imbalance and 

spectral confusion in the dataset. The impact on the better performing crops sorghum, maize, 

millet and cotton are limited, while sesame and peanut and most low feature count crops still 

struggle with classification. We can observe an increase in F1 scores for most non-cropland 

classes. Due to this limited improvement and the higher macro average F1-score, the SMOTE 

scenario with a sampling ratio of 0.5 is implemented as the baseline for further analysis. 

7.5.2.3. Impact of Tree Masking 

To assess the impact of tree cover, pixels exceeding 20%, 50%, and 80% tree cover thresholds 

are masked from both training and validation data. The accuracy metrics on both the tree-

filtered and non-tree filtered validation data are compared. 

For the non-tree filtered validation set, the overall accuracy is at 71.13 % with 80 percent tree 

masking, 70.88 % at 50 percent tree masking and 71.49% with a 20 percent tree masking 

threshold applied. The macro averages are 0.58 (80 % threshold), 0.58 (50 %), and 0.57 (20 %) 

respectively. The F1-scores for the main crop types sorghum, maize, millet and cotton are 

similar across the different tree masking thresholds, deviating only by an extent of one or two 

percentage points to the baseline without tree masking. Sesame and peanut show no 

improvement in classification as well as the low feature count crops bean, okra, rice, cowpea 

and tomato. The non-cropland classes show variability in classification performance across the 
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different tree masking thresholds, with some classes improving and some classes decreasing in 

classification performance depending on the chosen threshold. 

With the 20 % threshold (see Table 39 in Annex) the non-cropland classes forest-edge and 

grassland F1-scores improved slightly, however with other non-cropland classes slightly 

decreasing. Comparing the tree-filtered and non-tree-filtered validation (Table 38 and Table 39 

in Annex) , we can see that the tree-filtered validation achieved a higher overall accuracy of 

72.56% compared to 71.49%. The macro average F1-score for the tree-filtered validation is 

0.58, while it is 0.57 for the non-tree-filtered validation. The confusion matrix for the non-tree-

filtered validation dataset (Table 40 in Annex) shows that the overall dynamics of 

misclassification did not change substantially. The proportion of misclassification of sorghum 

for example changed slightly, with misclassification as sesame and millet being more prevalent. 

Overall, no significant changes in the dynamics of misclassification can be observed.  

The tree masking threshold of 20% demonstrates only a very small improvement in 

classification performance for sorghum, maize, and millet compared to the non-tree filtered 

scenario. Additionally, the macro average F1-score decreases with tree masking applied, 

indicating that tree masking negatively impacts the balanced performance across all classes.  

Considering this, it is decided to exclude tree masking from further analysis for several reasons 

which will be expanded on in Chapter 8. From an operational perspective, implementing tree 

masking adds substantial processing complexity with minimal performance gain.  

7.5.2.4. Impact of RF Model Calibration on Classification Performance 

Different values are trialled of number of trees (100, 200, 500) and minimum samples split (2, 

5, 10, 20). The results generally show minor variations in classification performance across 

different parameter settings. A slight decrease in accuracy is observed with higher values of 

minimum samples split, while increasing the number of trees improves performance. The 

configuration with 500 trees and a minimum sample split of 2 is reported on here.  

The results (Table 41 in Annex) show that compared to the previous baseline model (with 0.5 

SMOTE), the F1 scores of maize (0.67) and millet (0.68) as well as sesame (0.28) increase by 

1 to 3 percentage points, while the F1-score for sorghum, cotton and peanut remain unchanged. 

The low feature count crops still struggle with classification, with F1-scores of zero for bean, 

okra, cowpea and tomato. Rice shows a slight improvement of F1-score to 0.61. The non-

cropland classes show similar performance to the 0.5 SMOTE baseline scenario, with some 

classes improving slightly, with others unchanged or showing a slight decrease. The patterns of 

misclassification (see Table 42 in Annex) have not changed substantially. 

The overall increase in classification performance (0.72), the stable macro average F1 (0.59), 

and the improved F1-scores for maize, millet, and sesame show that the model calibration to a 

higher number of trees has a positive impact on the classification performance. Therefore, this 

model is used as the baseline for further analysis. 
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7.5.3. Scenario 2: Incorporating Field-Assessed Heterogeneity 

Building on the baseline classification approach, Scenario 2 explores whether incorporating 

field-observed heterogeneity through a binary categorization into “high heterogeneity” parcels 

and “low heterogeneity” parcels can improve crop type classification performance. The 

reporting highlights both the classification performance of the crop classes split by 

heterogeneity as well as when merging the subdivided classes back to the original crop classes 

for validation assessment. 

Results show that incorporating field-observed heterogeneity improves overall accuracy to 

76.27% with a macro average F1-score of 0.62. (see Table 10) Lower heterogeneity class 

subsets consistently exhibit higher F1-scores than their higher heterogeneity counterparts (see 

Table 9). The most substantial improvements over baseline classification occurred for cotton 

(F1: 0.80), sesame (F1: 0.59) and peanut (F1: 0.27), with also sorghum (F1: 0.81) and maize 

(F1: 0.68) showing improved F1-scored. The F1-score for millet decreases (F1: 0.64) while the 

low feature count crops still struggle with classification, and rice showing a slight performance 

decrease. The non-cropland classed show variability in classification performance, with some 

classes improving and some decreasing compared to the previous baseline scenario. The 

confusion matrix (see Table 43 in Annex) reveals reduced misclassification of sorghum as one 

of the other major crops, particularly maize.  We can also see that the merged "Other crops" are 

here more commonly misclassified as sorghum instead of cotton, compared to the baseline 

scenario. 

It can be concluded that the incorporation of in-situ heterogeneity information into the 

classification framework leads to an improvement in classification performance, reflected in 

higher overall accuracy and improved F1-scores of major crops. 

 

Table 9: Validation metrics for heterogeneity subsets for Sentinel-2 Scenario 2 (Incorporating Field-assessed 

Heterogeneity) 

Class Subset Precision Recall F1-score Support 

Sorghum 
higher heterogeneity 0.47 0.35 0.40 2046 
lower heterogeneity 0.42 0.75 0.54 1281 

Maize 
higher heterogeneity 0.44 0.28 0.34 296 
lower heterogeneity 0.79 0.63 0.70 486 

Millet 
higher heterogeneity 0.75 0.33 0.45 243 
lower heterogeneity 0.64 0.59 0.61 361 

Cotton 
higher heterogeneity 0.54 0.68 0.61 586 
lower heterogeneity 0.69 0.58 0.63 762 

Sesame 
higher heterogeneity 0.34 0.41 0.37 217 
lower heterogeneity 0.62 0.45 0.53 216 

Peanut 
higher heterogeneity 0 0 0 20 
lower heterogeneity 0.77 0.50 0.61 20 
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Table 10: Classification report for Sentinel-2 Scenario 2 (Incorporating Field-assessed Heterogneity) 

Class Precision Recall F1-score Support 

Sorghum 0.76 0.87 0.81 3327 

Maize 0.81 0.59 0.68 782 

Millet 0.76 0.55 0.64 604 

Cotton 0.79 0.81 0.80 1348 

Sesame 0.60 0.58 0.59 433 

Peanut 0.29 0.25 0.27 40 

Bean 0.08 0.02 0.03 120 

Okra 0.00 0.00 0.00 9 

Rice 0.00 0.00 0.00 44 

Cowpea 0.33 0.80 0.47 5 

Tomato 0.00 0.00 0.00 8 

asphalt road 1.00 1.00 1.00 58 

built-up 0.80 0.89 0.85 37 

clay bare soil 0.62 0.71 0.66 55 

forest-edge 0.89 0.89 0.89 47 

grassland 0.94 0.74 0.83 62 

lateritic bare soil 0.88 0.95 0.92 80 

lateritic rock road 1.00 0.98 0.99 48 

water 1.00 0.94 0.97 17 

woody vegetation 0.90 1.00 0.95 90 

accuracy 
  

0.76 7214 

macro avg 0.62 0.63 0.62 7214 

weighted avg 0.75 0.76 0.75 7214 

 

 

7.5.4. Scenario 3: Incorporating Intra-Parcel Spectral Variability 

The results of the Scenario 3 approach do not show a clear pattern of performance differences 

between the lower and higher CV subset classes (see Table 45 in Annex). Sorghum and maize 

show higher recall and F1-scores for higher CV subsets, while the lower CV subsets performed 

better for cotton and sesame. Millet showed equivalent F1-scores across both classes. 

Overall accuracy decreases to 69.72% compared to the baseline, though with a slightly 

improved macro average F1-score of 0.60 (see Table 44). Performance varies significantly by 

crop type: millet (F1: 0.73), cotton (F1: 0.73), and sesame (F1: 0.46) improved, while sorghum 

(F1: 0.75) and maize (F1: 0.50) declined. Peanut and most low-feature crops show complete 

classification failure, with rice being a notable exception with a strong performance increase 

(F1: 0.93). The confusion matrix (see Table 46) reveals increased sorghum recall but also 

greater misclassification of other crops as sorghum, with maize particularly affected by this 

pattern.  

Overall, it can be concluded that the incorporation of intra-parcel spectral variability of crop 

parcels does not lead to an improvement in classification performance for Sentinel-2. 
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7.5.5. Summary of Sentinel-2 Classification Results 

The classification experiments yielded valuable insights into crop mapping capabilities with 

Sentinel-2. Neither SMOTE sampling, to address class imbalance, nor tree masking 

significantly improved overall performance. More substantial improvements emerged when 

incorporating field-observed heterogeneity in Scenario 2, which achieved the highest overall 

accuracy (76.27%) and macro-average F1-score (0.62). This approach revealed a consistent 

pattern: pixels from lower-heterogeneity parcels were more accurately classified than those 

from higher-heterogeneity parcels across most crop types. Conversely, Scenario 3's integration 

of Pléiades-derived spectral variability of parcels decreased overall accuracy to 69.72%, with 

no clear pattern across the CV subset classes. 

Despite these improvements, classification performance remains suboptimal for operational 

crop mapping, with only sorghum and cotton achieving F1-scores above 0.80 and most minor 

crops failing completely. The persistent confusion between crop pairs indicates fundamental 

limitations in spectral-temporal separability using Sentinel-2 data in this complex agricultural 

landscape.  

 

7.5.6. Applying the Scenario 2 Classifier on Study Area 

Figure 12 shows the classification results of the Scenario 2 model applied to the entire study 

area. The classification shows a complex landscape with large extents of forest, bare soil and 

forest edges, interspersed with large patches of cropland. There appears to be a general 

dichotomy between cropland and non-cropland areas, with the non-cropland features appearing 

to be well captured by the classification and man-made features such as roads and built-up areas 

clearly identifiable. Sorghum (shown in red) clearly dominates the cropland matrix of the 

classified landscape, appearing in large continuous patches throughout. Other major crops 

appear in smaller clusters, with maize (yellow), millet (orange), and cotton (blue) forming 

distinct patterns resembling cropland parcels. Sesame (purple) and peanut (brown) are less 

prevalent. 

The inset maps demonstrate the relationship between the classification results and the in-situ 

cropland parcels (outlined in black), labelled by their assessed crop type(s). The hashed parcels 

indicate those parcels on which the model was trained (after inward buffering), while the non-

hashed parcels are either part of the validation set or constitute additional parcels with multiple 

recorded crops or where "Other Crops" were recorded as the primary crop type. Parcels labelled 

in-situ as sorghum largely align with the classified result, with most pixels within these parcels 

classified as sorghum. In some cases, individual pixels within these parcels are misclassified, 

and in some rare cases larger patches of pixels are classified as other crops. Cotton shows 

similar patterns but with partial misclassification primarily as sorghum. Maize and millet 

parcels exhibit more pronounced misclassification, predominantly as sorghum. The 

classification of peanut and "Other crops" performs poorly. For parcels with multiple recorded 

crops the classification shows limited success in reflecting this diversity, with some parcels 

showing a mix of crop types, although not always in correspondence with the in-situ data labels.  
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Figure 12: Classification of study area with Sentinel-2 Scenario 2 classifier 
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7.6.  Classification of PlanetScope time series 

7.6.1. Methodology and Configuration 

The PlanetScope classification applies the optimized Sentinel-2 parameters (SMOTE ratio 0.5, 

Random Forest with 500 trees and a minimum samples split of 2) without repeating parameter 

tuning. The same processing methodology is followed, with adjustments for PlanetScope's 

higher spatial resolution, with inward buffers of 3 metres applied to remove edge pixels. The 

data undergoes the same 70/30 stratified training/validation split. Table 31 in the Annex shows 

the distribution of the sample data set across the different classes and the pixel count of the 

training data after rasterization. 

The classification is run using the bands Blue, Green I, Green, Yellow, Red, Red Edge, and NIR 

and the calculated indices for PlanetScope (see Table 47 in Annex) for the 11 images in the time 

series. Initially, in the baseline scenario, the effect of tree masking with a 20% threshold is 

evaluated to assess whether excluding tree-covered pixels has an impact on classification 

accuracy. 

 

7.6.2. Scenario 1: Baseline Classification 

7.6.2.1. Results of Baseline Classification without Tree Masking 

The PlanetScope baseline classification without tree masking achieves 70.18% accuracy with a 

macro average F1-score of 0.57 (see Table 48 in Annex). Performance forms a clear hierarchy: 

sorghum (F1: 0.79) performs the strongest, followed by cotton (0.72), millet (0.69), maize 

(0.63). Sesame (0.21) and peanut (0.11) perform poorly. Low-feature count crops show 

complete classification failure, while non-cropland classes performing generally well. The 

confusion matrix (see Table 49) reveals a systematic bias towards sorghum classification, which 

absorbs substantial portions of both minority crops and major crops including maize, millet, 

and cotton. 

7.6.2.2. Results of Baseline Classification with Tree Masking 

Tree masking at a 20% threshold shows minimal impact on PlanetScope classification 

performance (see Table 50 and Table 51 in Annex), with overall accuracy improving negligibly 

from 70.18% to 70.23% (70.73% on tree-filtered validation). The macro average F1-score 

remains unchanged at 0.57, with main crop types showing only minor fluctuations in 

performance metrics. Minority crops continue to exhibit complete classification failure, and 

fundamental misclassification patterns (see Table 52 in Annex) remain unchanged. These 

results show that integrating the tree mask provides no substantial benefit for crop type 

classification with PlanetScope. 
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7.6.3. Scenario 2: Incorporating Field-assessed Heterogeneity 

Incorporating field-assessed heterogeneity into the PlanetScope classification reveals that lower 

heterogeneity subsets outperform higher heterogeneity subsets across most major crop types, 

except for sorghum (see Table 11). Overall classification accuracy increases to 74.35% with a 

macro average F1-score of 0.61 (see Table 12). Sorghum (F1: 0.81), cotton (0.79), millet (0.70), 

maize (0.65) show improved F1-scores compared to the baseline. Improvements are substantial 

for underperforming crops like sesame (0.50) and peanut (0.31). Rice improves from complete 

classification failure to an F1-score of 0.32, while other low-feature count crops continue to 

show classification failure. The confusion matrix (Table 53 in Annex) reveals reduced 

misclassification as sorghum across most main crop types, though minority crops and peanut 

and sesame remain strongly misclassified as sorghum.  

 

Table 11: Validation metrics for heterogeneity subsets for PlanetScope Scenario 2 (Incorporating Field-assessed 

Heterogeneity) 

Class Subset Precision Recall F1-score Support 

Sorghum 
higher heterogeneity 0.48 0.62 0.54 28 025 
lower heterogeneity 0.51 0.54 0.52 25 008 

Maize 
higher heterogeneity 0.39 0.32 0.35 5391 
lower heterogeneity 0.65 0.58 0.61 8734 

Millet 
higher heterogeneity 0.68 0.35 0.46 4244 
lower heterogeneity 0.60 0.61 0.61 7277 

Cotton 
higher heterogeneity 0.64 0.57 0.60 9143 
lower heterogeneity 0.80 0.71 0.75 11 599 

Sesame 
higher heterogeneity 0.43 0.36 0.39 4771 
lower heterogeneity 0.47 0.34 0.40 2725 

Peanut 
higher heterogeneity 0.00 0.00 0.00 429 
lower heterogeneity 0.90 0.58 0.71 563 

 

Table 12: Classification report for PlanetScope Scenario 2 (Incorporating Field-assessed Heterogeneity) 

Class Precision Recall F1-score Support 

Sorghum 0.75 0.89 0.81 53 033 

Maize 0.71 0.61 0.65 14 125 

Millet 0.77 0.63 0.70 11 521 

Cotton 0.84 0.74 0.79 20 742 

Sesame 0.56 0.44 0.50 7496 

Peanut 0.29 0.33 0.31 992 

Bean 0.01 0.00 0.00 1796 

Okra 0.00 0.00 0.00 810 

Rice 0.20 0.76 0.32 46 

Cowpea 0.00 0.00 0.00 224 

Tomato 0.00 0.00 0.00 246 

asphalt road 0.99 1.00 0.99 215 

built-up 0.98 0.78 0.87 152 

clay bare soil 0.84 0.70 0.76 260 

forest-edge 0.83 0.94 0.88 200 

grassland 0.90 0.75 0.82 440 

lateritic bare soil 0.86 0.99 0.92 426 
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lateritic rock road 1.00 0.98 0.99 209 

water 0.97 0.93 0.95 97 

woody vegetation 1.00 0.99 0.99 520 

accuracy 
  

0.74 113 550 

macro avg 0.62 0.62 0.61 113 550 

weighted avg 0.73 0.74 0.73 113 550 

 

 

7.6.4. Scenario 3: Incorporating Intra-Parcel Spectral Variability 

Scenario 3 shows no clear performance pattern between high and low CV subsets (see Table 54 

in Annex). The overall accuracy reaches 71.12% with a macro average F1-score of 0.58 (see 

Table 55 in Annex). Performance varies by crop type: millet (F1-score: 0.72), cotton (0.79), and 

sesame (0.54) show improvement compared to the baseline, while sorghum (0.77) and maize 

(0.55) decline. Peanut and low-feature count crops show complete classification failure, being 

predominantly misclassified as Sorghum (see Table 56 in Annex).  

The incorporation of spectral variability of parcels in Scenario 3 leads to a minor improvement 

in classification performance compared to the baseline scenario, mainly driven by improved 

performance of millet, cotton and sesame, while other main crops show a decrease in 

classification accuracy. 

 

7.6.5. Summary of PlanetScope Classification Results 

The baseline classification for PlanetScope achieved an overall accuracy of 70.18% and a macro 

average F1-score of 0.57, which is comparable to the Sentinel-2 baseline classification results. 

The main crops sorghum, cotton, and millet performed well, while minority crops such as 

sesame and peanut struggled significantly. Tree masking proved ineffective with negligible 

accuracy improvements (70.23%). The incorporation of in-situ heterogeneity assessments in 

Scenario 2 leads to improved classification performance, achieving an overall accuracy of 

74.35%, a macro average F1-score of 0.61 and a substantial increase in F1-scores for crops such 

as sesame and peanut. Scenario 3's spectral variability approach produced more modest 

improvements (accuracy: 71.12%, macro F1: 0.58), with inconsistent effects across crop types. 

 

7.6.6. Applying the Scenario 2 classifier on Study Area 

Figure 13 shows the classification results of the Scenario 2 classifier applied to the study area. 

We again see a clear dichotomy between cropland and non-cropland, with cropland appearing 

in large patches in the landscape matrix. Sorghum clearly dominates the cropland matrix of the 

classified landscape, with other major crops such as maize, millet and cotton forming distinct 

patterns resembling cropland parcels. We also see that man-made features such as roads and 

built-up areas are clearly identifiable. 

Examining validation parcels in the inset maps we can see that sorghum is well captured in the 

classification, with parcels being largely correctly classified with few misclassifications of 
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individual pixels. Cotton shows less consistent classification, with some parcels being well 

captured and others showing a high number of misclassified pixels. Larger cotton fields (see 

inset map 1 and 4) show significant misclassification of pixels as sorghum or as maize. Maize 

and millet parcels exhibit mixed results, with many parcels correctly classified but others 

showing significant misclassifications with other main crop types. Sesame and peanut appear 

to be widely misclassified. In case of multiple crops being present in the same parcel, the 

classification only manages to capture this diversity in some cases (e.g. Sorghum & Cotton in 

inset map 4 and Sorghum & Maize in inset map 3) but fails to do so in other cases (e.g. Cotton 

& Sorghum in inset map 2). 
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Figure 13: Classification of Study Area with PlanetScope Scenario 2 Classifier 
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7.7. Classification of single-date Pléiades Image 

7.7.1 Methodology and Configuration 

For the Pléiades classification, several methodological adaptations were necessary to 

accommodate its 0.5m resolution. A 3m inward buffer was applied to compensate for parcel 

delineation imprecisions. Data preparation followed the same stratified 70/30 

training/validation split used with the other sensors. The pixel count of each class after 

rasterization can be seen in Table 31 in the Annex. To manage the computational cost of the 

significantly higher pixel count, a two-step sampling strategy was implemented: majority 

classes were capped at 500 000 samples, then minority classes were boosted to 50% of this 

threshold (250 000) using SMOTE oversampling. This balanced class representation while 

maintaining a large set of training samples for majority classes. The Random Forest classifier 

was configured with 100 trees to reduce computational demands.  

The classifications are run using the bands Red, Green, Blue, NIR of Pléiades and the calculated 

indices (see Table 57 in Annex). 

 

7.7.2. Scenario 1: Baseline classification 

7.7.2.1. Results of Baseline Classification without Tree Masking 

The baseline classification results of Pléiades exhibit very poor performance with only 25.07% 

overall accuracy and a macro average F1-score of 0.32 (see Table 58 in Annex). All crop types 

showed weak results, with even the best-performing crops achieving low F1-scores (sorghum: 

0.33, cotton: 0.34, millet: 0.27, maize: 0.18). Minority crops show almost complete 

classification failure. Natural non-cropland classes (grassland, woody vegetation, forest edge) 

performed near zero, with the confusion matrix (see Table 59 in Annex) revealing systematic 

misclassification of these classes as cropland. Major crops show extensive confusion with each 

other. 

7.7.2.2. Results of Baseline Classification with Tree Masking 

The integration of tree masking using a 20% threshold shows minimal impact on classification 

performance, with overall accuracy showing negligible improvement from 25.07% to 25.15% 

accuracy on the non-tree filtered validation data (see Table 60 in Annex) and 25.63% on the 

tree-filtered validation data (see Table 61 in Annex). The macro average F1-score remains 

unchanged at 0.32 (on-tree filter validation data), indicating no improvement in balanced 

performance across all classes. The fundamental misclassification patterns remain largely 

unchanged (see Table 62 in Annex). 

 

7.7.3. Scenario 2: Incorporating Field-assessed Heterogeneity 

Incorporating recategorized field-assessed heterogeneity into the Pléiades classification 

framework yields modest improvements, with overall accuracy increasing to 26.75% and macro 

average F1-score rising to 0.34 (see Table 64 in Annex). Analysis of heterogeneity-specific 

subclasses (see Table 63 in Annex) reveals a consistent pattern: lower heterogeneity subsets 
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generally achieve higher F1-scores than their higher heterogeneity counterparts across major 

crops. When merged to original crop classes, maize, cotton, and sesame show improved F1-

scores compared to the baseline, while sorghum and millet performance slightly declines. 

Peanut and all low-feature count crops continue to exhibit near-complete classification failure. 

The confusion matrix (see Table 65 in Annex) reveals persistent widespread misclassification 

between major crop types, with no substantial changes in misclassification patterns compared 

to the baseline scenario. 

 

7.7.4. Scenario 3: Incorporating Intra-Parcel Spectral Variability 

Scenario 3 shows an improvement in classification performance with overall accuracy 

increasing to 27.94% and macro average F1-score reaching 0.34 (see Table 67 in Annex). 

Analysis of the CV subsets (see Table 66 in Annex) reveal inconsistent patterns, with sorghum, 

cotton, and sesame showing higher F1-scores in their lower CV subsets, while maize and millet 

do not. The main crop types sorghum, millet, cotton and sesame show improved F1-scores 

compared to the baseline scenario. Peanut and the low-feature count crops still show complete 

or close to complete classification failure in this scenario. Crops are extensively misclassified 

with each other (see Table 68 in Annex). 

 

7.7.5. Summary of Pléiades Results 

Pléiades yielded consistently poor classification results, with accuracy ranging between 25-28% 

across the scenarios. All crop types showed low F1-scores, with some major crops performing 

better than minor crops, of which many experienced almost complete classification failure. 

Natural non-cropland classes (grassland, forest edge, woodland) also exhibit very low F1-scores 

close to zero. Tree masking provided no meaningful improvement. Scenario 2 increased 

accuracy to 26.75% with improvements for maize, cotton and sesame, while Scenario 3 

achieved slightly better results with 27.94% (macro average F1: 0.34). 

 

7.7.6. Applying the Scenario 2 Classifier on Study Area 

Figure 14 shows the classification results of the Pléiades Scenario 2 classifier applied to the 

study area. The map reveals a fragmented and patchy classification. Man-made features such 

as roads and built-up areas are identifiable. A dichotomy can still be observed to some extent 

between cropland and non-cropland, although cropland pixels, especially sorghum and cotton, 

appear widely interspersed in the landscape matrix. 

The validation parcels show a strong variability in classified crop classes. All parcels lack a 

coherent classification, with classified pixels of different crop types scattered throughout. 

Cotton and sorghum parcels both show a big proportion of the parcel classified as the other 

class respectively. Also, woody vegetation appears commonly within the cropland parcels. No 

clear differences in classification results can be observed between those parcels with a single 

field-assessed crop type and those with multiple crop types. 
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Figure 14: Classification of Study Area with Pléiades Scenario 2 Classifier 
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7.8.  Refined Validation Approach of Sentinel-2 and PlanetScope 

Classifications Using VHR Cropland Mask 

While single-date Pléiades imagery performed poorly for crop type discrimination, its superior 

spatial resolution (0.5m) offers a valuable methodological opportunity to refine the validation 

of Sentinel-2 and PlanetScope classifications. 

While multi-temporal Sentinel-2 and PlanetScope classifications achieved substantially higher 

accuracy, validation of these results is confounded by the inherent heterogeneity of agricultural 

parcels. Non-crop features like trees and bare soil patches create a complex mixture of elements, 

introducing noise that affects validation. While a tree mask was previously implemented and 

tested, it did not fully account for this internal parcel complexity. 

This section explores if a VHR-derived cropland mask enables a more precise evaluation of 

classification performance. By focusing validation on actual crop pixels by systematically 

excluding non-crop elements from parcels, this approach aims to reveal the classifiers' 

performance on cropland itself, free from the confounding effects of intra-parcel heterogeneity. 

Methodologically the refined validation approach consists of three key steps: 

(1) Generation of a VHR cropland/non-cropland mask: Using the Pléiades image (0.5m 

resolution), a binary cropland mask is created through supervised classification following a 

similar sampling approach to that used in the crop type classification but adapted to focus on 

the binary distinction between crop and non-crop elements. 

(2) Masking validation data of Sentinel-2 and PlanetScope: The high-resolution mask is 

aggregated to Sentinel-2 (10m) and PlanetScope (3m) resolution, resulting in cropland 

proportion values for each sensors respective pixels. Different threshold approaches (e.g., 50% 

cropland proportion) are then applied to filter validation pixels, retaining only those which meet 

the cropland coverage threshold. 

(3) Re-evaluation of classification accuracy: The Sentinel-2 and PlanetScope Scenario 2 

classification is reassessed using the filtered validation sets, providing additional accurate 

measures of the classifier's ability to discriminate between crop types without the confounding 

influence of non-crop elements. 

 

7.8.1. Generation of Very High-Resolution Cropland Mask 

7.8.1.1. Methodology 

For the cropland mask, the Pléiades imagery was classified using an adapted sample set to focus 

on the binary distinction between crop and non-crop elements. Cropland was manually sampled 

from within the in-situ data, ensuring that only pixels covered by dense crop vegetation were 

sampled, effectively isolating the spectral signatures of crops from within the heterogenous 

parcels. 

This could only be done in sufficient quantities for the major crop types (sorghum, maize, millet, 

cotton, sesame, peanut) and okra so the sampling was limited to these crops. The non-cropland 
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classes previously sampled were retained, but additional samples were added to the woody-

vegetation class to increase the representation. The forest-edge class was removed after it was 

found to not be beneficial for the classification. No SMOTE oversampling was applied to the 

training data, as not to introduce synthetic pixels that could distort the spectral signatures of the 

crops. The classification was performed using a Random Forest classifier with 100 trees. The 

results were validated with a class-wise assessment evaluating the model's performance across 

all classes as well as a binary validation specifically focusing on the model's discriminative 

capacity between cropland and non-cropland. 

 

7.8.1.2. Results  

Binary cropland/non-cropland classification (see Table 13) shows an overall accuracy of 

91.63%. The model exhibits high performance in cropland identification (F1-score: 95.05%, 

recall: 96.50% precision: 93.64%), effectively capturing most pixels covered by crops with 

minimal omission errors. However, non-cropland classification shows moderate performance 

(precision: 79.51%, recall: 67.48%, F1-score: 73.00%), indicating a bias of the classifier toward 

cropland prediction. The confusion matrix (see Table 70 in Annex) reveals that the main driver 

of the cropland prediction within non-cropland is misclassification of the grassland and woody-

vegetation classes as cropland. The classifiers systemic bias toward cropland prediction 

represents a limitation for balanced land cover mapping, however it aligns with the 

methodological needs for creating a high-recall cropland mask that can be used to mask the 

parcel validation data. The model's ability to accurately identify cropland areas is deemed 

sufficient for this purpose and was used to predict the whole study area. An examination (see 

Figure 15) of the classification of the  study area reveals that the prediction effectively captures 

the spatial distribution of cropland and is able to capture the presence of non-crop features such 

as trees and bare soil patches within cropland. 

 

Table 13: Binary classification report for the Pléiades cropland/non-cropland classification 

 precision recall F1-score support 

Cropland 0.9364 0.9650 0.9505 208588 
Non-Cropland 0.7951 0.6748 0.7300 42039 

accuracy   0.9163 250627 

macro avg 0.8658 0.8199 0.8402  
weighted avg 0.9127 0.9163 0.9135  
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Figure 15: Cropland/Non-Cropland classification derived from Pléiades image 

 

7.8.2. Validation of Sentinel-2 and PlanetScope Classifications with different 

Cropland Proportion Thresholds 

7.8.2.1. Methodology 

A binary cropland mask is extracted from the Pléiades classification scene by isolating the crop 

class values. This binary mask is then spatially resampled to match both the 10m Sentinel-2 

grid and the 3m PlanetScope grid using an area-weighted averaging approach, which calculates 

the percentage of cropland coverage within each pixel of the respective sensors. This 

resampling process preserves the sub-pixel spatial information during downscaling, resulting 

in continuous cropland percentage masks (0-100%) that quantify the proportion of each pixel 

covered by cropland at both 10m (Sentinel-2) and 3m (PlanetScope) resolutions. 

The resampled cropland masks are then applied to the sensor validation data of the respective 

Scenario 2 classifier, retaining only validation pixels meeting defined thresholds (0, 10, 25, 50, 

75, and 90%) of cropland coverage. The filtered validation datasets are then used to re-evaluate 

both the Sentinel-2 and PlanetScope classification accuracies. 

 

7.8.2.2. Results 

For Sentinel-2, as the threshold increases from 0% to 90 %, the decreasing support counts across 

thresholds confirm that mixed pixels are being systematically excluded. The overall validation 

accuracy of the classification improves from 76.3% to 77.5%. The macro-averaged F1-score 

(see Table 14) also increases from 0.62 to 0.65 with precision improving while recall remains 

stable. Sorghum, cotton and millet show modest performance gains (Table 15). Maize stands 

out as the only crop with a decrease in F1-score. Notably minority crops like peanut and rice 

show substantial relative improvements.  
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Table 14: Accuracy Metrics of Sentinel-2 (Scenario 2) Classification with different Cropland Validation Thresholds 

(Chapter 7.8.2.) 

 Cropland Threshold 

 0 % 10 % 25% 50% 75% 90% 

accuracy 0.763 0.765 0.768 0.770 0.770 0.775 

macro avg 0.62 0.62 0.63 0.63 0.63 0.65 

 

Table 15: Classification Performance of Sentinel-2 Scenario 2 classifier with 0 % and 90 % Cropland Validation 

Thresholds 

  0% Cropland Threshold 90% Cropland Threshold 

Crop Class Precision Recall F1-Score Support Precision Recall F1-Score Support 

Sorghum 0.764 0.872 0.814 3327 0.782 0.865 0.821 2174 

Maize 0.809 0.590 0.682 782 0.767 0.562 0.649 452 

Millet 0.774 0.550 0.643 604 0.791 0.614 0.691 370 

Cotton 0.791 0.810 0.801 1348 0.780 0.841 0.810 769 

Sesame 0.599 0.582 0.590 433 0.617 0.599 0.608 334 

Peanut 0.294 0.250 0.270 40 0.345 0.286 0.313 35 

Bean 0.080 0.017 0.028 120 0.118 0.025 0.041 80 

Cowpea 0 0 0 9 0 0 0 5 

Okra 0 0 0 44 0 0 0 8 

Rice 0.333 0.800 0.471 5 0.667 0.800 0.727 5 

Tomato 0 0 0 8 0 0 0 8 

*macro avg 0.62 0.63 0.62 7214 0.64 0.63 0.63 4734 

*accuracy 
  

0.76 7214     0.78 4734 

*Across all classes (Cropland & Non-Cropland)       

 

For PlanetScope, the results show a decrease in support counts of around 25 % between the 0 

% and 90 % threshold. The overall validation accuracy improves from 74.4 % to 75.8 %, with 

the macro-averaged F1-score increasing from 0.61 to 0.63 (see Table 16), driven by both 

improvements in precision and recall. Major crops show varying degrees of improvement: 

Sorghum, millet, cotton and sesame show and increase in F1-scores. Maize, like for the 

Sentinel-2 results, shows a decrease in F1-score driven by a decrease in precision (see Table 

17). Minor crops like sesame and peanut exhibit substantial relative gains, with rice showing 

the largest relative improvement. 

Table 16: Accuracy metrics of all classes in PlanetScope (Scenario 2) Classification with different Cropland 

Validation Thresholds 

 Cropland Threshold 

 0 % 10 % 25% 50% 75% 90% 

accuracy 0.744 0.749 0.751 0.754 0.758 0.760 

macro avg. F1 0.61 0.62 0.62 0.63 0.63 0.63 
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Table 17:Classification Performance of PlanetScope Scenario 2 classifier with 0 % and 90 % Cropland Validation 

Thresholds 

  0% Cropland Threshold 90% Cropland Threshold 

Crop Class Precision Recall F1-Score Support Precision Recall F1-Score Support 

Sorghum 0.748 0.891 0.813 53033 0.782 0.888 0.832 40443 

Maize 0.709 0.607 0.654 14125 0.658 0.619 0.638 9545 

Millet 0.771 0.634 0.696 11521 0.810 0.679 0.739 8263 

Cotton 0.841 0.739 0.786 20742 0.835 0.766 0.799 14714 

Sesame 0.559 0.445 0.496 7496 0.593 0.505 0.545 6085 

Peanut 0.285 0.333 0.307 992 0.338 0.355 0.346 926 

Bean 0.009 0.003 0.004 1796 0.010 0.004 0.005 1418 

Cowpea 0 0 0 224 0 0 0 157 

Okra 0 0 0 810 0 0 0 376 

Rice 0.207 0.761 0.326 46 0.288 0.780 0.421 41 

Tomato 0 0 0 246 0 0 0 239 

*macro avg 0.62 0.62 0.61 113550 0.64 0.63 0.63 84726 

*accuracy     0.74 113550     0.76 84726 

*Across all classes (Cropland & Non-Cropland)       

 

The results show that applying increasing cropland proportion thresholds to validation data, 

modestly but consistently improves classification performance across both sensors. Both 

sensors demonstrate improved overall accuracy and macro-averaged F1-scores. Most crop 

types show classification improvements, with particularly notable gains for rice, peanut, and 

sesame.  
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8. Discussion 

8.1.  Performance Differences across Sensors: Resolution and Temporal 

Data Depth 

The different classification scenarios across the three sensors (Sentinel-2, PlanetScope, and 

Pléiades) reveal interesting insights into performance differences in crop type classification 

linked to sensor characteristics, temporal data depth, and spatial resolution. The baseline non-

tree masked classification results showed that Sentinel-2 achieved the highest overall accuracy 

with a validation accuracy of 71.2 % and a macro average F1-score of 0.59, followed by 

PlanetScope with an overall accuracy of 70.2 % and a macro average F1-score of 0.57. Pléiades 

performed poorly with an overall accuracy of 25.1 % and a macro average F1-score of 0.32 

This decreasing performance tangent is primarily explained by the critical role of temporal 

information in crop classification. Sentinel-2 and PlanetScope provided multi-temporal 

observations (9 and 11 images respectively) capturing the full phenological cycle from the 

beginning of May to the end of October, whereas Pléiades was limited to a single acquisition 

from October 19th. This temporal dimension allowed Sentinel-2 and PlanetScope to leverage 

distinctive phenological trajectories of bands and indices throughout the growing season, while 

Pléiades’ single snapshot captured only a static view of the fields at a single point in time. 

The similar performance between Sentinel-2 and PlanetScope is particularly noteworthy given 

their differences in both spatial resolution (10m vs 3m) and spectral capabilities. Sentinel-2’s 

broader spectral range, including short wave infrared bands that enable integration of additional 

indices appears to not lead to major performance gains compared to PlanetScope, which is 

limited to bands in wavelengths from VIR and NIR domain. Conversely PlanetScope’s finer 

spatial resolution (3m) also does not seem to translate into improved classification accuracy 

compared to Sentinel-2. These factors could potentially also counterbalance each other, leading 

to similar performance outcomes across the two sensors, however this was not explored in this 

study.  

Cloud cover impacted the creation of time series for both Sentinel-2 and PlanetScope. The 

region is characterised by incessant cloud cover during the rainy season, which limited the 

number of usable images for classification. Biweekly composites could not be generated for 

key months. For Sentinel-2, June was excluded and August-September merged into one 

composite and for PlanetScope, September was excluded and August merged into one 

composite. This limitation in temporal depth of information, particularly in the key months of 

vegetative stage peak likely constrained the classification performance of both sensors. This 

highlights the need for integrating additional information sources in study areas with persistent 

cloud cover to fill these data gaps, such as SAR observations. 

Across all sensors, a consistent hierarchy emerged in classification performance among crop 

types. More featured crops (sorghum, cotton, millet, maize) consistently outperformed minor 

crops (sesame, peanut) and “Other” crops (bean, okra, rice, cowpea, tomato), reflecting the class 

representation in the training data. This pattern persisted regardless of spatial resolution and 
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sampling strategy, suggesting that class imbalance remains a fundamental challenge even when 

spatial detail and therefore pixel count of the training data is increased. For Sentinel-2 and 

PlanetScope, the performance hierarchy was remarkably similar. For both sensors, sorghum 

achieved the highest F1-scores (0.79), followed by cotton (0.72), millet (0.68-0.69), and maize 

(0.63-0.67). This hierarchy was also exhibited by Pléiades, but with substantially lower F1-

scores across all crops. Misclassification patterns were also remarkably consistent across 

sensors, with sorghum frequently gaining misclassified pixels from other crops. This persistent 

pattern indicates that class imbalance effects on misclassification transcend resolution 

differences here. 

The limited temporal data depth and underrepresentation of minority crops in the training data, 

constrain the interpretation of the classification results. It would be interesting to explore the 

impact of both these factors in a more rigorous manner, for example by systematically varying 

the temporal data depth and crop-specific samples to compare the impact on classification 

performance and to establish minimum requirements for reliable crop type mapping in this 

region. Further, a systematic investigation of feature importance across bands and derived 

indices would reveal which biophysical properties captured by optical sensors most effectively 

discriminate between crop types in this context, potentially simplifying operational 

implementations. Such a structured cross-comparison could potentially clarify whether higher 

classification performance stems from specific spectral capabilities (e.g., Sentinel-2's SWIR 

and red-edge bands), spatial resolution, or primarily from temporal information density, helping 

to optimize future sensor selection for similar applications. 

 

8.2.  Integrating Intra-Field Heterogeneity Information 

The integration of heterogeneity information showed to have an impact on classification 

performance. Scenario 2, which incorporated recategorized in-situ heterogeneity assessments, 

showed the most substantial improvements of around 4 percent for both Sentinel-2 (overall 

accuracy increase to 76.3%) and PlanetScope (increase to 74.4%). This finding is particularly 

significant as it postulates that field-observed heterogeneity, despite its complex relationship 

with spectral variability and limited visual indicators of systematic parcel differences as 

established in Chapter 6, can provide a valuable input for discriminating crop types in 

classification.  

Interestingly, the performance gains from heterogeneity integration per Scenario 2 were most 

pronounced for minority crops. For Sentinel-2, sesame’s F1-score improved substantially from 

0.28 to 0.59, and peanut from 0.04 to 0.27. Similarly, PlanetScope also showed substantial 

improvements for sesame (0.21 to 0.50) and peanut (0.11 to 0.31) and for the minority crop 

rice. The observed pattern suggests that in-situ heterogeneity information particularly enhances 

classification discrimination of minority crops from majority crops. It was further found that 

the lower heterogeneity subsets of parcels were generally more accurately classified than higher 

heterogeneity parcels. The results point to potential benefits of leveraging field heterogeneity 

observations to enhance spectral separability between crop types. 
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Scenario 3, which used Pléiades derived parcel-level coefficient of variation of NDVI as a proxy 

for cropland heterogeneity had less of an impact on classification performance. For Sentinel-2, 

overall accuracy decreased from 71.7% to 69.7%, while PlanetScope showed only a slight 

improvement from 70.2% to 71.1%. For Pléiades, Scenario 3 produced more substantial 

improvements, with overall accuracy increasing from 25.1% to 27.9% as opposed to Scenario 

2’s 26.8%. Since Scenario 3 utilized CV of NDVI derived from the single October 19th Pléiades 

image, it captured only a static snapshot of spectral variability that likely reflected late-season 

conditions, including partial harvesting activities on parcels. This temporal limitation could 

explain the observed performance patterns across sensors. For Pléiades classification, which 

already operated with this single-date constraint, the CV metric naturally aligned with the 

imagery's existing spectral patterns, providing complementary information leading to a small 

improvement in classification accuracy. Conversely, for Sentinel-2 and PlanetScope, which 

leveraged multi-temporal data spanning the growing season, this static end-season parcel metric 

offered little discriminative value by imposing a temporally anchored metric on the 

classification of the entire time series. 

 

8.3.  Effects of Masking Trees from the Training Data 

Tree masking of the training parcels yielded consistently minimal impact across all sensors, 

with accuracy improvements of less than 1 percentage point when validating both on tree-

masked and non-masked data. This finding is surprising given the prevalence of trees in the 

agricultural parcels. Several factors may contribute to this result. For one, the random forest 

algorithm may have successfully learned to account for tree presence as part of the typical 

spectral signature of the crop type classes. For example, the classifier might learn that a pixel 

of “sorghum with scattered trees” has a particular composite spectral signature across the bands 

and indices that remains distinguishable from “millet with scattered trees.” By training the 

algorithm on a diverse set of tree-crop spectral mixtures, the random forest classifier may have 

effectively incorporated these tree-crop spectral mixtures into its decision rule. Other 

explanations could be that the tree mask may have inadequately captured the trees in the study 

area, meaning that some tree-crop mixtures were nevertheless still present in the training data 

after masking, thereby diminishing the effect of trying to remove them. The results suggest that 

a tree mask for Sentinel-2 and PlanetScope may not be worth the additional processing 

complexity in operational crop mapping in this context and application. This aligns with the 

findings of Lambert et al. (2018) who similarly concluded that tree masking does not improve 

crop type classification accuracy with Sentinel-2 imagery in Mali's cotton belt. 

A more definitive assessment of tree masking effects would have required a manually digitized 

high-precision tree mask. While labour-intensive, it would have provided a more definitive test 

of the hypothesis that tree presence confounds crop type classification. The mask employed in 

this study contained omission errors, potentially explaining the minimal difference observed 

between masked and unmasked classification results. A key limitation in creating an effective 

tree mask was the timing of the Pléiades image acquisition, which coincided with active crop 

cover hampering the segmentation of tree canopies. While acquiring additional VHR imagery 

during the non-growing season would be cost-prohibitive, PlanetScope imagery could have 
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offered an alternative approach. Despite its lower resolution blurring precise tree boundaries, 

PlanetScope imagery from the dry season, when crop parcels feature predominantly bare soil, 

could potentially yield a tree mask with fewer omission errors, even if lacking the precision of 

masks derived from sub-metre imagery. 

 

8.4.  Pléiades for Cropland Masking and Effects of Integration in 

Validation 

The Pléiades imagery was leveraged to create a binary cropland/non-cropland mask for the 

study area. Despite exhibiting some bias toward cropland prediction in the landscape, this mask 

effectively distinguished between crop and non-crop features within agricultural parcels. 

Although the processed mask could have been utilized in the training phase to exclude non-

cropland elements from training samples and to evaluate the impact of all non-crop feature 

removal on classification performance, it was instead applied exclusively to validation data. In 

future studies, employing this mask during model training could provide valuable insights into 

how holistic filtering of non-cropland elements affects classification accuracy across different 

sensor platforms.  

Using this mask to filter Sentinel-2 and PlanetScope validation pixels with increasing cropland 

proportion thresholds led to consistent modest improvements in classification performance with 

both sensors showing improved overall accuracy (by 1.2% and 1.4 % respectively) and macro-

averaged F1-scores at the most stringent threshold of 90% cropland proportion. Practically, this 

provides a clearer view of classifier capability, as it demonstrates that validation approaches 

incorporating non-crop elements within agricultural parcels underestimate true crop 

classification performance. Focusing validation on areas with high crop proportion gives 

alternative metrics on the classifiers' actual capabilities. 

 

8.5.  Need for Adapting Sampling and Data Preparation to Spatial Detail 

What became evident from the results is that classification at different resolutions requires 

different sampling approaches and data preparation. For Sentinel-2 and PlanetScope, correctly 

classified cropland generally covered entire parcels cohesively. Misclassifications occured 

between crop types, but classification results generally were able to exhibit parcel level 

coherence. This coherence can be largely attributed to the sensor resolution. Spectral mixing on 

a pixel level at these resolutions effectively aggregate within-field heterogeneity into 

classifiable, crop-specific signatures. The within-field landcover complexity manifests itself 

within the parcels as varying degrees of a mix of bare-soil, cropland, patches of grassland, trees, 

and in some cases small built-up structures on the field. At lower resolutions (10m for Sentinel-

2 and 3m for PlanetScope), the mixed-pixel effect inherently generalizes the within-field 

landcover complexity, creating relatively homogeneous spectral signatures that correspond well 

to overall crop types at the parcel level. This natural aggregation effectively functions as an 

implicit spatial filter, where sub-pixel elements, including scattered trees, small bare soil 
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patches, relief features, and isolated built-up structures, are integrated into composite signatures 

that can remain distinctive between crop types.  

For example, a 10m Sentinel-2 pixel covering a sorghum field with 30% bare soil and 70% crop 

vegetation creates a characteristic “sorghum with bare soil” signature that can remain 

distinguishable from a “millet with bare soil” signature. Conversely, Pléiades’ 0.5m resolution 

fundamentally alters this dynamic by resolving the heterogeneity that exists within agricultural 

fields, essentially disaggregating the composite signatures into their constituent elements. At 

this resolution, a significant proportion of pixels within crop fields directly capture non-crop 

features rather than mixtures of crops and non-crop features. Tree canopies, bare soil patches, 

and small structures are represented as distinct constituent pixels rather than subpixel mixtures. 

For instance, a 4 m² clearing within a cotton field would occupy approximately 16 distinct “bare 

soil” pixels in Pleiades imagery, while being subsumed into the general cotton signature of a 

single pixel in Sentinel-2, of which it covers only 1/25th of the pixel area. The training data for 

Pleiades consequently contains a higher proportion of pixels representing entirely non-crop 

elements but that are labelled as one of the crop types, leading to increased within-class variance 

and reduced between-class separability. This is especially relevant since not only cropland, but 

also non-cropland land cover types were classified, such as bare soil, built-up structures, and 

forest. Therefore, the classifier can be expected to learn associations between the spectral 

signatures of non-crop features and crop type labels, rather than solely the actual crop 

signatures. This creates a fundamental challenge where the model learns that “Sorghum” 

encompasses not just the crop’s spectral signature but also distinct signatures of bare soil 

patches, small built-up structures, and scattered trees that happen to fall within sorghum-

labelled parcels. This leads to a situation where the classifier is trained on a mixture of crop and 

non-crop signatures, resulting in a model that is less capable of distinguishing between these 

elements. Consequently, when encountering these non-crop pixels in the validation data, the 

classifier could reasonably assign them to the crop types with which they most frequently co-

occurred during training. This confusion is evidenced by the poor performance of some natural 

landcover classes (e.g woody vegetation, forest edge) in the Pléiades classification, which are 

frequently misclassified as crops.  

These patterns of misclassification demonstrate how high-resolution imagery can paradoxically 

lead to a reduction in classification performance by decomposing the integrated spectral 

signatures that characterize crop-specific parcels at lower resolutions. Addressing this would 

require fundamentally different sampling approaches tailored to the specific spatial resolution 

of the imagery. These could include segmenting of the cropland parcel and spectral thresholding 

approaches that employ vegetation indices to isolate crop pixels from non-crop pixels on parcels 

or integrating a cropland/non-cropland mask. Texture metrics that capture spatial relationships 

between neighbouring pixels could be beneficial in constructing contextual information (Ursani 

et al., 2012). Additionally, the sampling scheme of non-cropland would need to be adapted to 

account for the increased spatial detail of Pléiades imagery. The current sampling approach, 

with transition classes such as forest edge, which proved to be beneficial for PlanetScope and 

Sentinel-2 classification, showed to not be suitable for Pléiades where these transitions 

decompose into more distinct pixels such as bare soil, shadows, and trees. 
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Fundamentally this also ties in into the question of what we are trying to classify and why. The 

classification objective significantly influences methodological choices and determines what 

constitutes success in crop type mapping. If the goal is parcel-level crop type attribution, by for 

example, designating entire fields as “sorghum” or “cotton” or “sorghum-cotton mixed” for 

agricultural statistics or planning purposes, then the resolution of Sentinel-2 with its implicit 

spatial aggregation of heterogeneous elements may be preferable. Conversely, if the objective 

is precise surface area estimation of actual crop vegetation within parcels for yield prediction, 

then VHR imagery becomes necessary but requires very different methodological approaches. 

Both could also be achieved through a two-stage classification process: first classifying all 

constituent elements within parcels (crop vegetation, bare soil, trees, etc.) with appropriate 

sampling strategies for each element using VHR imagery and then aggregating these results to 

parcel-level labels using a rule-based pixel aggregation approach. 

 

8.6.  Study Limitations and Recommendations for Future Research 

8.6.1. Parcel-Level Analysis 

The parcel level analysis could have been enhanced through additional approaches that 

remained beyond the study's scope. While NDVI served as the primary vegetation index, 

incorporating specialized indices such as the Bare Soil Index (BSI), SAVI, and Enhanced 

Vegetation Index (EVI) would have provided complementary information on vegetation, soil 

exposure and spectral characteristics of parcels across heterogeneity classes. Such multi-index 

analysis could have potentially better isolated specific drivers of crop variability. 

Additionally, the analysis primarily focused on monocropped parcels, as intercropped parcels 

lacked sufficient representation across heterogeneity classes for robust analysis. This limitation 

is particularly significant given that intercropping represents an important dimension of 

smallholder farming systems that likely exhibits distinctive spectral-temporal signatures and 

heterogeneity patterns. Future research with a more balanced representation of diverse cropping 

patterns could reveal important insights on heterogeneity and spectral characteristics of 

monocropped and intercropped parcels. 

 

8.6.2. In-Situ Data Constraints 

The composite nature of the in-situ heterogeneity assessment is viewed as a principal limitation 

in this study. By consolidating multiple factors, such as field maintenance, crop structure, 

density, and weed presence, into a single ordinal score, the assessment obscures potentially 

significant relationships between specific heterogeneity components and spectral properties. 

Parcels classified as having a very high heterogeneity may display higher NDVI than other 

parcels because of weed biomass, yet they could equally display lower NDVI if bare soil 

predominates or vegetation growth is otherwise constrained. The opposing factors could also 

offset one another. This is likely to be the primary reason for the observed intricate relationship 

between in-situ assessed parcel heterogeneity and parcel level spectral metrics, with no clear 

patterns emerging. Without disaggregated information on the individual components, such as a 



73 

 

separate weed-presence category, we only see the composite heterogeneity label, which does 

not allow for a more nuanced understanding of the spectral characteristics of parcels. As a result, 

potential relationships are masked. If information on the individual components of the 

heterogeneity assessment were available, the hypothesized relationships, for example between 

higher weed presence and higher NDVI, could be verified.  

A further constraint is the static nature of the heterogeneity assessment, which captured parcel 

conditions at a single point in the season. Whereas crop type can be assumed to remain stable 

for monocropped parcels throughout the growing period, parcel heterogeneity can potentially 

change substantially due to environmental changes and field management practises. It cannot 

be determined whether the heterogeneity label assigned to a parcel in late October/early 

November would have been the same had the parcel been assessed at a different time in the 

season. 

Disentangling the drivers of parcel-level heterogeneity from its composite in-situ label using 

satellite imagery alone proved to be challenging. Crop and weed presence cannot be readily 

distinguished from each other, even on Pléiades imagery. Bare-soil detection is feasible in the 

late-October Pléiades image, but that date coincides with the onset of harvesting activities, so 

bare-soil exposure may be transient. Temporal misalignment between in-situ data collection and 

image acquisition, although only by days to weeks, complicates interpretation further. Sole 

reliance on the single Pléiades image for a more detailed parcel view is therefore problematic 

as it is not fully representative of field conditions at the time of the field inspection. 

 

8.6.3. Recommendations for Future Research 

Based on the findings of this study, some recommendations can be made for future field 

campaigns and studies on crop type mapping in smallholder cropping systems: 

• A more comprehensive assessment of heterogeneity components: Future field 

campaigns should consider collecting more detailed information on the individual 

components of parcel heterogeneity, such as weed presence, crop structure, and bare soil 

exposure. This would allow for a more nuanced understanding of varying spectral 

characteristics of parcels of the same crop type and heterogeneity class and could 

potentially reveal relationships between specific components and spectral properties 

that are currently obscured by the composite nature of the assessment. 

• Integrating UAV imagery: Incorporating UAV imagery alongside field campaigns 

could provide sub-decimetre resolution data capturing fine-scale parcel characteristics. 

This approach would help overcome the limitations of composite heterogeneity 

assessments by enabling the systematic evaluation of all individual heterogeneity 

components which was not possible with sub-metre satellite imagery and field 

photographs alone. 

• Utilizing larger sample sizes: Future studies should aim to utilize larger sample sets 

from field campaigns to better represent the diversity of crop types and heterogeneity 

conditions and have a significant set for each crop-heterogeneity combination that 
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would allow for filtering out anomalous samples without compromising statistical 

robustness in classification.  

• Incorporating intercropping in classification: When utilizing larger sample sets, 

future studies should incorporate intercropped parcels into the analysis, to assess if they 

can be discriminated from their monocropped counterparts and be successfully 

incorporated in classification frameworks spanning multiple crop types. Despite 

intercropping's prevalence in smallholder systems, no studies could be identified that 

successfully classified multiple intercropping combinations simultaneously, focusing 

mainly on single intercrop combinations (Akinyemi et al., 2023).  

• Leveraging dry season imagery for improved tree masking: Future studies should 

consider utilising VHR imagery at a similar resolution to Pléiades or alternatively 

PlanetScope imagery from the dry season to create a tree mask with fewer omission 

errors. This would allow for a more comprehensive exclusion of tree covered pixels in 

the training data and a more accurate assessment of the impact of tree presence on 

classification performance. 

• Employing VHR imagery for comprehensive cropland masking: A Pléiades-derived 

cropland mask could be adapted for filtering training samples to focus exclusively on 

pixels representing actual crop vegetation. This approach would require accounting for 

the temporal dynamics of non-crop features, particularly the timing and impact of 

harvesting activities on bare soil exposure as well as weed presence within fields. 

• Integrating SAR data to address cloud cover limitations: Future studies should 

consider integrating SAR data, such as Sentinel-1, to complement optical imagery in 

areas with persistent cloud cover. Kpienbaareh et al. (2021) have demonstrated that 

integrating SAR with PlanetScope and Sentinel-2 imagery can improve crop type 

classification performance in smallholder cropping systems. 

• Multi-sensor fusion of optical data: Future studies should explore the potential of 

multi-sensor fusion approaches of optical data to combine the strengths of different 

sensors to enhance crop type classification performance. For example, integrating 

Sentinel-2 and PlanetScope data could leverage the higher spatial resolution of 

PlanetScope while benefiting from the broader spectral range of Sentinel-2, potentially 

leading to improved classification accuracy (Heiss et al., 2025; Kpienbaareh et al., 2021; 

Samadzadegan et al., 2025). 

  



75 

 

9. Conclusion 

This study set out to explore possibilities for improving crop type mapping in smallholder 

systems by leveraging intra-parcel heterogeneity information. The research utilized a unique 

dataset collected in Mali's cotton belt of field-observed heterogeneity for various crops and 

integrated it with multi-resolution satellite imagery from Sentinel-2, PlanetScope, and Pléiades. 

Analysis of this dataset revealed that while field-assessed heterogeneity levels correspond to 

some differences in spectral-temporal signatures of parcels, disentangling specific drivers of 

heterogeneity using satellite data alone proved to be difficult. 

The comparative scenarios across Sentinel-2, PlanetScope and Pléiades indicate that 

classification performance is driven primarily by temporal data depth rather than varying spatial 

resolution. Time series for Sentinel-2 and PlanetScope captured different crop phenological 

stages and outperformed the Pléiades snapshot, which provided only a static late-season view 

of parcels. 

Characterizing and leveraging intra-parcel heterogeneity offers a promising yet challenging 

avenue for improving crop type mapping in smallholder landscapes. Incorporating 

recategorized field-assessed heterogeneity descriptors into classification frameworks was 

shown to have an impact on classification performance with performance gains in overall 

accuracy of around 4 percent in Sentinel-2 and PlanetScope classifications. Conversely, 

leveraging parcel-level NDVI variability metrics derived from VHR imagery as an additional 

input yielded no improvements in multi-temporal classification. Also masking out trees within 

parcels using the VHR data resulted in only marginal changes to accuracy metrics.  

While the study investigated excluding trees from the training data, a more comprehensive 

approach to non-crop feature exclusion should be explored. However, it can be tentatively said 

that misclassification largely arises from spectral-temporal overlap between crop classes and 

not merely from the presence of extraneous features. This highlights the need for leveraging 

denser time series that capture the full phenological cycle of crops to improve discrimination 

between crop types. Multi-sensor fusion approaches of optical sensors and leveraging SAR to 

overcome cloud cover limitations, should therefore be explored in future work. Achieving 

robust classification of single-crop fields is seen as a prerequisite before attempting to 

incorporate intercropping into classification frameworks. 

The findings suggest that intra-parcel heterogeneity can influence crop mapping outcomes, but 

its effective integration requires more nuanced approaches. The limited gains from including a 

broad heterogeneity label imply that more detailed characterization of within-field variability 

is needed to substantially boost classification accuracy. Future research should pursue several 

directions to better exploit intra-parcel variability. More granular field data collection is 

recommended, breaking down heterogeneity into its components (e.g., separate indicators for 

weed presence, crop density, and bare soil) to allow clearer linkage with spectral signatures. 

Deploying UAVs in field campaigns could provide sub-decimetre resolution imagery, enabling 

the deconstruction of within-field heterogeneity by capturing field-variations that satellite 

sensors may miss. 
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Annex 

Table 18: Utilized spectral bands for Sentinel-2, PlanetScope and Pléiades with information on central wavelength 

and bandwidth of bands 

 Utilized Bands of Sensors and Central Wavelength with Bandwidth 

EMS range: Sentinel-2 PlanetScope Pléiades 

Visible 

B2: 490nm (65nm) Blue: 490nm (50nm) Blue: 490-530nm 

B3: 560nm (35nm) 

Green I: 531nm (36nm) 

Green: 565nm (36nm) 

Yellow: 610nm (20nm) 

Green: 510-590nm 

B4: 665nm (30nm) Red: 665nm (31nm) Red: 620-700nm 

Red Edge 
B5: 705nm (15nm) 

B6: 740nm (15nm) 
Red Edge: 705nm (15nm)  

Near Infrared 

B7: 783nm (20nm) 

B8: 842nm (115nm) 

B8a: 865nm (20nm) 

NIR: 865nm (40nm) NIR: 775-915nm 

Shortwave infrared 
B11: 1610nm (90nm) 

B12: 2190nm (180nm) 
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Figure 16: True colour visualization of 11 PlanetScope composite images distributed across the growing season 

2024 



87 

 

Table 19: Calculated indices and involved bands for Sentinel-2, PlanetScope and Pléiades 
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Figure 17: Gap-filled NDVI Sentinel-2 time series, with purple colouring highlighting interpolated pixels 
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Figure 18: Gap-filled NDVI PlanetScope time series, with purple colouring highlighting interpolated pixels 
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Figure 19: Example of Tree Mask generated by Abdoulaye Guindo depicting trees within parcels alongside 

Pléiades VHR image 

 

Table 20: Mean NDVI of parcels on Pléiades image from 19.10.2024 for each main crop type with tree masking 

applied and without tree masking. Table shows that not-tree masked parcels show slightly higher NDVI than tree 

masked parcels 

 
Mean NDVI of Parcels 

 

Crop Tree-Masked Not-Tree Masked Parcel Count 

Cotton 0.567 0.577 72 

Millet 0.508 0.515 89 

Sesame 0.540 0.547 42 

Sorghum 0.550 0.559 314 

Maize 0.498 0.506 90 

Peanut 0.521 0.525 16 
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Table 21: Count and area proportion of parcels by crop type(s) for single crop and multi-crop combinations 
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Table 22: Parcel area statistics by primary crop type 

 

 

Table 23: Proportion of monocropped parcels in each heterogeneity class by crop type 
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Table 24: Proportion of multi-cropped parcels in each heterogeneity class 

 

 

 

Figure 20: Pléiades- NDVI by main crop type for 19.10.2024 with mean, standard deviation and min-max range 
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Figure 21: Sentinel-2: Temporal profile of NDVI by crop type with mean, standard deviation and min-max range 

of parcel values 
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Figure 22: PlanetScope: Temporal profile of NDVI by crop type with mean, standard deviation and min-max 

range of parcel values 
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Table 25: Count of parcels in each heterogeneity class for main crop types 
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Figure 23: PlanetScope - Temporal profile of NDVI by heterogeneity level for main crop types 
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Table 26: Sentinel-2 data for late October - Summary stats of parcel NDVI by crop type and heterogeneity level 

 

 

Table 27: PlanetScope data for late October - Summary stats of parcel NDVI by crop type and heterogeneity 

level 

 

 

Table 28: Pléiades data for late October - Summary stats of parcel NDVI by crop type and heterogeneity level 
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Figure 24: PlanetScope - Temporal profile of parcel coefficient of variation of NDVI by crop type and 

heterogeneity level 
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Table 29: Sentinel-2 data from late October - Summary statistics of parcel coefficient of variation of NDVI by crop 

type and heterogeneity level 

 

 

Table 30: PlanetScope data from late October - Summary statistics of parcel coefficient of variation of NDVI by 

crop type and heterogeneity level 
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Figure 25: Photographs of sorghum parcels of different assessed levels of heterogeneity 
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Figure 26: Cotton parcels of different assessed heterogeneity levels on Pléiades, PlanetScope and Sentinel-2 

imagery from late October 
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Figure 27: Photographs of cotton parcels of different assessed levels of heterogeneity 
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Figure 28: Millet Parcels of different assessed heterogeneity levels on Pléiades, PlanetScope and Sentinel-2 

imagery from late October 
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Figure 29: Photographs of millet parcels of different assessed levels of heterogeneity 
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Figure 30: Maize parcels of different assessed heterogeneity levels on Pléiades, PlanetScope and Sentinel-2 

imagery from late October 



107 

 

 

Figure 31: Photographs of maize parcels of different assessed levels of heterogeneity 
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Crop Type Classification 

 

Table 31: Number of sample polygons and pixel count of training data for each class for Sentinel-2, PlanetScope 

and Pléiades classifications 

  Pixel Count of Training Data Set 

Class Sample Polygons Sentinel-2 PlanetScope Pléiades 

Sorghum 313 6467 113 798 3 591 069 

Maize 90 2274 39 027 1 256 794 

Millet 88 1958 34 084 1 104 279 

Cotton 71 2102 35 933 1 103 198 

Sesame 42 921 16 689 523 323 

Peanut 16 178 3518 113 207 

Bean 6 55 1235 40 029 

Okra 5 106 2006 61 733 

Rice 3 26 385 12 457 

Cowpea 3 52 917 26 143 

Tomato 2 7 221 7518 

Asphalt Road 45 155 621 10 888 

Built-Up 44 87 299 5 087 

Clay Bare Soil 49 115 535 10 653 

Forest Edge 47 134 667 15 045 

Grassland 42 127 944 22 822 

Lateritic Bare Soil 45 198 992 22 747 

Lateritic Rock road 45 139 608 12 040 

Water 16 38 153 2825 

Woody Vegetation 46 213 1307 32 954 

 

 

Sentinel-2 Classifications 

Table 32: Indices used in Sentinel-2 classification scenarios 

Index Abbreviation 

Normalized Difference Vegetation Index NDVI 

Green Normalized Difference Vegetation Index GNDVI 

Normalized Difference Red Edge Index NDREI 

Chlorophyll Index Green CIG 

Chlorophyll Index Red Edge CIRE 

Modified Chlorophyll Absorption in Reflectance Index 2 MCARI2 

Plant Senescence Reflectance Index PSRI 

Enhanced Vegetation Index EVI 

Soil Adjusted Vegetation Index SAVI 

Modified Soil Adjusted Vegetation Index MSAVI 

Normalized Difference Tillage Index NDTI 

Normalized Difference Water Index NDWI 

Modified Normalized Difference Water Index MNDWI 

Bare Soil Index BSI 

Normalized Difference Built-Up Index NDBI 
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Table 33: Confusion matrix for Sentinel-2 Scenario 1 baseline classification (Chapter 7.5.2.1.) 

 

 

Table 34: Classification report for implementation of SMOTE with sampling ratio of 1 for Sentinel-2 Scenario 1 

baseline classification (Chapter 7.5.2.2) 

Class Precision Recall F1-score Support 

Sorghum 0.78 0.77 0.78 3450 

Maize 0.60 0.69 0.64 905 

Millet 0.67 0.68 0.67 572 

Cotton 0.67 0.81 0.73 1119 

Sesame 0.29 0.19 0.23 411 

Peanut 0.20 0.03 0.06 122 

Bean 0.08 0.01 0.02 120 

Okra 0.00 0.00 0.00 2 

Rice 0.35 0.86 0.50 7 

Cowpea 0.00 0.00 0.00 25 

Tomato 0.00 0.00 0.00 8 

asphalt road 1.00 1.00 1.00 58 

built-up 0.79 0.89 0.84 37 

clay bare soil 0.75 0.73 0.74 55 

forest-edge 0.70 0.91 0.80 47 

grassland 1.00 0.74 0.85 62 

lateritic bare soil 0.87 0.95 0.91 80 

lateritic rock road 1.00 0.98 0.99 48 

water 1.00 0.94 0.97 17 

woody vegetation 0.95 1.00 0.97 90 

accuracy 
  

0.71 7235 

macro avg 0.59 0.61 0.58 7235 

weighted avg 0.69 0.71 0.69 7235 
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Table 35: Confusion matrix for implementation of SMOTE with sampling ratio of 1 for Sentinel-2 Scenario 1 

baseline classification (Chapter 7.5.2.2) 

 

 

 

Table 36: Classification report for implementation of SMOTE with sampling ratio of 0.5 for Sentinel-2 Scenario 1 

baseline classification (Chapter 7.5.2.2) 

Class Precision Recall F1-score Support 

Sorghum 0.78 0.80 0.79 3450 

Maize 0.61 0.69 0.65 905 

Millet 0.69 0.66 0.67 572 

Cotton 0.68 0.77 0.72 1119 

Sesame 0.31 0.21 0.25 411 

Peanut 0.20 0.02 0.04 122 

Bean 0.00 0.00 0.00 120 

Okra 0.00 0.00 0.00 2 

Rice 0.40 0.86 0.55 7 

Cowpea 0.00 0.00 0.00 25 

Tomato 0.00 0.00 0.00 8 

asphalt road 1.00 1.00 1.00 58 

built-up 0.75 0.89 0.81 37 

clay bare soil 0.75 0.73 0.74 55 

forest-edge 0.72 0.89 0.80 47 

grassland 1.00 0.76 0.86 62 

lateritic bare soil 0.87 0.95 0.91 80 

lateritic rock road 1.00 0.98 0.99 48 

water 1.00 0.94 0.97 17 

woody vegetation 0.94 1.00 0.97 90 

accuracy 
  

0.71 7235 

macro avg 0.58 0.61 0.59 7235 

weighted avg 0.69 0.71 0.70 7235 
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Table 37: Confusion matrix for implementation of SMOTE with sampling ratio of 0.5 for Sentinel-2 Scenario 1 

baseline classification (Chapter 7.5.2.2) 

 

 

Table 38: Classification report for tree filtered validation data set with implementation of tree masking with a 20% 

Threshold for Sentinel-2 Scenario 1 baseline classification (Chapter 7.5.2.3.) 

Class Precision Recall F1-score Support 

Sorghum 0.79 0.81 0.80 2955 

Maize 0.64 0.71 0.67 829 

Millet 0.70 0.68 0.69 518 

Cotton 0.68 0.78 0.72 800 

Sesame 0.33 0.19 0.24 357 

Peanut 0.14 0.03 0.05 109 

Bean 0.09 0.02 0.03 55 

Okra 0.00 0.00 0.00 2 

Rice 0.31 0.57 0.40 7 

Cowpea 0.00 0.00 0.00 18 

Tomato 0.00 0.00 0.00 8 

asphalt road 1.00 1.00 1.00 58 

built-up 0.58 0.86 0.70 37 

clay bare soil 0.74 0.67 0.70 55 

forest-edge 0.73 0.91 0.81 47 

grassland 1.00 0.77 0.87 62 

lateritic bare soil 0.87 0.95 0.91 80 

lateritic rock road 1.00 1.00 1.00 48 

water 1.00 0.94 0.97 17 

woody vegetation 0.96 1.00 0.98 90 

accuracy 
  

0.73 6152 

macro avg 0.58 0.59 0.58 6152 

weighted avg 0.70 0.73 0.71 6152 
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Table 39: Classification report for non-filtered validation data set with implementation of tree masking with a 20% 

threshold for Sentinel-2 Scenario 1 baseline classification (Chapter 7.5.2.3.) 

Class Precision Recall F1-score Support 

Sorghum 0.77 0.81 0.79 3450 

Maize 0.63 0.69 0.66 905 

Millet 0.71 0.65 0.68 572 

Cotton 0.67 0.76 0.71 1119 

Sesame 0.34 0.19 0.24 411 

Peanut 0.14 0.02 0.04 122 

Bean 0.08 0.01 0.02 120 

Okra 0.00 0.00 0.00 2 

Rice 0.31 0.57 0.40 7 

Cowpea 0.00 0.00 0.00 25 

Tomato 0.00 0.00 0.00 8 

asphalt road 1.00 1.00 1.00 58 

built-up 0.58 0.86 0.70 37 

clay bare soil 0.74 0.67 0.70 55 

forest-edge 0.73 0.91 0.81 47 

grassland 1.00 0.77 0.87 62 

lateritic bare soil 0.87 0.95 0.91 80 

lateritic rock road 1.00 1.00 1.00 48 

water 1.00 0.94 0.97 17 

woody vegetation 0.92 1.00 0.96 90 

accuracy 
  

0.71 7235 

macro avg 0.57 0.59 0.57 7235 

weighted avg 0.69 0.71 0.70 7235 

 

Table 40: Confusion matrix for non-filtered validation data set with implementation of tree masking with a 20% 

threshold for Sentinel-2 Scenario 1 baseline classification (Chapter 7.5.2.3.) 
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Table 41: Classification report for RF model calibration with 500 trees for Sentinel-2 Scenario 1 baseline 

classification (Chapter 7.5.2.4) 

Class Precision Recall F1-score Support 

Sorghum 0.77 0.80 0.79 3450 

Maize 0.64 0.69 0.67 905 

Millet 0.70 0.66 0.68 572 

Cotton 0.67 0.78 0.72 1119 

Sesame 0.35 0.23 0.28 411 

Peanut 0.19 0.02 0.04 122 

Bean 0.00 0.00 0.00 120 

Okra 0.00 0.00 0.00 2 

Rice 0.44 1.00 0.61 7 

Cowpea 0.00 0.00 0.00 25 

Tomato 0.00 0.00 0.00 8 

asphalt road 1.00 1.00 1.00 58 

built-up 0.67 0.89 0.77 37 

clay bare soil 0.74 0.73 0.73 55 

forest-edge 0.70 0.91 0.80 47 

grassland 1.00 0.76 0.86 62 

lateritic bare soil 0.87 0.95 0.91 80 

lateritic rock road 1.00 1.00 1.00 48 

water 1.00 0.94 0.97 17 

woody vegetation 0.96 1.00 0.98 90 

accuracy 
  

0.72 7235 

macro avg 0.59 0.62 0.59 7235 

weighted avg 0.69 0.72 0.70 7235 

 

Table 42: Confusion matrix for RF model calibration with 500 trees for Sentinel-2 Scenario 1 baseline 

Classification (Chapter 7.5.2.4) 
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Table 43: Confusion matrix for Sentinel-2 Scenario 2 (Incorporating Field-assessed Heterogneity) (Chapter 

7.5.3) 

 

 

Table 44: Classification report for Sentinel-2 Scenario 3 (Incorporating intra-parcel spectral variability) (Chapter 

7.5.4.) 

Class Precision Recall F1-score Support 

Sorghum 0.68 0.84 0.75 3173 

Maize 0.72 0.38 0.50 713 

Millet 0.78 0.69 0.73 798 

Cotton 0.76 0.70 0.73 1,219 

Sesame 0.56 0.39 0.46 419 

Peanut 0.00 0.00 0.00 134 

Bean 0.00 0.00 0.00 128 

Okra 0.00 0.00 0.00 9 

Rice 0.00 0.00 0.00 44 

Cowpea 0.88 1.00 0.93 7 

Tomato 0.00 0.00 0.00 8 

asphalt road 1.00 1.00 1.00 58 

built-up 0.38 0.89 0.54 37 

clay bare soil 0.72 0.71 0.72 55 

forest-edge 0.91 0.91 0.91 47 

grassland 1.00 0.76 0.86 62 

lateritic bare soil 0.88 0.95 0.92 80 

lateritic rock road 0.98 1.00 0.99 48 

water 1.00 0.94 0.97 17 

woody vegetation 0.96 1.00 0.98 90 

accuracy 
  

0.70 7146 

macro avg 0.61 0.61 0.60 7146 

weighted avg 0.68 0.70 0.68 7146 
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Table 45: Validation metrics for CV subsets for Sentinel-2 Scenario 3 (Incorporating intra-parcel spectral 

variability) (Chapter 7.5.4.) 

Class Subset Precision Recall F1-score Support 

Sorghum 
higher CV 0.58 0.75 0.65 2170 
lower CV 0.53 0.62 0.57 1003 

Maize 
higher CV 0.44 0.27 0.33 391 
lower CV 0.38 0.17 0.24 322 

Millet 
higher CV 0.51 0.50 0.50 470 
lower CV 0.59 0.44 0.50 328 

Cotton 
higher CV 0.48 0.49 0.48 570 
lower CV 0.65 0.56 0.60 649 

Sesame 
higher CV 0.20 0.19 0.20 197 
lower CV 0.42 0.21 0.28 222 

Peanut 
higher CV 0.00 0.00 0.00 71 
lower CV 0.00 0.00 0.00 63 

 

Table 46: Confusion matrix for Sentinel-2 Scenario 3 (Incorporating intra-parcel spectral variability) (Chapter 

7.5.4.) 

 

 

PlanetScope Classifications 

Table 47: Indices used in PlanetScope classification scenarios 

Index Abbreviation 

Normalized Difference Vegetation Index NDVI 

Green Normalized Difference Vegetation Index GNDVI 

Normalized Difference Red Edge Index NDRE 

Chlorophyll Index Green CIG 

Chlorophyll Index Red Edge CIRE 

Modified Chlorophyll Absorption in Reflectance Index 2 MCARI2 

Enhanced Vegetation Index EVI 

Soil Adjusted Vegetation Index SAVI 

Modified Soil Adjusted Vegetation Index MSAVI 
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Normalized Difference Water Index NDWI 

 

Table 48: Classification report for PlanetScope Scenario 1 baseline classification without tree masking (Chapter 

7.6.2.1.) 

Class Precision Recall F1-score Support 

Sorghum 0.74 0.85 0.79 58 787 

Maize 0.72 0.56 0.63 16 025 

Millet 0.66 0.72 0.69 10 930 

Cotton 0.71 0.73 0.72 17 499 

Sesame 0.27 0.17 0.21 7497 

Peanut 0.31 0.06 0.11 2302 

Bean 0.13 0.00 0.00 1796 

Okra 0.00 0.00 0.00 140 

Rice 0.00 0.00 0.00 432 

Cowpea 0.00 0.00 0.00 546 

Tomato 0.00 0.00 0.00 246 

asphalt road 0.99 1.00 0.99 215 

built-up 0.79 0.76 0.77 152 

clay bare soil 0.91 0.70 0.79 260 

forest-edge 0.90 0.92 0.91 200 

grassland 1.00 0.76 0.86 440 

lateritic bare soil 0.85 0.99 0.92 426 

lateritic rock road 1.00 0.99 0.99 209 

water 0.97 0.93 0.95 97 

woody vegetation 0.97 0.99 0.98 520 

accuracy 
  

0.70 118 719 

macro avg 0.60 0.56 0.57 118 719 

weighted avg 0.67 0.70 0.68 118 719 

 

 

Table 49: Confusion matrix for PlanetScope Scenario 1 baseline classification without Tree Masking (Chapter 

7.6.2.1.) 
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Table 50: Classification report for tree filtered validation data set with implementation of Tree Masking with a 

20% Threshold for PlanetScope Scenario 1 baseline classification (Chapter 7.6.2.2.) 

Class Precision Recall F1-score Support 

Sorghum 0.74 0.85 0.79 52 006 

Maize 0.73 0.57 0.64 14 591 

Millet 0.66 0.73 0.69 10 144 

Cotton 0.70 0.73 0.71 13 988 

Sesame 0.28 0.17 0.21 6711 

Peanut 0.32 0.07 0.12 2099 

Bean 0.11 0.00 0.00 1124 

Okra 0.00 0.00 0.00 139 

Rice 0.00 0.00 0.00 432 

Cowpea 0.00 0.00 0.00 462 

Tomato 0.00 0.00 0.00 238 

asphalt road 0.99 1.00 0.99 215 

built-up 0.81 0.76 0.78 152 

clay bare soil 0.92 0.70 0.80 260 

forest-edge 0.91 0.93 0.92 200 

grassland 1.00 0.77 0.87 440 

lateritic bare soil 0.85 0.99 0.91 426 

lateritic rock road 1.00 0.98 0.99 209 

water 0.97 0.94 0.95 97 

woody vegetation 0.98 0.99 0.98 520 

accuracy 
  

0.71 104 453 

macro avg 0.60 0.56 0.57 104 453 

weighted avg 0.68 0.71 0.69 104 453 

 

Table 51: Classification report for non-filtered validation data set with implementation of tree masking with a 20% 

Threshold for PlanetScope Scenario 1 baseline classification (Chapter 7.6.2.2.) 

Class Precision Recall F1-score Support 

Sorghum 0.73 0.86 0.79 58 787 

Maize 0.73 0.55 0.63 16 025 

Millet 0.67 0.72 0.69 10 930 

Cotton 0.70 0.72 0.71 17 499 

Sesame 0.28 0.17 0.21 7497 

Peanut 0.31 0.06 0.11 2302 

Bean 0.10 0.00 0.00 1796 

Okra 0.00 0.00 0.00 140 

Rice 0.00 0.00 0.00 432 

Cowpea 0.00 0.00 0.00 546 

Tomato 0.00 0.00 0.00 246 

asphalt road 0.99 1.00 0.99 215 

built-up 0.81 0.76 0.78 152 

clay bare soil 0.92 0.70 0.80 260 

forest-edge 0.90 0.93 0.91 200 

grassland 1.00 0.77 0.87 440 

lateritic bare soil 0.85 0.99 0.91 426 

lateritic rock road 1.00 0.98 0.99 209 

water 0.97 0.94 0.95 97 
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woody vegetation 0.94 0.99 0.96 520 

accuracy 
  

0.70 118 719 

macro avg 0.59 0.56 0.57 118 719 

weighted avg 0.67 0.70 0.68 118 719 

 

Table 52: Confusion matrix for non-filtered validation data set with implementation of Tree Masking with a 20% 

Threshold for PlanetScope Scenario 1 baseline Classification (Chapter 7.6.2.2.) 

 

 

Table 53: Confusion matrix for PlanetScope Scenario 2 (Incorporating Field-assessed Heterogneity) (Chapter 

7.6.3.) 
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Table 54: Validation metrics for CV subsets for PlanetScope Scenario 3 (Incorporating intra-parcel spectral 

variability) (Chapter 7.6.4.) 

Class Subset Precision Recall F1-score Support 

Sorghum 
higher CV 0.49 0.70 0.58 29 530 
lower CV 0.50 0.59 0.54 18 952 

Maize 
higher CV 0.44 0.28 0.34 7226 
lower CV 0.38 0.28 0.32 6071 

Millet 
higher CV 0.51 0.47 0.49 7944 
lower CV 0.72 0.49 0.58 6035 

Cotton 
higher CV 0.66 0.60 0.63 9081 
lower CV 0.68 0.59 0.63 9,897 

Sesame 
higher CV 0.18 0.27 0.22 3501 
lower CV 0.65 0.17 0.27 4091 

Peanut 
higher CV 0.00 0.00 0.00 1282 
lower CV 0.00 0.00 0.00 1117 

 

 

Table 55: Classification report for PlanetScope Scenario 3 (Incorporating intra-parcel spectral variability) 

(Chapter 7.6.4.) 

Class Precision Recall F1-score Support 

Sorghum 0.68 0.90 0.77 48 482 

Maize 0.67 0.46 0.55 13 297 

Millet 0.80 0.66 0.72 13 979 

Cotton 0.84 0.74 0.79 18 978 

Sesame 0.60 0.49 0.54 7592 

Peanut 0.00 0.00 0.00 2399 

Bean 0.00 0.00 0.00 1828 

Okra 0.00 0.00 0.00 1358 

Rice 0.00 0.00 0.00 432 

Cowpea 0.00 0.00 0.00 224 

Tomato 0.00 0.00 0.00 246 

asphalt road 0.99 1.00 0.99 215 

built-up 0.86 0.74 0.79 152 

clay bare soil 0.85 0.70 0.77 260 

forest-edge 0.95 0.93 0.94 200 

grassland 0.97 0.78 0.87 440 

lateritic bare soil 0.86 0.99 0.92 426 

lateritic rock road 0.98 0.97 0.97 209 

water 0.97 0.93 0.95 97 

woody vegetation 1.00 0.99 0.99 520 

accuracy 
  

0.71 111 334 

macro avg 0.60 0.56 0.58 111 334 

weighted avg 0.68 0.71 0.69 111 334 
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Table 56: Confusion matrix for PlanetScope Scenario 3 (Incorporating intra-parcel spectral variability) 

(Chapter 7.6.4.) 

 

 

Pléiades Classifications 

Table 57: Indices used in Pléiades classification scenarios 

Index Abbreviation 

Normalized Difference Vegetation Index NDVI 

Green Normalized Difference Vegetation Index GNDVI 

Normalized Difference Red Edge Index NDREI 

Chlorophyll Index Green CIG 

Modified Chlorophyll Absorption in Reflectance Index 2 MCARI2 

Enhanced Vegetation Index EVI 

Soil Adjusted Vegetation Index SAVI 

Modified Soil Adjusted Vegetation Index MSAVI 

Normalized Difference Water Index NDWI 

 

Table 58: Classification report for Pléiades Scenario 1 baseline classification without Tree Masking (Chapter 

7.7.2.1.) 

Class Precision Recall F1-score Support 

Sorghum 0.62 0.23 0.33 2 000 553 

Maize 0.18 0.18 0.18 545 022 

Millet 0.21 0.35 0.27 371 606 

Cotton 0.31 0.37 0.34 594 879 

Sesame 0.10 0.22 0.14 255 613 

Peanut 0.06 0.08 0.07 78 510 

Bean 0.01 0.02 0.01 60 958 

Okra 0.00 0.02 0.00 4820 

Rice 0.01 0.03 0.02 14 772 

Cowpea 0.00 0.02 0.01 18 612 

Tomato 0.00 0.00 0.00 8271 

asphalt road 0.78 0.98 0.87 3697 
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built-up 0.67 0.92 0.78 2526 

clay bare soil 0.54 0.63 0.58 5234 

forest-edge 0.02 0.33 0.04 4164 

grassland 0.01 0.13 0.02 10 742 

lateritic bare soil 0.70 0.73 0.71 9664 

lateritic rock road 0.94 0.95 0.95 3817 

water 1.00 1.00 1.00 2066 

woody vegetation 0.06 0.53 0.11 12 768 

accuracy 
  

0.25 4 008 294 

macro avg 0.31 0.39 0.32 4 008 294 

weighted avg 0.41 0.25 0.28 4 008 294 

 

 

Table 59: Confusion matrix for Pléiades Scenario 1 baseline Classification without Tree Masking (Chapter 

7.7.2.1.) 

 

 

Table 60: Classification report for non-filtered validation data set with implementation of Tree Masking with a 

20% threshold for Pléiades Scenario 1 baseline Classification (Chapter 7.7.2.2.) 

Class Precision Recall F1-score Support 

Sorghum 0.62 0.23 0.34 2 000 553 

Maize 0.18 0.18 0.18 545 022 

Millet 0.22 0.34 0.27 371 606 

Cotton 0.31 0.38 0.34 594 879 

Sesame 0.10 0.22 0.14 255 613 

Peanut 0.06 0.08 0.07 78 510 

Bean 0.01 0.02 0.01 60 958 

Okra 0.00 0.02 0.00 4820 

Rice 0.01 0.03 0.02 14 772 

Cowpea 0.00 0.02 0.00 18 612 

Tomato 0.00 0.00 0.00 8271 

asphalt road 0.78 0.98 0.87 3697 

built-up 0.67 0.92 0.78 2526 

clay bare soil 0.55 0.63 0.59 5234 
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forest-edge 0.02 0.32 0.04 4164 

grassland 0.01 0.12 0.02 10 742 

lateritic bare soil 0.70 0.73 0.71 9664 

lateritic rock road 0.94 0.95 0.95 3817 

water 1.00 0.99 1.00 2066 

woody vegetation 0.06 0.64 0.10 12 768 

accuracy 
  

0.25 4 008 294 

macro avg 0.31 0.39 0.32 4 008 294 

weighted avg 0.41 0.25 0.28 4 008 294 

 

 

Table 61: Classification report for tree filtered validation data set with implementation of Tree Masking with a 

20% threshold for Pléiades Scenario 1 baseline classification (Chapter 7.7.2.2.) 

Class Precision Recall F1-score Support 

Sorghum 0.63 0.23 0.34 1 855 416 

Maize 0.18 0.18 0.18 513 916 

Millet 0.22 0.35 0.27 355 664 

Cotton 0.31 0.39 0.35 518 007 

Sesame 0.10 0.23 0.14 238 592 

Peanut 0.06 0.08 0.07 74 420 

Bean 0.01 0.02 0.01 44 457 

Okra 0.00 0.02 0.00 4796 

Rice 0.01 0.03 0.02 14 772 

Cowpea 0.00 0.02 0.00 16 907 

Tomato 0.00 0.00 0.00 8145 

asphalt road 0.78 0.98 0.87 3697 

built-up 0.67 0.92 0.78 2526 

clay bare soil 0.55 0.63 0.59 5234 

forest-edge 0.02 0.32 0.04 4164 

grassland 0.01 0.12 0.02 10742 

lateritic bare soil 0.70 0.73 0.72 9664 

lateritic rock road 0.94 0.95 0.95 3817 

water 1.00 0.99 1.00 2066 

woody vegetation 0.10 0.64 0.18 12768 

accuracy 
  

0.26 3 699 770 

macro avg 0.32 0.39 0.33 3 699 770 

weighted avg 0.42 0.26 0.29 3 699 770 
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Table 62: Confusion matrix for tree-filtered validation data set with implementation of Tree Masking with a 20% 

threshold for Pléiades Scenario 1 baseline Classification (Chapter 7.7.2.2.) 

 

 

Table 63: Validation metrics for heterogeneity subsets for Pléiades Scenario 2 (Incorporating Field-assessed 

Heterogeneity) (Chapter 7.7.3) 

Class Subset Precision Recall F1-score Support 

Sorghum 
higher heterogeneity 0.27 0.09 0.13 953 891 
lower heterogeneity 0.36 0.18 0.24 850 672 

Maize 
higher heterogeneity 0.07 0.11 0.08 183 648 
lower heterogeneity 0.16 0.18 0.17 296 504 

Millet 
higher heterogeneity 0.11 0.13 0.12 144 688 
lower heterogeneity 0.15 0.20 0.17 247 422 

Cotton 
higher heterogeneity 0.16 0.19 0.18 311 011 
lower heterogeneity 0.27 0.30 0.28 393 568 

Sesame 
higher heterogeneity 0.10 0.11 0.10 162 832 
lower heterogeneity 0.06 0.17 0.09 92 887 

Peanut 
higher heterogeneity 0.01 0.03 0.01 14 438 
lower heterogeneity 0.03 0.14 0.05 19 417 

 

Table 64: Classification report for Pléiades Scenario 2 (Incorporating Field-assessed Heterogeneity) (Chapter 

7.7.3) 

Class Precision Recall F1-score Support 

Sorghum 0.57 0.23 0.33 1 804 563 

Maize 0.19 0.24 0.21 480 152 

Millet 0.22 0.29 0.25 392 110 

Cotton 0.35 0.40 0.37 704 579 

Sesame 0.14 0.24 0.18 255 719 

Peanut 0.02 0.12 0.04 33 855 

Bean 0.01 0.01 0.01 60 958 

Okra 0.00 0.01 0.00 7658 

Rice 0.01 0.03 0.01 27 578 

Cowpea 0.00 0.11 0.01 1537 

Tomato 0.00 0.00 0.00 8271 

asphalt road 0.81 0.98 0.89 3697 
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built-up 0.93 0.90 0.92 2526 

clay bare soil 0.75 0.63 0.68 5234 

forest-edge 0.03 0.28 0.05 4164 

grassland 0.02 0.10 0.03 10 742 

lateritic bare soil 0.70 0.74 0.72 9664 

lateritic rock road 0.97 0.95 0.96 3817 

water 1.00 0.99 1.00 2066 

woody vegetation 0.06 0.51 0.11 12 768 

accuracy 
  

0.27 3 831 658 

macro avg 0.34 0.39 0.34 3 831 658 

weighted avg 0.40 0.27 0.29 3 831 658 

 

Table 65: Confusion matrix for Pléiades Scenario 2 (Incorporating Field-assessed Heterogeneity) (Chapter 7.7.3) 

 

 

Table 66: Validation metrics for CV subsets for Pléiades Scenario 3 (Incorporating intra-parcel spectral 

variability) (Chapter 7.7.4.) 

Class Subset Precision Recall F1-score Support 

Sorghum 
higher CV 0.32 0.10 0.15 1 003 970 
lower CV 0.31 0.21 0.25 644 234 

Maize 
higher CV 0.11 0.12 0.11 245 721 
lower CV 0.09 0.13 0.11 206 711 

Millet 
higher CV 0.21 0.21 0.21 270 588 
lower CV 0.15 0.26 0.19 204 948 

Cotton 
higher CV 0.18 0.22 0.20 308 908 
lower CV 0.23 0.31 0.26 335 941 

Sesame 
higher CV 0.05 0.11 0.07 119 036 
lower CV 0.13 0.09 0.11 138 605 

Peanut 
higher CV 0.01 0.01 0.01 43 684 
lower CV 0.02 0.05 0.03 37 921 
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Table 67: Classification report for Pléiades Scenario 3 (Incorporating intra-parcel spectral variability) (Chapter 

7.7.4.) 

Class Precision Recall F1-score Support 

Sorghum 0.55 0.25 0.34 1 648 204 

Maize 0.17 0.20 0.18 452 432 

Millet 0.27 0.36 0.31 475 536 

Cotton 0.35 0.44 0.39 644 849 

Sesame 0.15 0.22 0.18 257 641 

Peanut 0.04 0.08 0.05 81 605 

Bean 0.01 0.01 0.01 62 084 

Okra 0.00 0.01 0.00 7658 

Rice 0.02 0.02 0.02 46 329 

Cowpea 0.01 0.03 0.02 14 772 

Tomato 0.00 0.00 0.00 8271 

asphalt road 0.81 0.98 0.89 3697 

built-up 0.80 0.91 0.85 2526 

clay bare soil 0.86 0.63 0.73 5234 

forest-edge 0.02 0.29 0.05 4164 

grassland 0.02 0.10 0.03 10742 

lateritic bare soil 0.71 0.73 0.72 9664 

lateritic rock road 0.95 0.95 0.95 3817 

water 0.99 1.00 1.00 2066 

woody vegetation 0.07 0.49 0.12 12768 

accuracy 
  

0.28 3 754 059 

macro avg 0.34 0.39 0.34 3 754 059 

weighted avg 0.37 0.28 0.30 3 754 059 

 

Table 68: Confusion matrix for Pléiades Scenario 3 (Incorporating intra-parcel spectral variability) (Chapter 

7.7.4.) 
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Cropland / Non-cropland Classification with Pléiades 

Table 69: Full classification report with all classes for cropland/non-cropland classification with Pléiades 

(Chapter 7.8.1) 

Class Precision Recall F1-score Support 

Sorghum 0.60 0.72 0.66 102848 

Maize 0.20 0.10 0.13 20436 

Millet 0.51 0.54 0.52 39776 

Cotton 0.38 0.36 0.37 23207 

Sesame 0.38 0.41 0.39 12716 

Peanut 0.12 0.05 0.07 8858 

Okra 0.00 0.00 0.00 747 

built-up 0.97 1.00 0.98 1740 

clay bare soil 0.87 1.00 0.93 2597 

grassland 0.37 0.16 0.22 11507 

lateritic bare soil 0.98 0.95 0.97 9049 

lateritic rock road 0.99 1.00 0.99 5679 

water 1.00 0.96 0.98 1398 

woody vegetation 0.58 0.59 0.58 10069 

accuracy 
  

0.56 250627 

macro avg 0.57 0.56 0.56 250627 

weighted avg 0.52 0.56 0.53 250627 

 

 

 

 

 

 

  

Table 70: Confusion Matrix for Pléiades cropland/non-cropland classification (Chapter 7.8.1) 
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Exploiting Multi-resolution Earth Observation Data and Intra-Parcel Heterogeneity 

Information for Improving Crop Type Mapping in Smallholder Cropping Systems in Mali 

Philip Milan Knirsch 

 

 

Abstract 

Smallholder cropping systems present a challenging scenario for crop type mapping 

with remote sensing approaches. Parcels are small and exhibit complex within-field 

heterogeneity, containing mixtures of crops and non-crop features such as trees, weeds 

and bare-soil. Leveraging a unique dataset of parcel-level heterogeneity ratings for 

various crop parcels in Mali's cotton belt, this study explored the potential of integration 

with multi-resolution satellite imagery from Sentinel-2, PlanetScope and Pléiades. 

Pixel-based classification was performed to compare the performance of the three 

sensors with varying spatial and spectral resolutions and temporal data depth. The study 

specifically investigated how incorporating intra-parcel heterogeneity information and 

excluding trees from training data influences classification accuracy. A Pléiades-

derived cropland mask was further created to refine validation by accounting for non-

crop elements within agricultural parcels. 

A comprehensive classification framework was implemented, incorporating monocrop 

agricultural classes - focusing on cotton, sorghum, millet, maize, sesame and peanut - 

and various non-crop landcover types, creating a challenging multi-class problem 

representative of the smallholder landscape mosaic. Incorporating heterogeneity 

showed to improve classification performance: overall accuracy increased by ~4% for 

Sentinel-2 (from 71.2% to 76.3%) and PlanetScope (70.2% to 74.4%). Masking out 

tree-covered pixels within cropland had negligible effects (<0.5% change) across all 

sensors. Refined validation using a VHR cropland mask produced modest, consistent 

improvements, revealing that including non-crop elements within parcels in validation 

data underestimates crop classification performance. 

Leveraging intra-parcel heterogeneity can enhance crop type mapping, but effective 

integration requires more detailed characterization of within-field variability. Relating 

field-assessed heterogeneity to parcel-level spectral metrics proved inconclusive, with 

no clear patterns across crop types. Future work should aim to decompose heterogeneity 

into its components (e.g., weed presence, crop density, bare soil) and create denser time 

series to capture full crop phenologies to improve discrimination between crop types 

and enable the incorporation of intercropping into classification frameworks. 

 


