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Chapter 1: Introduction

Agricultural maps usually assign each field to its dominant crop, but this is not always
sufficient in smallholder landscapes where several crops may be cultivated together. Milpa is
a family of maize-centred mixed-cropping systems whose crop composition, planting
arrangement and management vary across Mesoamerica. Maize may remain visually
dominant even when companion crops are present, so a Milpa field can resemble maize
monocrop while still representing a different cropping system. Milpa is also associated with
agrobiodiversity, local agricultural knowledge and cultural practices, although these functions
vary among communities (Fonteyne et al., 2023; Lopez-Ridaura et al., 2021; Benrey et al.,
2024).

Remote sensing can complement field surveys by providing repeated observations over wider
areas, but satellite imagery does not directly record crop-system identity. The signal within a
parcel can combine maize, companion crops, weeds, exposed soil, residues and boundary
features, and the proportions of these components change through the season. Small and
irregular fields further increase mixed-pixel effects, while variation among Milpa fields can
be substantial. These characteristics make parcel-level discrimination from maize monocrop a
problem of both class definition and spatial-spectral representation (Persello et al., 2019;
Ibrahim et al., 2021).

Sentinel-2 provides a useful seasonal baseline because its repeated visible, red-edge, near-
infrared and shortwave-infrared observations can describe crop development through time. Its
value, however, depends on the quality and temporal distribution of the observations: clouds,
shadows and other invalid pixels create gaps, and reconstructed values are not equivalent to
measurements recorded directly by the sensor. Spatial support is also important because the
10-20 m agricultural bands may contain few interior pixels in narrow fields, and relationships
learned in one area may weaken when transferred geographically (Defourny et al., 2019;
Karasiak et al., 2022; Orynbaikyzy et al., 2022). SkySat and PlanetScope offer finer spatial
sampling that may provide complementary field information, but greater spatial detail does
not automatically yield better classification (Rao et al., 2021).

Evidence remains limited for parcel-level remote-sensing discrimination of the Milpa mixed-
cropping system from maize monocrop in Oaxaca. This thesis therefore evaluates Sentinel-2
as the principal seasonal baseline and asks whether complementary information from SkySat
and PlanetScope improves that distinction. Three routes are examined separately: direct
sensor predictors and predictor-level integration, SkySat-guided Sentinel-2 super-resolution,
and classification-level integration of independently fitted sensor models. The primary
formulation distinguishes Milpa from maize monocrop, while a secondary three-class
formulation retains Milpa, landrace maize and hybrid maize. Model development is separated
from a geographically distinct secondary benchmark, and class-specific Milpa performance is
considered alongside aggregate measures. The overall aim is to assess whether these
complementary routes provide additional, geographically transferable discrimination beyond
the Sentinel-2 parcel baseline.



Chapter 2: Literature Review

This chapter reviews the literature needed to understand and evaluate the remote-sensing-
based mapping of the Milpa mixed-cropping system in Oaxaca. It first defines Milpa as a
crop-system mapping target and examines the challenges created by small, heterogeneous
agricultural parcels. It then considers Sentinel-2 observation reliability, spectral-temporal and
spatial feature representation, machine-learning classification and geographic evaluation. The
review subsequently assesses the potential contribution of SkySat and PlanetScope imagery,
predictor-level integration, cross-sensor super-resolution and classification-level integration.
The chapter concludes by synthesising the remaining evidence gaps and positioning the
contribution of the present study.

2.1 Milpa as a crop-system mapping target
2.1.1 Cropping-system terminology

Intercropping is generally defined as the cultivation of two or more crop species in the same
field simultaneously during overlapping periods of growth. Mixed cropping is often used to
denote crops grown together without any fixed spatial arrangement, though the differentiation
between these terms varies across the literature (Brooker et al., 2015; Maitra et al., 2021).

Milpa does not have a fixed composition of crops nor a fixed arrangement of planting. Maize
can be cultivated with various companion crops and the combinations of these vary across
locations and farming systems (Lopez-Ridaura et al., 2021; Fonteyne et al., 2023). For
simplicity, the term “Milpa mixed-cropping system” is used here without implying a fixed set
of companion crops or a uniform planting geometry. In the terminology used in this study,
landrace and hybrid refer to maize types, whereas maize monocrop refers to the cropping
system in which maize is grown without the mixed-cropping structure of Milpa.

2.1.2 Composition and variability of the Milpa mixed-cropping system
Milpa is a traditional Mesoamerican maize-based cropping system. The term originates from
the Nahuatl words "milli", meaning a planted field, and "pan", meaning upon (Vazeux-
Blumental et al., 2024). Although Milpa is commonly associated with maize, beans and
squash, this classic association represents only one of several documented crop combinations
(Vazeux-Blumental et al., 2024; Lopez-Ridaura et al., 2021).

The commonly cited maize—bean—squash association is illustrated in Figure 2.1.
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Figure 2.1. The classic Milpa association of maize, bean and squash. Source: Lopez-Ridaura et al. (2021, Fig.
1); illustration by Melinda Ridaura. Reproduced under the Creative Commons Attribution 4.0 International
licence (CC BY 4.0).

Across Mesoamerica, Milpa includes a wider range of maize-centred crop associations.
Documented companion crops include beans, squash, faba bean, potato, chilli, tomato,
amaranth, fruit trees, coffee and other vegetables (Lopez-Ridaura et al., 2021). Their
composition varies across locations and has been associated with agroecological conditions
such as climate, soils and topography, as well as farmers’ needs, knowledge and traditions

(Lopez-Ridaura et al., 2021).

In Chinantec agroecosystems in Oaxaca, Mateos-Maces et al. (2016) reported variation in
crop combinations, moisture regimes for planting, and the timing of sowing, flowering and
harvesting. In the Western Highlands of Guatemala, Lopez-Ridaura et al. (2021) documented
several crop combinations across 1,205 maize plots cultivated by 989 households, with
maize—bean associations more frequent than the complete maize—bean—squash combination.
These studies show that Milpa varies considerably in crop composition and growing
conditions rather than representing a single uniform crop mixture.



2.1.3 Agronomic, nutritional and socio-cultural importance

Several crops grown together can occupy the field differently and use light, water, nutrients
and soil space in complementary ways (Brooker et al., 2015; Fonteyne et al., 2023; Vazeux-
Blumental et al., 2024). Maize can support climbing beans, legumes may contribute nitrogen
through biological fixation, and lower-growing crops such as squash can shade the soil
surface, suppress some weeds and conserve soil moisture (Fonteyne et al., 2023). These
interactions can improve system productivity, although their effects are context-dependent
and should not be treated as a guarantee of higher maize yield (Brooker et al., 2015; Fonteyne
et al., 2023; Vazeux-Blumental et al., 2024).

Milpa can also diversify household food production and contribute to nutritional self-
sufficiency (Novotny et al., 2021). In two highland communities in Oaxaca, Novotny et al.
(2021) reported that Milpa produced more food per unit area than sole maize or bean fields,
while nutritional self-sufficiency varied between communities. One hectare of Milpa could
meet the assessed requirements of at least two people per year in Santa Catarina Tayata and
one person in San Cristobal Amoltepec when limiting nutrients were considered (Novotny et
al., 2021). Vitamin B12 was not supplied by crop production, while zinc and vitamins A, B9
and C were among the limiting nutrients (Novotny et al., 2021). The study also found sole
maize to be more labour-efficient and reported farmers' concerns about the high labour
demand of Milpa (Novotny et al., 2021).

Its importance extends beyond production and nutrition. Milpa is linked to agrobiodiversity
and locally maintained crop varieties (Benrey et al., 2024; Fonteyne et al., 2023). It is also
associated with traditional agricultural knowledge and, in some contexts, cultural identity
(Fonteyne et al., 2023; Romero-Natale et al., 2024). These relationships vary across
communities, while socioeconomic conditions and labour requirements can influence
farmers' choices (Fonteyne et al., 2023; Novotny et al.,, 2021). Milpa therefore has
importance beyond maize yield alone, reflecting its production, nutritional, ecological and
socio-cultural functions.

The associated above- and below-ground ecological relationships are illustrated conceptually
in Figure 2.2.



Figure 2.2. Conceptual illustration of the Milpa mixed-cropping system, showing maize, beans and squash
together with associated above- and below-ground ecological components. Source: Benrey et al. (2024, Fig. 1).
The source notes that the figure was partially created with DALL-E. Reproduced under the Creative Commons

Attribution 4.0 International licence (CC BY 4.0).

2.1.4 Implications for remote-sensing class definition

The same diversity that gives Milpa agricultural importance makes it difficult to represent as
one homogeneous remote-sensing class (Fonteyne et al., 2023; Ibrahim et al., 2021; Persello
et al., 2019). A Milpa signal may contain different contributions from maize, companion
crops, exposed soil and weeds, and these contributions can vary with crop development and
spatial arrangement (Fonteyne et al., 2023; Bégué et al., 2018).

A maize-dominated part of a parcel may resemble maize monocropping, while another part
may contain stronger contributions from companion crops or exposed soil (Fonteyne et al.,
2023; Ibrahim et al., 2021). Variation can occur both between Milpa parcels and within a
single parcel, so one universal spectral signature should not be expected (Fonteyne et al.,
2023; Ibrahim et al., 2021; Bégué et al., 2018). Differences used to distinguish Milpa from
maize monocropping therefore need to be evaluated in the local context rather than assumed
to apply across regions (Bégué et al., 2018; Ibrahim et al., 2021).

Comparable work provides context without supplying direct evidence for Oaxaca. Ibrahim et
al. (2021) used Sentinel-2 time-series imagery to map crop types and cropping systems in



Nigeria, including maize-based mixed-cropping classes. The study showed that mixed
systems can be represented as explicit mapping classes, although spectral similarity and
temporal heterogeneity can make separation difficult. Because the crops, environment and
management differ, the study cannot determine how Milpa will appear in Oaxaca. It
nevertheless supports a class definition that separates Milpa from maize monocropping while
allowing genuine differences among Milpa parcels (Ibrahim et al., 2021; Fonteyne et al.,
2023).

2.2 Remote sensing of smallholder crop systems

2.2.1 Remote sensing and agricultural monitoring

Agricultural monitoring requires information on where crops are grown, how they develop
through the season and how cultivated areas change over time (Weiss et al., 2020; Wu et al.,
2023). Field observations and other reference data remain important because they provide the
information needed to identify crop classes and interpret management conditions (Bégué et
al., 2018; Wu et al., 2023). Remote sensing complements these observations by providing
repeated coverage over broad areas, making it useful for crop mapping, land-use monitoring,
yield forecasting, irrigation assessment and food-security applications (Karthikeyan et al.,
2020; Weiss et al., 2020; Wu et al., 2023).

Satellite imagery does not provide crop labels directly. Instead, crop identity is inferred from
measurements recorded within image pixels, while the amount of ground detail represented
depends on the spatial resolution of the sensor (Bégué et al., 2018; Weiss et al., 2020).
Suitable reference data are therefore still needed for crop classification. Cloud cover,
irregular temporal coverage and limited spatial detail can also reduce the information
available for monitoring and make interpretation more difficult (Bégué¢ et al., 2018; Weiss et
al., 2020; Wu et al., 2023).

2.2.2 Crop-type versus crop-system mapping

Crop type is a common target in agricultural remote-sensing studies, but crop identity alone
does not describe all aspects of a cropping system (Ibrahim et al., 2021; Tariq et al., 2023).
Cropping systems can also differ in the way crops are combined, arranged or grown in
sequence, as well as in their management (Bégué et al.,, 2018). Mapping such systems
therefore requires classes that represent these broader characteristics rather than crop type
alone.

This distinction is particularly relevant to Milpa, where maize is grown together with other
crops rather than being defined simply by the presence of maize (Fonteyne et al., 2023). A
maize monocrop and a maize-based Milpa parcel can both contain maize, but they represent
different cropping systems. Reference labels for this type of classification therefore need to
capture the crop association or arrangement that distinguishes the two classes (Bégué¢ et al.,
2018; Ibrahim et al., 2021).

Previous studies show that these broader cropping-system characteristics can be mapped
explicitly. Ibrahim et al. (2021) mapped crop types and mixed-cropping systems in Nigeria,
including maize-based associations. Tariq et al. (2023) similarly mapped individual crop



types together with cropping patterns in Pakistan. These examples show that crop
associations and cropping patterns can themselves form mapping classes rather than being
represented only by the identity of an individual crop.

2.2.3 Small fields, fragmentation, mixed pixels and class variability
Here, the term "smallholder landscape" is used descriptively to refer to a mosaic of relatively
small fields. Such landscapes often contain small, irregular parcels, while field boundaries

may be indistinct or interrupted by roads, ditches or vegetation, making parcel delineation
difficult (Persello et al., 2019).

The effect of these boundaries depends partly on field size relative to image resolution. When
fields are small, a larger share of pixels lies close to field edges, where the recorded signal
may include contributions from neighbouring fields or other boundary features. Pixels farther
inside a sufficiently large and uniform field are more likely to represent the field itself.
Mixed-pixel effects therefore become more important as field size decreases relative to pixel
size and as the landscape becomes more fragmented (Persello et al., 2019; Tariq et al., 2023;
Wu et al., 2023).

Boundary mixing should be distinguished from heterogeneity that occurs within the field
itself. Mixed-cropping systems may contain more than one crop within the same parcel, and
Ibrahim et al. (2021) reported strong spatial heterogeneity in intercropped classes. For Milpa,
variation within the parcel should therefore not automatically be interpreted as boundary
contamination. A pixel within the parcel may reflect genuine within-field variability, whereas
a boundary pixel may also be influenced by adjacent land cover (Ibrahim et al., 2021;
Persello et al., 2019).

2.2.4 Parcel- and pixel-level spatial support

Spatial support refers to the geographical unit at which a measurement, feature or label is
represented. In pixel-level classification, each pixel is treated as an observation, whereas
parcel-level approaches aggregate information within field boundaries. Object-based image
analysis instead groups neighbouring pixels into image objects that are used as classification
units (Kussul et al., 2016; Xue et al., 2023). No single representation is best in all settings.
Pixel-level analysis retains local spatial detail, while parcel-level aggregation can provide
more consistent field-level predictions but may conceal genuine variation within a field.
Parcel- and object-based approaches have improved map consistency in some studies by
incorporating field context and reducing fragmented predictions (Kussul et al., 2016; Xue et
al., 2023), although Maolan et al. (2024) found slightly higher overall accuracy for pixel-
based than object-oriented classification in their smallholder case study.

Spatial support also affects validation because spatial dependence between training and test
samples can lead to optimistic accuracy estimates (Karasiak et al., 2022). The detailed
implications for data splitting and geographic validation are discussed in Section 2.5.3. The
choice among pixel, object and parcel support should therefore follow the class definition,
reference-label scale and intended mapping product.



2.3 Sentinel-2 observations and time-series reliability

2.3.1 Sentinel-2 mission, bands, resolutions and products

Sentinel-2 was developed within the European Union’s Copernicus Earth-observation
programme to provide repeated multispectral imagery for monitoring land, vegetation and
inland and coastal waters. It was designed as a two-satellite constellation with a nominal
revisit interval of about five days over land (European Space Agency, 2015). Clouds,
shadows and other defects make clear agricultural observations less frequent than the nominal
revisit (Bukowiecki et al., 2021; Defourny et al., 2019).

Each satellite carries a Multispectral Instrument that records reflected solar energy in 13
bands at native resolutions of 10, 20 or 60 m. A spectral band represents a defined interval of
the electromagnetic spectrum rather than an ordinary photographic colour. The bands span the
visible, red-edge, near-infrared and shortwave-infrared regions, with the red-edge bands
being particularly relevant to vegetation and chlorophyll-related applications (Clevers and
Gitelson, 2013; European Space Agency, 2015).

Table 2.1. Sentinel-2 spectral bands and native resolutions.

Band Spectral region Approx. centre Native resolution
BO1 Coastal aerosol 443 nm 60 m
B02 Blue 490 nm 10 m
B03 Green 560 nm 10 m
B04 Red 665 nm 10 m
B05 Red edge 705 nm 20 m
B06 Red edge 740 nm 20 m
B07 Red edge 783 nm 20 m
BO8 Near infrared 842 nm 10 m
B8A Narrow near infrared 865 nm 20 m
B09 Water vapour 945 nm 60 m
B10 Cirrus 1,375 nm 60 m
B11 Shortwave infrared 1,610 nm 20m
B12 Shortwave infrared 2,190 nm 20m

Source: European Space Agency (2015).

Sentinel-2 products are distributed at different processing levels. Level-1C provides
orthorectified top-of-atmosphere reflectance, whereas Level-2A provides atmospherically
corrected bottom-of-atmosphere, or surface, reflectance. Standard Level-2A products contain
12 surface-reflectance bands and omit the cirrus band B10 (Copernicus Sentinel-2, 2021;
European Space Agency, 2015). Atmospheric correction does not remove all cloud and
shadow contamination, so observation-quality screening is still required. These issues are
discussed further in Section 2.3.2.



2.3.2 Optical-data quality problems and analysis-ready observations
An available Sentinel-2 image does not necessarily provide a usable observation for every
field. Clouds and cloud shadows can obscure or contaminate surface reflectance, reducing the
number of clear observations available for agricultural monitoring (Defourny et al., 2019;
Magno et al.,, 2021). Consequently, the nominal revisit frequency does not necessarily
correspond to the temporal density of observations that remain suitable for analysis.

Other inconsistencies can affect comparability among dates even when observations are
cloud-free. Sentinel-2 bands are acquired at different native spatial resolutions, so spatial
harmonisation is required when several bands are analysed together (Perich et al., 2023).
Multi-temporal geometric consistency is also important because residual misregistration can
reduce the spatial correspondence between repeated acquisitions (Yan et al., 2018). Surface
reflectance is also directional: the same surface can produce different measured reflectance as
solar and viewing geometry changes, introducing variation between acquisitions that is
unrelated to actual land-surface change (Roy et al., 2017).

Analysis-ready preparation therefore requires quality screening and spatial harmonisation
before observations are combined into a time series. Perich et al. (2023), for example, used
the Sentinel-2 Scene Classification Layer to exclude clouds, cloud shadows, dark areas and
defective pixels, and resampled the categorical 20 m layer to 10 m using nearest-neighbour
interpolation, while 20 m spectral bands were resampled using cubic interpolation. This
example illustrates that categorical quality information and continuous reflectance data can
require different treatment when they are placed on a common spatial grid. After invalid
observations are removed, however, the remaining temporal sequence may still be irregular
and incomplete, leading to the temporal regularisation and gap-filling problem considered in
Section 2.3.3.

2.3.3 Temporal regularisation, gap filling and uncertainty

After invalid observations are removed, optical time series are often irregular and incomplete
because clear observations are not available on the same dates for every parcel (Chen et al.,
2021; Lira Melo de Oliveira Santos et al., 2019). Temporal regularisation addresses this
inconsistency by organising observations or reconstructed values on a common date
sequence. Missing periods can then be handled using different approaches, including
temporal compositing, interpolation and spline fitting, smoothing methods such as Savitzky—
Golay or Whittaker filtering, harmonic or other model-based approaches, and more complex
spatio-temporal reconstruction methods (Chen et al., 2021; Liu et al., 2017; Lira Melo de
Oliveira Santos et al., 2019). These approaches are not interchangeable: their performance
depends on the vegetation trajectory, the amount and timing of missing data, noise in the
observations and the intended analytical use of the reconstructed series (Liu et al., 2017; Lira
Melo de Oliveira Santos et al., 2019).

Linear interpolation is a comparatively simple approach that has been used to fill missing
dates in agricultural image time series and can be sufficient in some applications when
temporal change is relatively smooth and gaps are limited (Lira Melo de Oliveira Santos et
al., 2019; Liu et al., 2017). Interpolation estimates values within the period bounded by
observations, whereas extrapolation extends beyond the first or last available observation and



is therefore less constrained by measured data. Reconstruction becomes less reliable as gaps
become longer or when missing observations coincide with periods of rapid change in the
vegetation trajectory (Chen et al., 2021; Liu et al., 2017). Reconstruction uncertainty
therefore depends not only on the selected method, but also on the duration and temporal
position of a gap relative to the underlying seasonal development of the vegetation (Liu et al.,
2017).

More flexible smoothing methods can reduce residual noise and produce stable seasonal
trajectories (Chen et al., 2021), but this benefit involves a trade-off. Excessive smoothing can
weaken inflection points, peaks, valleys or other short-lived features that form part of the
original temporal signal (Liu et al., 2017). Gap-filled values should therefore be interpreted as
reconstructed estimates rather than observations directly recorded by the sensor (Chen et al.,
2021; Liu et al., 2017; Lira Melo de Oliveira Santos et al., 2019). Assessing how much of a
time series is supported by original observations, and where longer unsupported periods
occur, is consequently important for judging the reliability of the resulting temporal
information; this issue is considered in Section 2.3 .4.

2.3.4 Observation support and reliability assessment

A complete-looking regular time series can conceal differences in observational support
because it may contain both directly observed and reconstructed values (Chen et al., 2021;
Liu et al., 2017). The reliability of the resulting temporal information therefore depends not
only on whether the series is complete, but also on the amount, timing and continuity of the
original observations (Defourny et al., 2019; Liu et al., 2017). Useful indicators include the
number or proportion of valid observations (Defourny et al., 2019), their distribution through
the season (Defourny et al., 2019; Liu et al., 2017), and the duration of continuous gaps
without valid observations (Chen et al., 2021; Liu et al., 2017).

These indicators describe different aspects of temporal support. Two parcels may contain the
same number of valid observations, yet one may be observed relatively consistently through
the growing season while the other contains a long gap during an important period of crop
development (Liu et al., 2017). Because reconstruction performance depends on both the
amount and timing of missing data, observation counts alone cannot fully describe the quality
of temporal support (Defourny et al., 2019; Liu et al., 2017). Observation support and
reconstruction accuracy are therefore complementary aspects of reliability: the first describes
how much original information is available and how it is distributed through time, whereas
the second concerns how well missing values can be estimated from that information (Chen
etal., 2021; Liu et al., 2017).

Having some usable imagery is likewise not equivalent to having sufficient temporal support
for interpreting a seasonal trajectory (Defourny et al., 2019; Liu et al., 2017). Regular
sampling and the timing of available observations remain important when constructing
agricultural time series (Defourny et al., 2019; Liu et al., 2017). Reconstructed values must
also remain distinguishable from directly observed reflectance because their reliability
depends on the surrounding observations, the duration and timing of the gap, and the
underlying vegetation trajectory (Chen et al., 2021; Liu et al., 2017).
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Reconstruction accuracy can be assessed separately from observation support through
simulated-gap evaluations that test gap-filling performance under different missing-data
conditions (Liu et al.,, 2017). Because the adequacy of a particular observation pattern
depends on vegetation dynamics, gap conditions, data availability and the intended analytical
use, support thresholds and gap-duration categories are best treated as context-specific
operational criteria rather than universal standards (Liu et al., 2017; Perich et al., 2023).
Maintaining this distinction between observed and reconstructed information provides a
clearer basis for the temporal and spectral feature representations discussed in Section 2.4.

2.4 Spectral-temporal and spatial feature representation

Reliable image time series must be transformed into classification predictors before their
spectral, temporal and spatial information can be used by a model. These predictors can be
organised into five complementary families: raw-band statistics, spectral-index statistics,
phenology and temporal stability, within-parcel heterogeneity, and observed-image texture.
Together they describe crop condition and field structure, but they also enlarge the feature
pool and require explicit control of dimensionality and redundancy.

2.4.1 Spectral bands and spectral indices

Satellite reflectance provides the starting point for describing agricultural vegetation. Green
vegetation generally absorbs visible red radiation and reflects strongly in the near-infrared
(Clevers and Gitelson, 2013; Li et al., 2022). The red-edge region captures the rapid
transition between red absorption and near-infrared reflectance and is responsive to
chlorophyll and canopy development (Qiao et al., 2024; Sun et al., 2020; Xie et al., 2018),
while shortwave-infrared reflectance adds information related to vegetation and soil moisture,
senescence and dry matter (Li et al., 2022).

Individual bands retain wavelength-specific reflectance information, whereas spectral indices
emphasise particular contrasts through normalised differences or ratios. Spectral indices can
highlight greenness, moisture, pigment condition or senescence (Sun et al., 2020; Li et al.,
2022; Zhao et al., 2025). They remain indirect indicators of crop identity, and different crops
may produce similar values at some stages of development (Tufail et al., 2025; Xie et al.,
2018).

The six indices considered here represent complementary aspects of vegetation condition.
Their exact formulations and interpretations are summarised below.

Table 2.2. Spectral indices used for Sentinel-2 feature construction.

Interpretation and

Formula using

Index Sentinel-2 bands agricultural Main limitation Supporting source
relevance
Contrasts red
absorption with
Normalised near-infrared Can saturate in dense
Difference (B08—B04)/(B08+B reflectance and is | canopies and become Xie et al. (2018);

Vegetation Index
(NDVI)

04)

widely used to
describe vegetation
greenness, cover and
canopy development

less responsive at
higher leaf area

Qiao et al. (2024)
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Formula using

Interpretation and

Index . agricultural Main limitation Supporting source
Sentinel-2 bands relevance
Uses red and near-
infrared reflectance
to represent Remains an indirect
Enhanced Vegetation | 2.5(B08-B04)/(B03 Vvvi‘ff;itgﬁc‘fl‘gl‘z;ﬁz Veggtzstfé;pgn‘(’ifﬁon Jiang et al. (2008);
Index 2 (EVI2) +2.4B04+1) soil-background and does not directly Tufail et al. (2025)
sensitivity relative to indicate crop type
simple red—-NIR
ratios
Measures contrast
between two red- Interpretation
Normalised edge bands and depends on the
Difference Red Edee (B06—B05)/(B06+B represents selected red-edge Sun et al. (2020);
Index (NDRE) & 05) chlorophyll- and bands, canopy Zhao et al. (2025)
canopy-related density and pigment
variation within the condition
red-edge region
Contrasts near-
infrared and red- Can be influenced by
Chlorophyll Index edge reflectance and leaf area and may . )
Red Edge (CI red B08/B07-1 is used as an become less >S(111(:16ettaali ((22%1280))’
edge) indicator of responsive at high ’
chlorophyll-related vegetation density
canopy variation
Combines near-
h 1nfrared. arfld d Moisture-related
Normalised s onf\;vave—ln rare responses can also Griffiths et al.
Difference Moisture (BO3-B1 11))/(B08+B1 dezsri‘g?i?gies:gre- vary with dry matter | (2019); Cheng et al.
Index (NDMI) . .| and soil-background (2023)
related differences in

vegetation and the
land surface

conditions

Plant Senescence
Reflectance Index
(PSRI)

(B04-B02)/B06

Represents changes
in the balance among
visible and red-edge
reflectance
associated with
pigment loss and
crop senescence

Responses may also
reflect vegetation
stress and
phenological
transition

Zhao et al. (2025)

Source: Exact formulations used in this study; see Appendix Table A.1. Agricultural
interpretations are supported by the sources shown in the table.

Red-edge indices can add information beyond visible and broad near-infrared bands,
particularly where conventional greenness indices become less responsive (Qiao et al., 2024;
Sun et al., 2020; Xie et al., 2018). Shortwave-infrared information provides complementary
sensitivity to vegetation and soil moisture, senescence and dry matter (Li et al., 2022).

2.4.2 Temporal summaries, phenology and stability
A single image captures only one moment in crop development. Vegetation changes through
emergence, canopy expansion, peak development, senescence and harvest, so crops that
appear similar on one date may follow different seasonal trajectories or become separable
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only at particular stages. Multi-temporal observations are therefore often more informative
than isolated acquisitions (Hu et al., 2019; Liu et al., 2023; Xu et al., 2021).

An ordered stack of band or index values preserves detailed seasonal information and lets a
model respond to particular dates, but predictor numbers increase rapidly with bands and
observations, and full stacks remain sensitive to missing observations and irregular temporal
support. Liu et al. (2023) nevertheless found full time-series stacks to outperform statistical
and phenological summaries in one comparison, showing that detailed temporal information
can remain valuable despite its dimensionality.

Seasonal statistics such as the mean, median, minimum, maximum, standard deviation,
interquartile range, percentiles and amplitude provide a more compact representation of
typical conditions and overall variation. This compression can hide brief discriminative
events or trajectories with similar ranges but different timing (Liu et al., 2023). Phenological
features, including peak value and timing, green-up and decline rates and season length,
preserve more explicit information about when and how a canopy changes (Hu et al., 2019;
Wozniak et al., 2022; Zhao et al., 2025).

Temporal stability measures summarise the degree of fluctuation in a signal through time.
Such variability may reflect crop development and management, but it can also arise from
residual cloud effects, irregular observational support or reconstructed values. Features
derived from interpolated series must therefore be interpreted alongside the distinction
between observed and reconstructed information established in Section 2.3.

2.4.3 Within-parcel heterogeneity and observed-image texture

Parcel-level averages may conceal spatial differences in crop cover, vigour, moisture,
exposed soil, weeds, residues or planting arrangement. Such within-parcel heterogeneity can
affect field-level spectral representation and retain information lost through averaging (Chen
and Liu, 2024; Squeri et al., 2021; Wang et al., 2025). In Milpa it may reflect companion
crops, unequal planting density or soil exposure, but it is not a unique class signature because
maize monocrops can also contain weeds, missing plants, residues, uneven emergence or
stress.

Parcel-wide statistics and texture describe different aspects of this variation. A field-level
standard deviation summarises dispersion among all parcel pixels without considering their
arrangement. Texture examines neighbouring pixels and can represent local contrast,
continuity or patchiness. In a moving window, a statistic is calculated from the
neighbourhood around each central location (Wang et al., 2025). Local variance measures
dispersion within that neighbourhood, while local standard deviation expresses the same
variability in the units of the original reflectance or index.

At 10 m grid spacing, 3 X 3 and 5 x 5 windows cover approximately 30 x 30 m and 50 x 50
m. Smaller windows respond to fine contrasts; larger windows capture broader patterns but
are more likely to cross parcel boundaries or combine several structures in small fields. No
window size is universally optimal because usefulness depends on parcel dimensions, spatial
resolution and the scale of the pattern (Fang et al., 2025; Wang et al., 2025).
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Texture has improved crop discrimination in some settings by representing canopy
discontinuity and soil-vegetation mixtures not captured by spectral averages (Fang et al.,
2025; Tang et al., 2025). Its value may decline when parcels contain few pixels or
neighbourhoods extend outside the field. As discussed in Section 2.3, reconstructed values
are estimates rather than observations; texture calculated from reconstructed imagery may
therefore partly reflect the reconstruction process rather than only recorded spatial structure.
Observed imagery provides a more direct basis for interpreting texture as a recorded spatial
pattern.

2.4.4 High dimensionality, redundancy and feature control

Combining dates, bands, indices, temporal summaries and texture can produce a very large
feature set. The curse of dimensionality describes the increasing difficulty of analysis as
predictor dimensions grow; in supervised classification, the related Hughes phenomenon
occurs when accuracy initially improves with informative variables but later declines because

the feature space becomes too large for the available labelled sample (Gémez-Chova et al.,
2003; Jia et al., 2022).

Remote-sensing predictors are also often redundant: adjacent bands may respond to similar
vegetation properties, neighbouring dates can capture the same crop stage, and several indices
reuse the same bands. Additional variables may therefore increase computation and
overfitting without providing equivalent new information. Crop-mapping studies confirm that
more predictors do not always improve classification. Tang et al. (2025) reported
performance rising and then declining as variables were added, while Orynbaikyzy et al.
(2020) found that feature selection clarified a large correlated feature set without necessarily
increasing overall accuracy.

Common controls include correlation filtering, sequential selection, model-based importance
rankings and compact panels representing several feature families. Correlation filtering
reduces strong redundancy but may discard useful interactions; sequential methods can be
computationally demanding and sensitive to the development sample; and Random Forest
importance can efficiently rank nonlinear predictors, although correlation may divide or
distort apparent importance (Gomez-Chova et al., 2003; Orynbaikyzy et al., 2020; Tang et al.,
2025).

Feature importance may vary across seasons or geographical areas because crop differences
are not spatially or temporally constant (Fang et al., 2025; Xu et al., 2021). Repeated
development-only evaluation can therefore test whether variables remain influential across
different samples. A compact panel should be judged not only by its highest score but also by
redundancy, stability, interpretability and representation of spectral, temporal and spatial
processes.

Feature selection must be confined to model-development data. The same rule applies to
imputation and any preprocessing parameter estimated from the data: each operation must be
fitted on development data and then applied unchanged to evaluation data (Ambroise and
McLachlan, 2002; Varma and Simon, 2006; Cawley and Talbot, 2010). If holdout
observations influence variable selection, imputation or repeated panel comparison,
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information enters model development and the performance estimate is no longer
independent. Feature control and final geographic evaluation must therefore remain separate.
Once a defensible representation is established, the selected predictors can be supplied to the
classification and validation approaches reviewed in Section 2.5.

2.5 Machine-learning classification and geographic evaluation

2.5.1 Supervised machine learning for crop classification

Once the spectral, temporal and spatial information described in Section 2.4 has been reduced
to a controlled set of predictors, supervised machine learning can be used to test whether
those predictors distinguish the reference classes. A supervised classifier learns from
observations for which both predictor values and correct class labels are known. These
labelled observations form the training data, while observations kept outside model
development are needed to assess whether the learned relationship applies beyond the cases
already seen.

The model does not understand the agronomic meaning of a Milpa mixed-cropping system. It
identifies statistical relationships between the reference labels and combinations of
predictors. This distinction matters because the classes may overlap. A maize-dominant Milpa
parcel may resemble a maize monocrop, while variation among Milpa parcels may broaden
the range of patterns assigned to the same class (Persello et al., 2019; Ibrahim et al., 2021).
Performance therefore depends not only on the algorithm but also on the quality,
representativeness and balance of the reference data (Orynbaikyzy et al., 2019; Tariq et al.,
2023).

Crop-mapping studies use several algorithm families. Random Forest and support vector
machines are established methods for nonlinear, high-dimensional remote-sensing data
(Orynbaikyzy et al., 2019; Mountrakis et al., 2011). Deep-learning models can learn complex
representations from multi-temporal inputs and have outperformed conventional methods in
some studies (Kussul et al., 2017; Zhong et al., 2019). Other studies have reported strong
performance from support vector machines, Random Forest or hybrid approaches
(Mountrakis et al., 2011; Orynbaikyzy et al., 2019; Yao et al., 2022). No classifier is
universally superior: performance varies with the sensor, feature representation, class
structure, sample size and geographical domain (Zhong et al., 2019; Yao et al., 2022).

Model fitting must also remain separate from feature selection, hyperparameter tuning and
final evaluation. Using evaluation observations to guide these development decisions can
produce an overly favourable estimate of performance, particularly when labelled data are
limited (Varma and Simon, 2006; Cawley and Talbot, 2010).

2.5.2 Random Forest, class imbalance and probability outputs

Random Forest combines many decision trees instead of relying on a single tree. Each tree is
fitted to a bootstrap sample of the development data, and only a random subset of predictors
is considered at each split. The trees then vote collectively for the predicted class. This design
reduces dependence on any one tree and allows nonlinear relationships and interactions
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among spectral, temporal and spatial variables to be represented (Breiman, 2001; Akbari et
al., 2020).

The method is widely used in crop mapping because it accommodates mixed predictor types,
usually requires little predictor scaling and provides measures of variable importance. These
advantages do not remove the need for careful design. Hyperparameters influence tree
complexity, correlated predictors can divide or distort apparent importance, and a large
ensemble can reproduce biases in an unrepresentative training sample. Performance may also
decline when a model is applied in areas with different crop calendars, environmental
conditions or feature distributions (Orynbaikyzy et al., 2022; Mahmood et al., 2025).

Random Forest can also produce continuous class-support outputs that are often treated as
estimated probabilities. These values summarise ensemble support for each class, but their
calculation is implementation-dependent and they are not automatically calibrated
probabilities (Bostrom, 2007; Niculescu-Mizil and Caruana, 2005). A support value of 0.80
does not, by itself, show that eight out of ten comparable parcels will belong to that class.
Probability calibration and the use of such outputs in classification-level probability fusion,
where outputs from separately fitted models are combined, are considered separately in
Section 2.8.

Class imbalance creates another challenge when one class contains substantially more
reference observations than another. A model may increase the total number of correct
predictions by favouring the majority class while failing to detect the minority class. Overall
accuracy may then appear satisfactory even when the main mapping target is poorly
recognised. Responses include class weighting, over-sampling and synthetic-sample
generation (Douzas et al., 2019; Cheng et al., 2025). These approaches involve trade-offs
because resampling changes the representation of the original training distribution, while
synthetic samples are modelled approximations rather than new field observations. Any
balancing operation must therefore be restricted to the development data and must not alter
the evaluation set.

2.5.3 Parcel-controlled and geographic evaluation

Validation design determines what kind of generalisation a reported score represents. In
pixel-level evaluation, pixels from the same parcel must remain within a single split because
they share the same field label and local conditions; otherwise, within-parcel similarity can
produce an overly favourable estimate of transfer to new parcels. Parcel-controlled splitting
prevents this leakage, but it does not remove spatial dependence among neighbouring fields.
Random parcel-level evaluation can therefore remain less demanding than evaluation across
separated locations (Karasiak et al., 2022).

Spatial-block validation, leave-one-area-out designs and geographically separated holdouts
provide stronger tests of spatial transfer. Their purpose is not simply to produce a lower
score, but to examine whether relationships learned in one place remain useful where
environmental conditions, management, crop prevalence and observation quality differ. Crop-
classification studies often report reduced performance in unseen regions, showing that strong
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within-area discrimination does not guarantee geographic transferability (Orynbaikyzy et al.,
2022; Hoppe et al., 2024).

Geographic out-of-fold predictions can support development-stage comparisons when each
region is predicted by a model trained on other regions, but they remain part of model
development rather than an untouched final benchmark. A geographically separated holdout
can provide a secondary benchmark, but it should not be described as independent external
validation when it derives from the same study programme. It must not influence feature
selection, data-derived preprocessing, hyperparameter tuning, model choice or decision-
threshold selection (Ambroise and McLachlan, 2002; Varma and Simon, 2006; Cawley and
Talbot, 2010). These operations must be fitted using development data and then applied
unchanged to the holdout; repeatedly consulting the holdout while revising the workflow
gradually turns it into development data.

2.5.4 Classification metrics and interpretation

A confusion matrix compares reference classes with predicted classes. In the binary notation
used below, the Milpa mixed-cropping system is the positive class. A true positive (TP) is a
Milpa parcel correctly predicted as Milpa, while a false negative (FN) is a Milpa parcel
incorrectly predicted as maize monocrop. A true negative (TN) is a maize monocrop parcel
correctly predicted as maize monocrop, while a false positive (FP) is a maize monocrop
parcel incorrectly predicted as Milpa.

Table 2.3. Classification metrics and interpretation.

Metric Formula Interpretation

Overall accuracy (TP+TN)/(TP+TN+FP+EN) Pmpocrlt:s’; gg (?goorl;zz%auons
Precision TP/(TP+FP) Rellabllgi/e?lfg?s;tsve-Class
Recall or sensitivity TP/(TP+FN) Prog gzgfjaggiztggtlei?:étwe

e Proportion of actual negative
Specificity TN/(TN+FP) observations correctly rejected
Fl-score 2TP/(2TP+FP+EN) Har‘;‘é‘c‘i‘;xlxg"r?ﬁxe"n

. Equal-weight average of positive-

Balanced accuracy Y[ TP/(TP+FN) + TN/(TN+FP)] and negative-class recall

Sources: Congalton (1991), Foody (2002), Olofsson et al. (2014) and Farhadpour et al.
(2024).

In remote-sensing terminology, producer’s accuracy corresponds to recall for the class being
assessed, while user’s accuracy corresponds to precision. In multiclass problems, macro
averaging calculates a metric separately for each class and gives every class equal influence.
Weighted averaging gives more influence to classes with more observations. This choice can
materially change interpretation when class frequencies are unequal (Farhadpour et al., 2024).

No single metric describes every type of error. Overall accuracy may be dominated by the
more frequent class. Precision can remain high while many actual positive cases are missed,
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and recall can be high at the cost of many false positives. F1 balances precision and recall but
does not include true negatives. Balanced accuracy gives equal weight to sensitivity and
specificity, although it still compresses two error processes into one value. Cohen’s kappa is
also widely reported, but its dependence on class prevalence and chance-agreement
formulation means that it should not replace the confusion matrix and class-specific metrics
(Foody, 2002; Farhadpour et al., 2024).

Performance should therefore be interpreted using several complementary metrics together
with confusion-matrix counts, class prevalence and variation across validation folds or
geographical areas. This allows performance to be assessed across classes and validation
settings rather than relying on a favourable aggregate score within one sample. These
principles also provide the evaluation basis for the approaches considered in Section 2.6.

2.6 High-resolution optical imagery and predictor-level
integration

2.6.1 Finer spatial resolution in smallholder crop-system mapping

Sentinel-2 offers a valuable combination of spectral coverage and repeated observations, but
its 1020 m agricultural bands cannot always represent small or irregular fields in sufficient
spatial detail. Pixels near parcel boundaries may contain contributions from neighbouring
fields or other land-surface components. As field dimensions approach the pixel size, such
mixed pixels become more common and can reduce field-level spectral homogeneity and
complicate crop classification (Rao et al., 2021; Ibrahim et al., 2021).

Finer-resolution imagery can reduce some of this boundary mixing and represent field
boundaries and within-field variation more clearly. This additional spatial detail can be
particularly useful in heterogeneous smallholder landscapes, where several crops or different
levels of vegetation cover may occur within relatively small fields (Rao et al., 2021; Ibrahim
et al., 2021; Wang et al., 2022).

Greater spatial detail does not, however, guarantee better crop classification. Spatial
resolution is only one component of the information provided by an optical sensor, and some
finer-resolution commercial imagery may offer fewer spectral bands or less regular seasonal
coverage than Sentinel-2. Its usefulness therefore depends on the mapping problem and on
the balance between spatial, spectral and temporal information available from the sensor (Rao
et al., 2021).

2.6.2 SkySat imagery for agricultural monitoring

SkySat is a Planet-operated very-high-resolution optical constellation that acquires blue
(450-515 nm), green (515-595 nm), red (605-695 nm) and near-infrared (740-900 nm)
multispectral bands together with a broad panchromatic band (450-900 nm). Planet
distributes orthorectified products sampled at 0.50 m pixel spacing and provides tasking with
multiple revisit opportunities per day (Planet Labs PBC, 2026a, 2026c). This product
sampling should not, however, be interpreted as the effective spatial resolution of the
measurement. Independent characterisation of SkySat has assessed its spatial response using
full width at half maximum and modulation transfer function measurements, which provide
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information on image sharpness beyond nominal ground sampling distance (Kim et al.,
2022).

The visible and near-infrared bands permit vegetation-index calculation and can provide
detailed information on variation within agricultural fields. Ibrahim et al. (2021) used in-
season SkySat imagery to augment reference data and delineate field boundaries for field-
level assessment of Sentinel-2-based crop and intercropping-system mapping; SkySat
imagery itself was not used as a predictor in the classifier. Li et al. (2025) used SkySat
together with Sentinel-2 and PlanetScope for in-season assessment of Japanese squash and
reported stronger relationships between SkySat-derived vegetation indices and yield in that
case study. These studies show the agricultural value of fine spatial observations without
implying that SkySat will improve every crop-classification problem.

SkySat also differs from Sentinel-2 in its observation strategy and spatial coverage. Its
imagery is task-driven rather than a systematic seasonal monitoring record, and individual
scenes or imaging swaths cover relatively limited areas (Planet Labs PBC, 2026a). Accurate
geolocation and co-registration are particularly important when fine-resolution imagery is
compared across acquisitions or summarised within small parcels (Kim et al., 2022). SkySat
is therefore better understood as a source of detailed complementary spatial and spectral
information than as a direct replacement for a dense seasonal Sentinel-2 time series.

2.6.3 PlanetScope imagery for agricultural monitoring

PlanetScope provides finer product sampling than Sentinel-2 together with frequent
observations from a large satellite constellation. Current SuperDove (PSB.SD) imagery
contains eight spectral bands: coastal blue, blue, green I, green, yellow, red, red edge and
near-infrared, centred approximately at 443, 490, 531, 565, 610, 665, 705 and 865 nm,
respectively. Earlier Dove Classic (PS2) and Dove-R (PS2.SD) generations provided four-
band blue, green, red and near-infrared imagery. Orthorectified PlanetScope products are
distributed at approximately 3 m pixel spacing, but this sampling interval should not be
interpreted as the effective spatial resolution or measurement footprint. The constellation is
designed for daily or near-daily land imaging, although usable observations remain less
frequent because of cloud and image-quality constraints (Planet Labs PBC, 2026b, 2026c¢).

This combination of fine sampling and frequent acquisition can be useful in smallholder
agriculture. Rao et al. (2021) reported improved classification of the smallest farms with
Planet imagery relative to Sentinel-2, associated with reduced mixed-pixel effects at field
boundaries. PlanetScope time series have also been used to characterise seasonal crop-growth
patterns in small fields (Sakuma and Yamano, 2020), while high-resolution PlanetScope
imagery has supported field-boundary delineation at large spatial scales (Estes et al., 2022).
Sadeh et al. (2021) further demonstrated its value for crop and vegetation monitoring through
daily 3 m surface-reflectance reconstruction and wheat leaf-area-index assessment.

These benefits involve trade-offs. PlanetScope generations differ in spectral configuration,
and some configurations contain fewer spectral bands than Sentinel-2. Radiometric
differences among PlanetScope sensors and acquisitions can also require harmonisation for
consistent time-series analysis (Sadeh et al., 2021). Moreover, nominal daily acquisition
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capability does not guarantee a cloud-free, analysis-ready observation each day (Sakuma and
Yamano, 2020; Estes et al., 2022). Finer product sampling should therefore be considered
together with spectral content, temporal availability and data consistency rather than assumed
to provide consistently superior crop classification.

2.6.4 Predictor-level multi-sensor integration

Predictor-level integration combines variables derived from different sensors in a shared
feature set before fitting a single classifier (Orynbaikyzy et al., 2020). In parcel-based
applications, this requires sensor-derived variables to be aligned to the same analytical units
and reference labels. Sentinel-2 predictors may provide broad spectral and seasonal
information, while PlanetScope or SkySat variables may contribute finer-scale information
on vegetation condition and within-parcel spatial variation.

This strategy differs from integration at other analytical levels. Pixel- or image-level
integration combines or transforms image measurements before classification, whereas
classification- or decision-level integration combines outputs from separately fitted models
(Orynbaikyzy et al., 2020; Useya and Chen, 2018). Super-resolution, reviewed in Section 2.7,
is a distinct image-level strategy that reconstructs an image representation at a finer spatial
scale. Predictor-level integration instead changes the feature representation supplied to a
classifier without reconstructing the image or combining outputs from separately fitted
models.

Multi-sensor integration has improved crop classification in several studies combining optical
and radar observations, although the integration architectures differ. Orynbaikyzy et al.
(2020) directly evaluated feature stacking of Sentinel-1 and Sentinel-2 variables, while
Ibrahim et al. (2023) integrated information from the two sensors for crop classification and
Zhang et al. (2023) combined them through a learned feature-fusion architecture. Within the
literature reviewed here, direct comparative evidence for parcel-level predictor integration
specifically combining Sentinel-2 with SkySat or PlanetScope remains limited. The optical—
radar literature therefore provides methodological context rather than direct evidence that
these optical-sensor combinations will improve classification.

Improvement is not guaranteed. Feature stacking can increase dimensionality and include
correlated or redundant information, while unequal data availability among sensors can
complicate temporal correspondence (Orynbaikyzy et al., 2020). Combined representations
should therefore be compared with corresponding single-sensor baselines to determine
whether integration provides incremental classification value.

As discussed in Section 2.5.3, any data-dependent imputation, scaling, feature selection or
model tuning must remain restricted to development data and then be applied unchanged
during evaluation. Predictor-level comparisons are most interpretable when spatial support,
temporal correspondence, missing data and redundancy are controlled consistently across
sensor representations.
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2.7 Cross-sensor super-resolution

2.7.1 Concept and purpose of super-resolution

Super-resolution aims to reconstruct an image at a finer spatial scale than the original input.
In cross-sensor super-resolution, imagery from a coarser sensor is paired with observations
from a finer-resolution sensor so that a model can learn the relationship between the two
spatial representations (Latte and Lejeune, 2020). This can be useful in smallholder
landscapes, where individual Sentinel-2 pixels may be large relative to parcel dimensions and

may conceal field boundaries or variation within fields (Rao et al., 2021; Ibrahim et al.,
2021).

Super-resolution must be distinguished from conventional resampling. Resampling places
values on a finer grid without providing observations measured directly at that finer scale,
whereas learned super-resolution estimates finer-scale structure from modelled relationships.
Unlike predictor-level integration described in Section 2.6.4 and classification-level
integration reviewed in Section 2.8, super-resolution reconstructs the image representation
itself. The resulting fine-scale detail nevertheless remains estimated rather than directly
observed and may include hallucinated spatial patterns or radiometric and spatial
inconsistencies relative to the true scene (Donike et al., 2025; Aybar et al., 2026).

2.7.2 Conventional and learning-based approaches

Conventional interpolation provides a useful non-learning baseline for evaluating super-
resolution. Bicubic interpolation is commonly used as a baseline because it requires no model
training and provides a reproducible finer-grid representation; unlike learning-based super-

resolution, however, it does not estimate a mapping from training examples (Lim et al.,
2017).

Super-resolution methods can use either single or multiple low-resolution observations.
Single-image super-resolution reconstructs a finer-resolution image from one low-resolution
input, whereas multi-image super-resolution exploits repeated observations of the same area
to recover complementary information across acquisitions. Razzak et al. (2023), for example,
used multiple Sentinel-2 revisits together with PlanetScope reference imagery and showed
that multi-image reconstruction could outperform corresponding single-image approaches on
image-fidelity measures. Pansharpening represents a related but distinct form of spatial
enhancement in which a higher-resolution panchromatic image is combined with lower-
resolution multispectral imagery to produce a multispectral image with finer spatial detail
(Palsson et al., 2014).

Learning-based approaches instead estimate fine-scale spatial relationships from training
examples. Convolutional neural networks learn transformations from coarse image patches to
finer-resolution outputs, while residual architectures use skip connections to preserve
information and learn residual corrections across network layers. Enhanced Deep Residual
Networks for Single Image Super-Resolution (EDSR) improved reconstruction by removing
batch-normalisation layers from conventional residual blocks, increasing model capacity and
performing upsampling near the end of the network (Lim et al., 2017). Related CNN-based
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approaches have since been adapted specifically to multispectral Sentinel-2 imagery (Qian et
al., 2023; Vasilescu et al., 2023).

More complex generative approaches can emphasise perceptual sharpness. GAN-based
satellite super-resolution can produce visually sharper reconstructions (Moustafa and Sayed,
2021), while more recent diffusion-based work has highlighted the need to avoid hallucinated
structures and spectral distortions (Donike et al., 2025). A visually sharper reconstruction
should therefore not automatically be interpreted as a more radiometrically or spatially
faithful representation of the observed scene.

2.7.3 Cross-sensor pairing and data preparation

Reliable cross-sensor training depends on overlapping coverage, accurate geometric co-
registration, spectrally corresponding bands and closely matched acquisition dates. Cloud,
shadow and invalid pixels should be excluded from paired supervision, while differences in
spectral response and sensor-specific spatial response need to be considered. Misregistration
can cause nominally corresponding pixels to represent different ground locations and can
therefore distort reconstruction errors (Latte and Lejeune, 2020; Okabayashi et al., 2024;
Aybar et al., 2024, 2026).

Temporal matching is especially important in agriculture because vegetation conditions can
change between acquisitions. If coarse- and fine-resolution observations are collected on
different dates, part of their difference may reflect temporal change rather than spatial
resolution. A cross-sensor model may then learn temporal variation as though it represented
fine-scale spatial information (Okabayashi et al., 2024).

Synthetic training pairs are often generated by degrading a fine-resolution image to create an
artificial coarse-resolution input. This provides precise spatial correspondence, but the
simulated degradation may not reproduce the blur, noise, atmospheric effects and spectral
response of a real coarse-resolution sensor. Training with genuine Sentinel-2 and higher-
resolution observations better represents real cross-sensor differences, although such datasets
require more careful spectral harmonisation and geometric co-registration (Aybar et al., 2024,
2026).

Cross-sensor training also requires leakage-controlled data preparation. Following the parcel-
control principles described in Section 2.5.3, spatially related patches derived from the same
parcel should remain within a single data partition. Normalisation and other data-derived
preprocessing should be estimated from training or development data and then applied
unchanged to evaluation imagery.

2.7.4 Validation of reconstructed imagery

Super-resolution i1s commonly evaluated using complementary measures of reconstruction
quality. Pixel-wise errors such as mean absolute error and root mean squared error quantify
the magnitude of differences between reconstructed and reference imagery. Signed bias
retains the direction of those differences and can reveal a systematic tendency to over- or
under-estimate the reference signal. Peak signal-to-noise ratio relates reconstruction error to
the available signal range, while the structural similarity index evaluates local similarity in
luminance, contrast and spatial structure. For multispectral imagery, spectral-angle measures
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compare the orientation of spectral vectors and can reveal spectral distortion that spatial or
pixel-wise measures alone may not capture (Vasilescu et al., 2023; Major et al., 2025).

No single metric provides a complete assessment of reconstruction quality. Low numerical
error does not by itself demonstrate that local spatial structures are faithfully represented,
while strong structural similarity does not guarantee preservation of spectral relationships
important for quantitative remote sensing. Pixel- and structure-based comparisons can also be
affected by geometric misregistration. Validation is therefore stronger when radiometric or
band-wise errors are interpreted together with spectral and spatial evidence rather than as a
single quality score (Vasilescu et al., 2023; Major et al., 2025). A transparent non-learning
comparator such as bicubic interpolation is also useful for determining whether a learned
reconstruction provides improvement beyond conventional upsampling.

2.7.5 Downstream agricultural and classification value

The value of super-resolution ultimately depends on the application for which the
reconstructed imagery is used. Finer reconstructed imagery may support applications such as
field delineation, vegetation monitoring, within-parcel analysis and crop classification, but
improvement in reconstruction metrics does not necessarily translate into better downstream
performance. A model may reproduce or sharpen spatial structure while altering spectral
relationships that are important for quantitative remote sensing or class discrimination
(Vasilescu et al., 2023; Major et al., 2025; Donike et al., 2025).

Downstream evaluation should therefore compare learned super-resolution with transparent
alternatives, including the original coarse imagery and conventional interpolation, and with
native finer-resolution observations where an appropriate reference is available. Comparisons
should use consistent reference data, analytical units and evaluation procedures so that
differences in performance can be attributed as clearly as possible to the image representation
rather than to changes in the classification design. Data-dependent preprocessing and model
selection must remain restricted to development data, as discussed in Section 2.5.3.

Within the literature reviewed here, direct evidence that cross-sensor super-resolution
consistently improves classification of heterogeneous crop systems remains limited. Any
downstream improvement should therefore be interpreted as evidence that the reconstructed
representation was useful for the tested task, rather than as proof that all reconstructed details
were spatially or radiometrically faithful. Where information from different sensors is instead
retained in separate predictive models, classification-level integration provides an alternative
means of combining their outputs without reconstructing a new image. Section 2.8 reviews
this approach.

2.8 Classification-level integration and uncertainty

2.8.1 Classification-level integration

Classification-level integration combines the outputs of separately trained models after each
model has processed information from its own sensor. Here, classification-level integration
refers to decision-level fusion, in which model predictions or class-support outputs are
combined after classification (Orynbaikyzy et al., 2020; Useya and Chen, 2018). This differs
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from image-level integration, which combines or reconstructs image information before
classification, and from predictor-level integration, which combines sensor-derived variables
before fitting a single classifier. Post-classification agreement analysis is also distinct because
it can describe similarities and differences among model outputs without necessarily
combining them into a new prediction.

This approach allows sensor-specific models to retain separate processing pathways while
their outputs are compared or combined at a common prediction unit, such as a parcel. It can
therefore accommodate sensors that differ in spatial resolution, spectral content, temporal
coverage or data availability. Crop-mapping studies have applied decision-level integration to
both optical-only and optical-radar combinations. Reported benefits vary: fusion has
improved classification in some settings, but decision-level approaches have not consistently
outperformed the strongest single-sensor model or alternative fusion strategies (Useya and
Chen, 2018; Orynbaikyzy et al., 2020; Ofori-Ampofo et al., 2021; Valero et al., 2021).

2.8.2 Fusion rules and weighting

Hard voting combines final class labels, commonly by selecting the class supported by the
majority of contributing models. Soft voting instead combines continuous class-support or
probability outputs before a final class decision is made, thereby retaining information that
would be lost if each model were first reduced to a single label. Equal-weight soft voting
gives the same influence to each model, whereas weighted soft voting assigns different
contributions to their outputs (Delgado, 2022). Stacking provides a more flexible alternative
by fitting an additional model to combine predictions from the base models (Wolpert, 1992).

These approaches differ in the amount of additional estimation required at the fusion stage.
Equal weighting does not require learned fusion weights, whereas weighted schemes may
require weights to be specified or estimated and stacking introduces a second-stage model.
When such parameters are estimated from labelled data, their selection must remain within
development data to avoid information leakage, consistent with the validation principles
described in Section 2.5.3. Regardless of the fusion rule, the outputs being combined must
refer to the same target classes and prediction units.

2.8.3 Complementarity and disagreement

Classification-level fusion is most useful when the contributing models capture
complementary information and make different, informative errors. Optical and radar sensors,
for example, respond to different properties of crops and the land surface and can therefore
produce different classification strengths and error patterns (Orynbaikyzy et al., 2020; Valero
et al., 2021). Models that repeatedly make the same errors provide less opportunity for
mutual correction, while adding a consistently weak model may provide little benefit to a
stronger partner.

Disagreement should not, however, be interpreted automatically as useful complementarity.
Differences among model predictions may also reflect ambiguous classes, unequal sensor
support or changes in the domain in which the models are applied (Ofori-Ampofo et al.,
2021; Valero et al., 2021). Agreement and disagreement analysis is therefore most
informative when examined by class and prediction unit, because it can show where sensor-
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specific models provide different decisions and where they instead share the same successes
or failures.

Cohen's kappa provides a chance-adjusted summary of agreement between two sets of
categorical predictions (Cohen, 1960). It should be interpreted alongside raw agreement and
the underlying confusion patterns, because agreement alone does not show whether shared
predictions are correct or whether disagreement is useful for fusion.

2.8.4 Probability outputs and uncertainty

Class-support outputs, estimated probabilities and calibrated probabilities are not equivalent.
Random Forest outputs are commonly interpreted as class probabilities, but they should not
automatically be assumed to correspond to observed event frequencies (Bostrém, 2007,
Niculescu-Mizil and Caruana, 2005). A probabilistic classifier is calibrated when predictions
assigned a given probability occur at approximately that frequency; for example, events
assigned a probability of 0.80 should occur in approximately 80% of comparable cases.
Reliability diagrams and proper scoring rules such as the Brier score provide complementary
ways of assessing probabilistic predictions and their calibration (Dimitriadis et al., 2021). The
Brier score is the mean squared difference between a predicted probability and the
corresponding binary outcome, so lower values indicate better probabilistic accuracy (Brier,
1950).

This distinction is relevant when continuous class-support outputs are combined through soft
voting. Averaging uncalibrated outputs does not make the resulting score a calibrated
probability, so fused support values should be interpreted accordingly (Niculescu-Mizil and
Caruana, 2005; Dimitriadis et al., 2021). Predictive uncertainty can also be summarised from
the distribution of class support, for example through low maximum class support or high
predictive entropy (Ji and Tang, 2025). Such indicators describe uncertainty in model outputs
but do not by themselves establish why a prediction is uncertain.

When two classifiers are evaluated on the same parcels, uncertainty in their performance
difference should preserve that pairing rather than resample the models independently. A
paired non-parametric bootstrap repeatedly resamples the analytical units and applies the
same sampled units to each compared model, producing an empirical distribution of the
paired difference from which percentile confidence intervals can be obtained (Efron and
Tibshirani, 1986). Where class imbalance or geographic structure is important, the resampling
design can preserve relevant strata. Such intervals describe sampling uncertainty conditional
on the observed analytical units and should be interpreted cautiously when samples are small
or geographically structured.

2.8.5 Evaluation and interpretation

Classification-level integration should be evaluated against each contributing single-sensor
model using the same reference labels, prediction units and validation design. Where more
complex weighting or stacking strategies are considered, equal-weight soft voting provides a
transparent fusion comparator. Performance should be interpreted using balanced and class-
specific measures together with confusion matrices, because a small aggregate improvement
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can coincide with poorer recognition of an individual class (Foody, 2002; Farhadpour et al.,
2024).

Geographically controlled evaluation is also important when the objective is to assess
whether fusion remains useful across different areas. Sensor-specific model performance and
the relationships between classes may change geographically, so gains observed within one
domain should not automatically be assumed to transfer elsewhere (Karasiak et al., 2022;
Orynbaikyzy et al., 2022). Within the literature reviewed here, direct comparative evidence
for classification-level integration specifically combining Sentinel-2 with SkySat or
PlanetScope remains limited. Evidence from other sensor combinations therefore provides
methodological context rather than direct proof that these optical-sensor combinations will
improve classification.

These considerations provide the basis for Section 2.9, which synthesises the remaining
evidence gaps and positions the contribution of the present study.

2.9 Synthesis, research gap and positioning of the present study

2.9.1 Synthesis of the reviewed evidence

The literature reviewed in Sections 2.1-2.8 shows that mapping the Milpa mixed-cropping
system is not equivalent to identifying a single crop species. Milpa is maize-centred, but its
associated crops, management, spatial arrangement and seasonal expression vary among
places and households. It is therefore better understood as a crop-system class whose remote-
sensing expression may overlap with maize monocropping (Fonteyne et al., 2023; Ibrahim et
al., 2021). The challenge is intensified by small, irregular and internally heterogeneous
parcels. Where field dimensions approach sensor resolution, mixed pixels can contain
information from multiple crops or neighbouring land-surface components, while parcel
averages may conceal within-field variation (Ibrahim et al., 2021; Rao et al., 2021).

Sentinel-2 provides a strong basis for seasonal crop observation, but interpretation depends
on the timing and continuity of valid observations. Temporal gaps and unequal observation
density can affect confidence in seasonal trajectories, and interpolated values should not be
treated as equivalent to directly observed measurements (Defourny et al., 2019; Perich et al.,
2023). Spectral, temporal and spatial predictors can describe complementary crop properties,
but larger feature spaces also introduce redundancy and increase the importance of leakage-
controlled preprocessing and feature selection. Data-derived preparation must therefore
remain restricted to development data (Orynbaikyzy et al., 2020; Ambroise and McLachlan,
2002; Varma and Simon, 2006; Cawley and Talbot, 2010).

Classification quality consequently depends not only on algorithm choice but also on class
representation and validation design. Parcel-controlled splitting prevents observations from
the same field entering both sides of an evaluation, whereas geographically controlled
designs provide a stronger test of transfer across spatially separated areas (Karasiak et al.,
2022). Confusion matrices, class-specific measures and balanced metrics are also important
because aggregate accuracy can conceal poor recognition of a less frequent or more difficult
class (Foody, 2002).
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Finer-resolution imagery can reduce boundary mixing and represent small fields in greater
spatial detail, but finer sampling does not automatically provide more discriminative
information (Rao et al., 2021; Ibrahim et al., 2021). The value of SkySat and PlanetScope
also depends on temporal availability, valid coverage, spectral compatibility and geometric
alignment. Predictor-level integration, super-resolution and classification-level integration
address multi-sensor information at different analytical stages: the first combines variables
before model fitting, the second reconstructs a finer image representation, and the third
combines outputs from separately trained models (Orynbaikyzy et al., 2020; Latte and
Lejeune, 2020; Useya and Chen, 2018). These strategies are not interchangeable. Super-
resolved detail remains reconstructed and may not be fully spatially or radiometrically
faithful (Donike et al., 2025; Aybar et al., 2026), while disagreement and class-support
outputs should not automatically be interpreted as evidence of useful complementarity or
calibrated probability.

2.9.2 Remaining research gap

Within the literature reviewed here, direct remote-sensing evidence for treating the Milpa
mixed-cropping system as an explicit parcel-level mapping class remains limited. Existing
studies establish the diversity and agricultural importance of Milpa, while research in other
smallholder settings shows that mixed-cropping systems can be represented as distinct
remote-sensing classes. However, these studies do not establish whether heterogeneous Milpa
parcels can be distinguished consistently from maize monocropping in Oaxaca (Fonteyne et
al., 2023; Novotny et al., 2021; Ibrahim et al., 2021). This is a demanding distinction because
both classes can be maize-dominated, while companion crops and within-parcel
heterogeneity may modify the observed signal.

The reviewed evidence also leaves uncertainty about the incremental value of complementary
sensors and integration strategies for this specific problem. Finer-resolution imagery has
supported small-field mapping, but direct evidence that SkySat or PlanetScope improves
Milpa—maize monocrop discrimination beyond a seasonal Sentinel-2 baseline is lacking
within the literature reviewed here. The same applies to parcel-level predictor integration
involving these sensors. Super-resolution studies demonstrate that finer image representations
can be reconstructed, but improved reconstruction does not establish improved crop-system
classification, while most evidence for classification-level integration comes from other
optical or optical-radar sensor combinations.

The resulting gap is therefore broader than the absence of another classification model. What
remains insufficiently established is how seasonal Sentinel-2 information, finer-resolution
observations, reconstructed imagery and model-level integration contribute to the same
Milpa—maize monocrop mapping problem when evaluated under consistent parcel
definitions, leakage-controlled model development, class-specific assessment and geographic
transfer. An integrated evaluation is needed to determine not only whether these information
sources improve classification, but also where they provide limited or inconsistent additional
value.

27



2.9.3 Positioning and contribution of the present study

The present study responds to these gaps by treating the Milpa mixed-cropping system as an
explicit parcel-level class separate from maize monocropping. It establishes a Sentinel-2
baseline in which seasonal information is interpreted together with observation support and
the distinction between directly observed and temporally reconstructed values. Spectral,
temporal and spatial predictors are used to represent complementary aspects of crop
development and within-parcel variation without assuming that any single feature family
uniquely defines Milpa.

SkySat and PlanetScope are evaluated as potential complements rather than inherently
superior substitutes for Sentinel-2. The study separates predictor-level integration, cross-
sensor super-resolution and classification-level integration and compares these routes with
corresponding single-sensor or conventional baselines. This design tests their incremental
value without assuming that finer spatial sampling, additional predictors, reconstructed
imagery or fusion must improve classification.

The evaluation framework uses parcel-controlled data preparation and geographically
separated assessment to examine transfer beyond the fitting domain. The geographically
separated holdout is treated as a secondary benchmark rather than as independent or external
validation. Confusion matrices, class-specific precision and recall, balanced measures,
geographic variation, and uncertainty and disagreement diagnostics are used to interpret
aggregate performance together with class-specific failure. The contribution of the study
therefore lies in applying a common analytical and evaluative framework to determine where
complementary information sources improve, fail to improve or alter Milpa—maize monocrop
discrimination.

The subsequent chapters operationalise this framework for Oaxaca through the reference
data, sensor-specific preparation, feature construction, model development and controlled
comparisons required to evaluate the mapping problem.
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Chapter 3: Objectives

3.1 General context

The Milpa mixed-cropping system is a maize-centred agricultural system whose composition
and spatial arrangement can vary among parcels and locations. This variability complicates
remote-sensing discrimination from maize monocrop because maize may dominate both
systems, while companion crops and other within-field components occur unevenly.

Sentinel-2 provides the seasonal multispectral baseline for this study. SkySat and PlanetScope
are evaluated as complementary sources of finer-spatial information, while the analysis also
tests image-level reconstruction and post-classification integration. The central question is
whether these additional information routes improve Milpa—maize monocrop discrimination
beyond the Sentinel-2 baseline under geographically separated evaluation.

3.2 Objectives

The overall objective of this thesis is to assess whether complementary information from
SkySat and PlanetScope improves parcel-level discrimination between the Milpa mixed-
cropping system and maize monocrop beyond a seasonal Sentinel-2 baseline in Oaxaca. A
secondary three-class formulation is retained to examine the additional separation of Milpa,
landrace maize and hybrid maize.

The specific objectives are:

1. To develop and evaluate a Sentinel-2 parcel-level baseline for Milpa versus maize
monocrop, with a secondary three-class assessment of Milpa, landrace maize and hybrid
maize.

2. To determine whether finer-spatial information from SkySat and PlanetScope provides
additional classification value beyond Sentinel-2, using both native-sensor predictors and
predictor-level integration with Sentinel-2.

3. To assess SkySat-guided Sentinel-2 super-resolution relative to bicubic interpolation and
determine whether reconstruction improvements translate into better downstream Milpa—
maize classification.

4. To determine whether classification-level integration of independently fitted Sentinel-2,
SkySat and PlanetScope models improves discrimination relative to the individual sensor
models.

All objectives are assessed using geographically controlled development analyses and a
separated secondary benchmark, with class-specific Milpa performance considered alongside
aggregate measures.
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Chapter 4: Methodology

This chapter describes the data and analytical workflow used to map the Milpa mixed-
cropping system and maize monocrop across the four study areas in Oaxaca. It first
introduces the geographical and topographic setting of the study and describes the field-
reference parcels, target-class definitions and sensor-specific parcel preparation. The
Sentinel-2 workflow is then presented, including image harmonisation, cloud and invalid-
pixel masking, temporal interpolation, observation-support assessment, feature construction
and development of the primary classification baseline.

The later sections describe the complementary use of imagery with finer spatial sampling.
SkySat was evaluated both as a source of direct parcel-level predictors and as a reference for
experimental Sentinel-2 super-resolution, while PlanetScope provided an additional set of
spectral and spatial parcel predictors. The chapter then distinguishes predictor-level, image-
level and classification-level integration and describes the geographically separated
development and secondary benchmark framework used across the comparative analyses.
Particular attention is given to maintaining consistent parcel identities, preventing
information leakage and distinguishing primary, sensitivity, diagnostic and corroborative
analyses.

4.1 Study area
4.1.1 Geographical setting and AOI organisation

The study was conducted in four agricultural areas of interest (AOIs) in the state of Oaxaca,
Mexico: Monte Verde (AOI1), Nochixtlan (AOI2), Tlaxiaco (AOI3), and Valles Centrales
(AOI4). These AOIs formed the spatial framework for organising the field reference parcels
and the satellite datasets used in the study.

All spatial data were processed in WGS 84 / UTM Zone 14N (EPSG:32614), providing a
common metric coordinate system for raster—vector alignment, parcel-based spatial
operations, and area calculations. Figure 4.1 shows the location of Oaxaca within Mexico, the
distribution of the four AOIs within the state, and the reference parcels available in each
study area.
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Figure 4.1. Study-area context and reference-parcel setting. (A) Oaxaca within Mexico; (B) the four AOIs
within Oaxaca; and (C) an illustrative parcel context showing the field polygons used for satellite extraction.

4.1.2 Topographic setting of the reference-parcel footprints

Topographic conditions across the field reference dataset were characterised using the NASA
Shuttle Radar Topography Mission Global 1 arc-second digital elevation model (SRTMGL1
DEM; NASA JPL, 2013). The DEM was reprojected from geographic coordinates to WGS 84
/ UTM Zone 14N (EPSG:32614) and resampled to a 30 m grid using bilinear interpolation,
which is suitable for continuous elevation data. Slope was calculated in degrees from the
horizontal gradients of the projected elevation surface. Before topographic extraction, the
parcel datasets were checked against the expected AOI-specific parcel counts and combined
footprint areas. For each area of interest (AOI), elevation and slope values were extracted
from DEM cells whose centres fell within the combined footprint of the original reference-
parcel polygons. Minimum, maximum and mean elevation, together with mean slope, were
then calculated for each AOI. Table 4.1 therefore describes the terrain represented by the
sampled agricultural parcels rather than the complete geographic extent of each AOI. These
variables were used solely to characterise the study setting and were not included as
predictors in any classification model.

Table 4.1. Topographic characteristics of the original reference-parcel footprints in the four AOlIs, derived from
the 30 m SRTMGL1 DEM.

AOI Area name Elevation min—max (m) Mean elevation (m) Mean slope (°)

AOIl Monte Verde 2144-2480 2286 12.08
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AOI Area name Elevation min—max (m) Mean elevation (m) Mean slope (°)

AOI2 Nochixtlan 2045-2310 2090 2.93
AOI3 Tlaxiaco 1977-2318 2148 4.58
AOI4 Valles Centrales 1497-1555 1521 3.23

4.2 Field-reference data and parcel preparation

This section describes the field-reference dataset and the parcel preparation steps used to
establish a consistent reference population for the satellite analyses. It first presents the
original crop labels and target-class formulations, followed by the geometry checks and
sensor-specific inward buffers applied before data extraction.

4.2.1 In-situ reference dataset and target-class formulation

The reference dataset was provided by the supervisory team and was reported to originate
from a field survey conducted in 2024. It comprised 457 georeferenced agricultural parcel
polygons distributed across Monte Verde (AOI1), Nochixtlan (AOI2), Tlaxiaco (AOI3), and
Valles Centrales (AOI4). The available reference documentation did not specify the collecting
organisation, survey protocol or parcel-boundary delineation procedure. Crop labels used in
the analysis were derived from the source attribute Crop cl 12. The source values were
harmonised for analysis, and their AOI-wise composition after grouping into the three target
crop categories and non-target crops is presented in Table 4.2.

Of the 457 parcels, 328 belonged to the target categories: 118 Milpa, 164 landrace maize, and
46 hybrid maize parcels. The remaining 129 non-target parcels were excluded from the
Milpa—maize classification targets. Two target formulations were used according to the
analysis. The three-class formulation retained Milpa, landrace maize, and hybrid maize as
separate labels. For the binary formulation, landrace and hybrid maize were combined before
model fitting because the analytical question concerned cropping-system type rather than
maize-subtype identification. This retained the original maize-type distinction where relevant
while providing the Milpa mixed-cropping system versus maize monocrop comparison
required by the principal research objective.

Table 4.2. Composition of the original 2024 field-reference dataset before parcel preparation and satellite-data
screening

AOI Study area Total parcels Milpa Landrace maize | Hybrid maize NO:;(t):det
AOIl1 Monte Verde 115 50 59 0 6
AOI2 Nochixtlan 146 8 42 27 69
AOI3 Tlaxiaco 47 9 29 3 6
AOI4 Valles Centrales 149 51 34 16 48
Total 457 118 164 46 129
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4.2.2 Parcel geometry quality control and inward buffering

The original parcel polygons were checked for missing, empty, and invalid geometries, and
the AOI-specific parcel counts were verified. All 457 parcels passed these checks. Original
parcel identifiers, AOI assignments, and crop labels were retained to maintain the link
between the field records and all derived geometries.

Inward buffering was used to reduce the influence of neighbouring fields, paths, and other
land-cover types along parcel boundaries. For Sentinel-2, a 10 m inward buffer, equivalent to
one pixel on the analysis grid, was applied to the original polygons. Parcels that did not retain
valid interior geometry were removed, leaving 270 buffered parcels. Of these, 226 satisfied
the Sentinel-2 eligibility criteria described in Section 4.3.3. Restricting this set to the three
target crop categories produced the final 149-parcel cohort.

The same 149 parcel identifiers were linked back to their original polygons before the sensor-
specific geometries were prepared. A 1 m inward buffer was used for SkySat predictor
extraction and the super-resolution workflow, while a 3 m inward buffer was applied for the
PlanetScope workflow. All buffers were generated from the original polygons rather than
from the 10 m buffered layer, thereby avoiding cumulative reduction of parcel area.

Figure 4.2 summarises the successive screening stages and shows how the common parcel
identifiers were linked to the sensor-specific buffered geometries.

2024 field -reference 10m Sentinel-2
datasst s inward buffer
457 original parcels p: [ 270 valid interiors

Obseved §2 Target-class Final analytical
support rule restriction cohort
226 eligible 149 parcels 149 parcels

‘Same 149 parcel identities
linked back to
original polygons

-~ ~ pr ~, -~ ~

Sentinel 2 PlanetScope SkySatand SR
10 m buffered geometry

original polygon — original polygon —
3 m inward buffer 1 minward buffer

Figure 4.2. Reference-parcel preparation, screening and sensor-specific geometry lineage. The 457 original
parcels were checked, buffered and screened to obtain the 149 target-class parcels, after which the common
identifiers were linked back to the original polygons for the Sentinel-2, PlanetScope, SkySat and super-
resolution geometries.

4.3 Sentinel-2 data preparation

Sentinel-2 Level-2A imagery was prepared to generate spatially and temporally consistent
inputs for analysis across the four AOIs. The preparation included tile-wise organisation,
spatial harmonisation, cloud and invalid-pixel masking, temporal resampling and gap filling,
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AOI clipping, and parcel eligibility screening. Two complementary products were retained:
observed cloud-masked images for data-support assessment and texture analysis, and regular
10-day gap-filled stacks for spectral-temporal feature extraction.

4.3.1 Time-series composition, spatial harmonisation and cloud masking
Sentinel-2 Level-2A images acquired throughout 2024 were used to capture seasonal
variation in crop development. The Level-2A products provided surface reflectance generated
through atmospheric correction with the Sen2Cor processor (Copernicus Sentinel-2, 2021).
The images were organised by acquisition date for tiles T14QPE, covering AOI1, AOI2 and
AOI3, and T14QQD, covering AOI4.

The preprocessing inventory retained eleven selected Sentinel-2 bands. B02, B03, B04 and
BO08 were available at 10 m, whereas B05, B06, B0O7, B8A, B11 and B12, together with the
available 20 m representation of the natively 60 m BO1 band, were resampled to the common
10 m analysis grid using bilinear interpolation. Binary mask layers were resampled using
nearest-neighbour interpolation to preserve their categorical codes. BO1 was retained in the
prepared products and subsequent temporal harmonisation for preprocessing quality control
but was excluded before feature construction. Parcel- and pixel-level modelling therefore
used ten bands: B02, B03, B04, B05, B06, B07, B0, BSA, B11 and B12. The native spatial
resolutions of the Sentinel-2 spectral bands are documented by the European Space Agency
(2015).

Cloud and cloud-shadow contamination was identified using FMask-derived validity masks
supplied through the Sen4Stat processing chain (Bontemps et al., 2024). Sen4Stat is an ESA-
funded processing system developed to support the use of Earth-observation information in
agricultural statistics (Bontemps et al., 2024). In the supplied FMask classification, cloud-
shadow and cloud pixels corresponded to classes 2 and 4, respectively; these classes were
flagged as invalid in the corresponding binary masks used in the analysis. Before masking,
each binary mask was checked against its corresponding reflectance image for coordinate
reference system, raster dimensions and spatial transform. The masks were aligned to the
common 10 m grid using nearest-neighbour resampling. Pixels flagged as invalid were
assigned as no-data, while unflagged pixels retained their reflectance values. The resulting
cloud-masked images were organised by acquisition date, and the operational temporal stack
used for gap filling contained 69 common input dates between 3 January and 23 December
2024. These observed products were retained for support assessment and texture calculation
and provided the valid-pixel information used during temporal gap filling.
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Figure 4.3 illustrates the relationship between the source imagery, the categorical quality
mask and the observed cloud-masked product retained for support assessment and subsequent
temporal processing.

Figure 4.3. Sentinel-2 cloud and invalid-pixel masking. (A) Source Sentinel-2 image before masking; (B)
categorical mask distinguishing retained and masked pixels; and (C) the observed cloud-masked product
retained for support assessment, texture calculation and gap filling.

4.3.2 Temporal resampling and gap filling
After cloud masking, valid Sentinel-2 observations were unevenly distributed through time
and differed among pixels. A regular temporal sequence was therefore required to compare
seasonal reflectance patterns across parcels and AOIs. The 69 common input dates were
resampled to a 10-day sequence containing 36 dates.

Temporal gap filling was performed for each band and pixel using linear interpolation
implemented with Orfeo ToolBox. Where valid observations were available, they were
retained; otherwise, values at target dates bound by valid observations were estimated from
the nearest valid observations before and after the target date. Linear interpolation was used
as a simple and reproducible method for representing gradual changes in surface reflectance
between observed dates.
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The contribution of original cloud-free observations was recorded for each AOI and output
date to distinguish well-supported periods from those relying more heavily on interpolation.
The resulting 36-date stacks were used for spectral and temporal feature extraction. The
original cloud-masked observations were retained separately for data-support assessment and
texture analysis.

4.3.3 AOI-specific products and parcel eligibility

Following temporal preprocessing, the observed cloud-masked images and the 36-date gap-
filled stacks were clipped to the four areas of interest. Parcel eligibility was then assessed
using the 10 m inward-buffered geometries described in Section 4.2.2. A parcel-date was
considered supported when at least one pixel whose centre fell within the 10 m inward-
buffered parcel contained jointly valid B04 and BO8 values. A parcel was classified as
Sentinel-2 eligible when this condition was met on at least one observed date. Of the 270
parcels that retained valid buffered geometries, 226 met this minimum support requirement.
Restricting the eligible parcels to Milpa, landrace maize and hybrid maize produced the final
149-parcel Sentinel-2 cohort used for subsequent feature engineering and classification. This
eligibility criterion established only whether a parcel had any usable observed support; it did
not describe the amount, continuity or temporal distribution of that support, which were
evaluated separately.

4.3.4 Observed-data support and interpolation quality assessment

Annual observation support was assessed for the buffered parcels using the number and
proportion of supported Sentinel-2 acquisition dates, the longest consecutive sequence of
unsupported dates, and the number of jointly valid parcel-interior B04-B08 pixels. Pixel
support was summarised as the total accumulated across the observed acquisitions and as the
maximum and mean support per acquisition date. Both coverage and continuity were
considered because a parcel could have valid observations on several dates while still
containing a long uninterrupted period without usable data. These support measures were
summarised using the study-specific operational classes shown in Table 4.3.

Table 4.3. Study-specific operational classes used to summarise annual Sentinel-2 observation support.

Support class Supported acquisition dates MaXimuﬁgg::;:;ﬂvgalﬁ:upported
Strong >60% <4
Moderate >30% <8
Weak Did not meet the moderate criteria —

A parcel was classified as strong only when both strong-support conditions were met. Parcels
that did not meet these conditions were classified as moderate when both moderate-support
conditions were satisfied; all remaining parcels were classified as weak. These classes were
study-specific quality-assurance strata used for reporting, interpretation and sensitivity
analysis. They were not universal reliability standards and did not determine primary parcel
eligibility.
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Interpolation quality was assessed according to the calendar-day interval between the valid
observations surrounding a missing value. These intervals were grouped relative to the
regular 10-day temporal grid, as shown in Table 4.4.

Table 4.4. Operational interpolation-gap categories defined relative to the 10-day temporal grid.

Gap category Interval between bracketing valid observations Approximate temporal-grid span
Short <20 days Up to 2 intervals
Medium 21-40 days 3—4 intervals

Long 41-60 days 5-6 intervals

Very long >60 days More than 6 intervals

Interpolation reliability was tested through leave-one-valid-observation-out validation of the
Normalised Difference Vegetation Index (NDVI). Each interior valid observation was
temporarily withheld and reconstructed from the immediately preceding and following valid
observations. The first and last valid observations were not withheld because they were not
bounded on both sides, and extrapolation beyond the available observations was not
permitted.

Saved gap-filled NDVI values were also checked against observed values at matching dates
and, separately, against off-grid observations within £5 days, with exact matches excluded.
The latter comparison was treated as supporting context rather than same-day validation
because its differences could combine interpolation discrepancy with genuine phenological
change. August—October was examined independently because persistent gaps during this
important crop-development period required closer assessment. The seasonal checks included
B02, B03, B04, B05, B06, BO8 and B11, together with NDVI, the BO8-B05 normalised
difference red-edge index, the Plant Senescence Reflectance Index (PSRI), and the BO§—B11
Normalised Difference Moisture Index (NDMI).

Finally, the records were screened for residual dark-shadow or cloud-like behaviour,
physically implausible index values, and isolated temporal spikes or drops. Retention of
parcels was compared across the original, buffered and Sentinel-2-usable cohorts by AOI,
crop group and original parcel-size class. These diagnostics were used to assess how strongly
each parcel time series was supported by original observations, whether successive screening
stages altered the composition of the reference cohort, and whether the main classification
conclusions remained consistent within a stricter, better-supported subset. They were not
included as classification predictors because they described data availability and reliability
rather than crop characteristics, and could therefore introduce acquisition- or AOI-related
bias. They did not trigger automatic parcel removal beyond the primary eligibility rule.

4.4 Sentinel-2 feature engineering and classification

The prepared Sentinel-2 data were converted into spectral, temporal and spatial predictors for
crop-system classification. The primary analysis used one feature record per reference parcel,
consistent with the field-level reference labels. A separate pixel-level workflow examined an
alternative spatial representation. In both workflows, development and evaluation domains
were separated geographically to prevent information leakage.
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4.4.1 Parcel-level feature construction

The feature design represented two complementary properties of the crop systems: seasonal
spectral behaviour and spatial variation within fields. Features were constructed for the final
149 parcels using ten modelling bands, B02, B03, B04, B05, B06, B0O7, B08, BSA, B11 and
B12, across the 36 regular Sentinel-2 dates.

For the main temporal branches, valid pixels were first averaged within each 10 m buffered
parcel to produce one reflectance trajectory for each band. NDVI, EVI2, NDRE, CI red edge,
NDMI and PSRI were then calculated from these parcel-mean trajectories. This calculation
order produced one consistent spectral and index record for each field. Finite-value and near-
zero-denominator safeguards were applied during index calculation. The definitions, band
inputs and formulae for the six indices are provided in Appendix Table A.1.

Before phenological and stability metrics were calculated, the parcel-level index trajectories
were smoothed using a centred three-date rolling median. This reduced the influence of
isolated fluctuations between consecutive dates while retaining the broader seasonal
trajectory. Phenological metrics were calculated from NDVI, EVI2, NDRE, NDMI and PSRI,
whereas stability metrics were calculated from NDVI, EVI2, NDRE and NDMI.

The spatial branches followed a different calculation order because averaging the pixels first
would remove the variation that these branches were intended to measure. Within-parcel
heterogeneity variables and the indices used for texture calculation were therefore derived at
pixel level before being summarised within each parcel.

Six temporal windows represented different parts of the annual crop cycle. January to March
described the early season context, June to August represented development before the
seasonal peak, September to October covered peak and late season conditions, October to
November described the transition towards senescence, November to December represented
the end of the growing season, and the complete annual sequence described overall seasonal
behaviour.

Raw band summaries used the median, mean, standard deviation, interquartile range,
coefficient of variation, P10, P90 and the difference between P90 and P10. Index summaries
used the median, standard deviation, interquartile range, P10, P90 and the difference between
P90 and P10.

Within-parcel heterogeneity was calculated spatially across valid pixels within each 10 m
buffered parcel at each date using P10, P25, P50, P75, P90, interquartile range, standard
deviation, standard deviation divided by the absolute mean, and the difference between P90
and P10. The resulting date-specific statistics were then aggregated using the median across
dates within each temporal window. Observed-image texture was calculated from pixel-level
B07, BSA, B11, NDRE and NDMI using the available cloud-masked observations. Local
standard deviation was computed on the observed raster using full 3 X 3 and 5 x 5
neighbourhoods; parcel summaries were then calculated from neighbourhood centres falling
within the 10 m buffered parcel. For the September—October and October—November
windows, the parcel-level texture measures were the mean local standard deviation for the 3
x 3 and 5 % 5 neighbourhoods and the 90th percentile of local standard deviation for the 5 x 5
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neighbourhood. These date-specific values were aggregated using the median across the
available observed dates within each temporal window.

Figure 4.4 illustrates the centred rolling-median smoothing applied to an index trajectory and
the neighbourhood-based construction of observed-image texture within a parcel.
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Figure 4.4. Sentinel-2 feature-construction examples. (A) NDVI trajectory before centred three-date rolling-
median smoothing; (B) a comparison of the original NDVI trajectory and the centred three-date rolling median;
(C) an observed B8A parcel patch; (D) the 5 x 5 neighbourhood used for local texture calculation; and (E) the
local-standard-deviation surface derived from the neighbourhood analysis.
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Table 4.5. Sentinel-2 parcel-level feature families and their representation in the final 25-predictor panel.

Feature Construction Temporal basis Candidate Final 25
branch S
Raw-band Ten parcel-mean band trajectories summarised Six temporal
. . . . 480 8
statistics using eight statistics windows
Index statistics Six indices calcule}ted frqm pgrcel mean bands Six 'temporal 216 8
and summarised using six statistics windows
Phenology and | Five indices with eight phenology metrics and Complete 36-date
o S . o . 60 6
stability four indices with five stability metrics sequence
Within-parcel E1ght plx.el-levefl Yarlables summarised using Three temporal
. nine spatial statistics, followed by the median . 216 2
heterogeneity windows
across dates
B07, BSA, B11, NDRE and NDMI represented
by mean local standard deviation in 3 x 3 and 5 x Two temporal
Observed- 5 neighbourhoods and P90 local standard windows 30 1
image texture deviation in a 5 x 5 neighbourhood, followed by | September—October;
median aggregation across available observed October—November
dates

The raw-band, index, phenology and stability, and heterogeneity branches used the relevant
gap-filled products so that the same temporal positions were available for all parcels. Texture
was calculated from the observed cloud-masked imagery. This prevented spatial variation
created by temporal interpolation from being interpreted as observed field structure.

The five branches produced a pool of 1,002 candidate features. Missing values in the
observed texture branch were replaced using medians estimated only from the AOI3 and
AOI4 development parcels. The same development-derived medians were then applied to the
evaluation parcels. The merged matrix was checked for remaining missing or infinite values,
duplicate feature names and duplicate-valued columns. The resulting matrix contained one
complete feature record for each of the 149 parcels and was passed to development-only
dimensionality and redundancy control.

4.4.2 Development-only feature control and final predictor panel

The 1,002 candidate predictors were too numerous relative to the 71 parcels available for
model development, and many represented closely related spectral or temporal properties.
Feature control was therefore performed entirely within AOI3 and AOI4. The 78 parcels from
AOI1 and AOI2 remained outside this process as the separated secondary benchmark; they
were not used for imputation, feature scoring, redundancy control, panel comparison or final
predictor selection.

Redundancy was first assessed within each feature family using an absolute Spearman
correlation threshold of 0.90, retaining representatives from highly correlated groups. The
retained predictors were then compared across feature families using a threshold of 0.95.
These stages reduced the feature pool from 1,002 predictors to 558 within-family
representatives and then to 442 cross-family representatives.

The remaining predictors were scored using complementary development-only evidence: eta-
squared (n?), an effect-size measure expressing the proportion of total feature variance
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associated with class grouping, for the three-class and binary targets; a robust Milpa—maize
effect measure; repeated Random Forest importance; and Top 50 selection frequency. The
robust effect measure was the absolute difference between the Milpa and maize monocrop
medians divided by the interquartile range of the features across the development parcels.
Repeated importance was estimated from 300-tree Random Forests using three stratified
folds and eight repeats, giving 24 fitted forests.

Candidate panel sizes were then assessed entirely within the development data using repeated
stratified three-fold cross-validation with 20 repeats, giving 60 folds. Feature selection was
repeated within each training fold before the selected panel was evaluated on the
corresponding validation fold. Panels of 15, 20, 25 and 30 predictors were used for the
principal panel-size comparison, with 40 predictors retained as an additional diagnostic. A
panel was considered within tolerance when its development performance was no more than
0.03 below the best macro-F1 and no more than 0.05 below the best Milpa recall and Milpa
F1. The smallest panel meeting these criteria contained 15 predictors.

This result showed that a compact predictor set was sufficient but did not automatically
determine the final panel. Repeated-fold selection frequency was subsequently used as the
main stability criterion, with full-development feature scores and representation across the
five feature branches used as supporting controls. Predictors with zero selection frequency
were excluded. The resulting candidates were checked for residual redundancy and branch
representation, producing a ranked 40-feature representative list. Ranks 1-25 were retained
for the primary models and ranks 2640 as reserve features. This was a development-only
stability and diversity adjudication rather than an automatic optimum from the panel-size
comparison, and no AOI1 or AOI2 performance was used. The final 25 predictors and reserve
ranks 2640 are reported in Appendix Table A.2.

4.4.3 Parcel-level classification and sensitivity analyses

The primary classification was conducted at parcel level, with one predictor vector and one
class label for each parcel. The primary classifier was a Random Forest using the Gini
criterion, unrestricted tree depth and bootstrap sampling. The model used 800 trees,
considered the square root of the available predictors at each split, used a minimum split size
of two and required at least two parcels in each terminal leaf. Balanced class weights were
used, and the random state was fixed at 42. The number of trees represented the size of the
Random Forest ensemble rather than the number of training parcels. A development-only
sensitivity check across 100-1,000 trees, with all other settings fixed, showed only small
performance differences once several hundred trees were used; the 800-tree configuration
was therefore retained. Models were fitted for two target formulations: a three-class
formulation distinguishing Milpa, landrace maize and hybrid maize, and a binary formulation
contrasting Milpa with maize monocrop.

Development assessment was conducted only within AOI3 and AOI4 using repeated stratified
three-fold cross-validation with 20 repeats. After the predictor panel and model configuration
had been fixed, a final model for each target formulation was fitted using all 71 development
parcels and evaluated once on the 78 parcels from AOI1 and AOI2. No predictor, model
parameter or class definition was changed after the secondary-benchmark predictions were
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obtained. Performance was assessed using accuracy, balanced accuracy, macro-F1, weighted
F1, class-specific precision, recall and F1, and confusion matrices, allowing performance for
the less frequent classes to be examined separately from overall accuracy.

A better-supported subset was analysed to assess sensitivity to weaker observation support.
The subset contained 132 parcels, comprising all 71 development parcels and 61 benchmark
parcels. It retained parcels with strong or moderate annual observation support and excluded
parcels classified as unreliable for the August—October period, unsuitable for fine
phenological interpretation, or affected by a hard residual artefact flag. The same 25-predictor
panel and Random Forest configuration were retained so that the analysis differed only in
observational support. Quality-control variables were used only to define the subset and were
not included as model predictors.

Support Vector Machine models were evaluated as a diagnostic comparison with the Random
Forest. Predictors were standardised before fitting a Support Vector Classifier with balanced
class weights. Linear and radial basis function kernels were examined. For both kernels, C
was tested at 0.1, 1 and 10, while for the radial basis function kernel, gamma was tested as
scale, 0.01 and 0.1. Parameter selection used three-fold cross-validation within the
development data, with macro-F1 as the selection criterion. The selected three-class model
used a linear kernel with C = 0.1, while the selected binary model used a radial basis function
kernel with C =1 and gamma = scale.

4.4.4 Pixel-level diagnostic

A pixel-level workflow was implemented as a secondary diagnostic to examine an alternative
spatial representation while retaining the same geographic separation as the primary parcel-
level analysis. Sentinel-2 pixels whose centres fell inside the buffered parcel geometries were
extracted, producing 3,367 pixels from the 149 parcels. The parcel-level geographic split was
applied before feature preparation: AOI3 and AOI4 provided 1,465 development pixels, while
AOIl and AOI2 provided 1,902 benchmark pixels. Pixels from the same parcel therefore
could not occur in both domains.

Because larger parcels contained more pixels, a maximum of 20 pixels was sampled from
each development parcel using the fixed random seed 20260702. This produced 811 training
pixels. Benchmark pixels were retained without capping or resampling. The initial pixel
representation contained 1,764 predictors, calculated as 18 x [(6 x 16) + 2]. The 18 band and
index variables were summarised using 16 statistics across six temporal windows together
with two seasonal contrasts. The complete variable, statistic and contrast definitions are
provided in Appendix Table A.3.

Feature filtering and imputation were based only on the development data. A total of 216
predictors that were entirely missing or constant in the development matrix were removed,
leaving 1,548 predictors. Missing values in both the development and benchmark matrices
were then replaced using medians estimated from the development data. The final matrices
contained 811 x 1,548 development records and 1,902 x 1,548 benchmark records.

Pixel classification used a Random Forest with the Gini criterion, unrestricted tree depth,
bootstrap sampling and a minimum split size of two. The model used 500 trees, considered
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the square root of the predictors at each split, required at least two pixels in each terminal leaf
and used balanced-subsample class weights. The random state was fixed at 20260702. Both
three-class and binary diagnostics were performed. Predictions were assessed first at pixel
level and then aggregated to parcel level by averaging the predicted class probabilities across
all pixels belonging to each parcel and assigning the class with the highest mean probability.

4.5 SkySat preprocessing and predictor-level classification

Section 4.4 established the Sentinel-2 baseline for the final 149 parcels. SkySat was then used
to represent the same fields at finer spatial sampling, allowing the predictor sets to be
compared while keeping the reference parcels and geographic evaluation framework
unchanged.

4.5.1 Scene preparation, masking and mosaic construction

The SkySat archive comprised 33 analytic surface-reflectance scenes and their corresponding
UDM2 quality products. Each analytic scene was paired with its quality product and checked
for spatial agreement. Pixels were retained when the UDM2 clear layer equalled 1 and the
cloud, shadow, light-haze, heavy-haze and snow layers equalled 0. Cleaned scenes were
combined only when they represented the same AOI, acquisition date and location, producing
14 AOI/date/location mosaics.

The temporal distribution of the 14 mosaics is summarised in Table 4.6. SkySat coverage was
concentrated between 10 and 25 October 2024 and differed among the four AOIs. Multiple
mosaics could occur for the same AOI and date where separate locations were represented;
mosaics were not combined across AOIs.

Table 4.6. Temporal distribution of the SkySat mosaics used in the analysis.

AOI Number of mosaics Acquisition dates in 2024
AOIl 2 16 and 25 October
AOI2 5 10, 13 and 16 October
AOI3 4 15, 16 and 23 October
AOI4 3 12, 15 and 16 October
Total 14 10-25 October 2024

The four AOI-specific crop masks available in the processing archive were aligned to the
corresponding SkySat grids using nearest-neighbour resampling. The aligned masks were
intersected with valid SkySat image support to produce 14 crop-only mosaics. The exact
producer and derivation procedure of these crop masks could not be established from the
verified processing archive. They were therefore used only to restrict extraction to mapped
crop support and were not treated as an independent source of reference labels.

The spectral products retained Blue, Green, Red and NIR bands. NDVI was calculated from
valid Red and NIR observations where both values were finite and the denominator was non-
zero. The crop-only spectral mosaics and corresponding NDVI products formed the SkySat
inputs for parcel-level extraction.
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Figure 4.5 shows how the aligned crop-support mask and valid-pixel screening produced the
crop-only RGB and NDVI inputs used for parcel extraction.

o 50m I Crop-mask support

| —— [] Outside crop mask

Figure 4.5. SkySat preprocessing and parcel-level predictor inputs. (A) Cleaned SkySat RGB mosaic; (B)
aligned crop-support mask; (C) crop-only RGB product; and (D) crop-only NDVI product used for parcel
summarisation.

4.5.2 Original-geometry parcel extraction and predictor construction

The SkySat workflow retained the same 149 parcel identities used for Sentinel-2, but parcel
extraction was based on the original field geometries rather than the 10 m Sentinel-2 buffers.
The Sentinel-2 geometry layer was used only to link each parcel identifier back to its original
polygon. Candidate polygons were restricted to the same AOI, and the polygon with the
greatest intersection relative to the linkage geometry was retained when the overlap ratio was
at least 0.95. A one-to-one match was enforced so that each parcel identifier was linked to
only one original polygon.

A 1 m inward buffer was applied directly to each matched original polygon, and all 149
buffered parcels remained non-empty. Pixels were retained when their centres fell within the
buffered polygon and the aligned crop mask indicated valid crop support. A parcel-product
record required at least one pixel with finite values in all four spectral bands, with at least one
of the four values differing from zero. NDVI observations were additionally required to be
finite and within the range -1 to 1.

For each valid parcel-product combination, the mean and median were calculated for Blue,
Green, Red, NIR and NDVI, giving ten variables and 316 parcel-scene records. Where a
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parcel intersected more than one location product from the same acquisition date, the
corresponding predictor values were averaged within the parcel-date group. Consolidating 71
such duplicate groups produced 245 unique parcel-date records.

The ten variables were then averaged across the distinct valid dates available for each parcel,
with each date contributing equally. All 149 parcels retained valid SkySat support, and no
imputation was required. The resulting ten SkySat predictors were used alone and together
with the 25 Sentinel-2 predictors defined in Section 4.4.2, giving Sentinel-2-only, SkySat-
only and 35-predictor combined representations.

4.5.3 SkySat and Sentinel-2—SkySat predictor-level classification design

The predictor-level comparison addressed the binary distinction between Milpa and maize
monocrop using three representations: the 25 Sentinel-2 predictors, the ten SkySat predictors,
and the combined set of 35 predictors. The same 149 parcels, target definition, classifier
specification and spatial evaluation design were used for all three representations so that the
comparison differed only in predictor information.

Each representation was evaluated using the same Random Forest specification with 1,000
trees, the Gini criterion, unrestricted tree depth, bootstrap sampling, square-root feature
sampling, a minimum split size of two, a minimum terminal-leaf size of two, balanced-
subsample class weights and a random state of 42. The Sentinel-2-only model used in this
comparison was therefore fitted under the same 1,000-tree specification as the SkySat and
combined models and was distinct from the primary 800-tree Sentinel-2 model described in
Section 4.4.3.

Geographic transfer within the development domain was assessed through two directional
folds: AOI3-to-AOI4 and AOI4-to-AOI3. Together, these produced out-of-fold predictions
for all 71 development parcels, with each AOI used once for model fitting and once for
geographic validation.

After the predictor definitions and classifier specification had been fixed, each representation
was fitted using all 71 development parcels and evaluated once on the 78 parcels from AOI1
and AOI2. This assessment was treated as a secondary, non-confirmatory benchmark because
these AOIs had been examined earlier in the thesis. They remained outside model
development, so benchmark outcomes were not used to revise the predictor definitions or
classifier settings. Evaluation followed the measures defined in Section 4.4.3.

4.6 SkySat-guided Sentinel-2 super-resolution

Section 4.5 used the prepared SkySat observations as direct parcel-level predictors. In a
separate experiment, the same observations were used as finer-spatial-sampling targets to
reconstruct four observed Sentinel-2 bands from the 10 m grid to an experimental 5 m grid,
defining a controlled 2x super-resolution task.

4.6.1 Cross-sensor pairing and paired-patch construction

Pairing was restricted to observed, cloud-masked Sentinel-2 B02, B03, B0O4 and BOS and the
corresponding SkySat Blue, Green, Red and NIR bands. For each AOI, a predefined observed
Sentinel-2—-SkySat pair was attempted first; where this did not produce an acceptable patch,
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another observed Sentinel-2 acquisition within +5 days of the SkySat observation was
considered. Gap-filled Sentinel-2 imagery was excluded. Sentinel-2 was retained as the
reference grid, and AOI-specific alignment corrections were applied only to the SkySat target
during paired extraction. The x/y corrections were 0/0 m for AOIl, 0/+10 m for AOI2,
+10/+10 m for AOI3 and 0/+10 m for AOI4. On the 5 m target grid, these ground translations
corresponded to twice as many pixels.

The same 149 parcel identities used in Sections 4.4 and 4.5 were linked to their original
parcel polygons, and a 1 m inward buffer was applied before patch extraction. Each low-
resolution sample consisted of a four-band 16 % 16 array on the 10 m Sentinel-2 grid. The
corresponding SkySat target was resampled to a four-band 32 x 32 array on a 5 m grid over
the same 160 m x 160 m ground footprint. Common-valid masks identified pixels supported
by both sensors, and accepted patches required at least 80% common-valid support. Pixels
outside the common-valid mask were excluded from both the training loss and reconstruction
metrics. A maximum of five patches was retained per parcel to limit unequal parcel
representation.

A deterministic sample of 12 paired patches was rendered for visual checking of alignment,
spectral correspondence and mask behaviour; this inspection did not alter the dataset or
exclude parcels. The final paired dataset contained 515 accepted patches from 112 parcels,
while 37 of the 149 starting parcels had no patch satisfying the temporal, alignment and
common-valid-support requirements.

4.6.2 Parcel-controlled split and mask-aware EDSR-lite training

Because several patches could originate from the same parcel, all patches from a parcel were
assigned to the same partition. AOI3 and AOI4 formed the development domain, while AOI1
and AOI2 were retained as the secondary, non-confirmatory evaluation domain and were not
used for super-resolution training. The training, validation and test sets contained 222, 55 and
238 patches from 47, 12 and 53 parcels, respectively, with no parcel overlap between
partitions. Per-band normalisation statistics were calculated only from valid training pixels
and then applied unchanged to the validation and test sets.

Reconstruction used a lightweight convolutional neural network based on Enhanced Deep
Super-Resolution, referred to as EDSR-lite. The four-band network used 32 feature channels,
four residual blocks and PixelShuffle 2x upsampling, with 122,564 trainable parameters.
Training used a masked Charbonnier loss with epsilon = 0.001, calculated only over
common-valid target pixels. The model was optimised using AdamW with an initial learning
rate of 0.001, a batch size of four and a maximum of 100 epochs. Model checkpoints were
selected using validation performance, with early stopping after 20 epochs without
improvement. The remaining optimisation settings are reported in Appendix Table A.4.

4.6.3 Reconstruction and downstream classification assessment

Reconstruction quality was assessed against bicubic interpolation as a non-learned
comparator at the same 2x scale. Bicubic interpolation and the frozen CNN were applied to
the held-out 238-patch AOI1+AOI2 test set. Mean absolute error, root mean squared error
and signed bias were calculated over identical common-valid support in the normalised image
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space defined by the training-only SkySat target statistics. Metrics were summarised for the
complete test set, by spectral band and by AOIL. An equal-parcel assessment was also
calculated by first summarising errors within each parcel and then averaging across the 53
represented test parcels.

Figure 4.6 provides a matched visual comparison of the observed Sentinel-2 input, bicubic
baseline, CNN reconstruction and SkySat reference used in the super-resolution assessment.

Figure 4.6. Matched comparison of the SkySat-guided Sentinel-2 super-resolution route. (A) Observed Sentinel-
2 NIR at 10 m; (B) bicubic interpolation at 5 m; (C) CNN-based super-resolved NIR at 5 m; and (D) the
matched SkySat reference NIR at 5 m.

A separate downstream diagnostic compared parcel-level discrimination between the Milpa
mixed-cropping system and maize monocrop using native observed Sentinel-2 at 10 m,
bicubic Sentinel-2 at 5 m and CNN super-resolution at 5 m. For Blue, Green, Red, NIR and
NDVI, each patch was summarised using the mean, standard deviation, P10, P50 and P90.
The mean and standard deviation of these 25 patch-level summaries were then calculated for
each parcel, producing 50 predictors for each representation. Missing predictor values were

replaced using medians estimated from the development data.

The same Random Forest specification was used for all three representations, with 300 trees,
square-root feature sampling, a minimum terminal-leaf size of two, balanced class weights
and a random state of 42. Model development used the 59 represented parcels from AOI3 and
AOI4. Evaluation used 18 mixed-class parcels from AOI1 as the primary geographic-transfer
diagnostic, while the 35 represented AOI2 parcels, all maize monocrop, were used only as a
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maize false-positive control. The reconstruction network remained frozen during
classification. The remaining Random Forest settings are reported in Appendix Table A.4.

4.7 PlanetScope preprocessing and predictor-level classification

Section 4.6 examined whether finer spatial information could be reconstructed from Sentinel-
2 using SkySat guidance. The PlanetScope analysis provided a separate source of observed
multispectral predictors while retaining the same 149-parcel population and spatial evaluation
framework established in Sections 4.4 and 4.5.

4.7.1 Scene preparation and original-geometry parcel extraction

PlanetScope was used as a compact October observation set rather than as a dense daily time
series. The October 2024 window was selected to maintain temporal consistency with the
SkySat analyses while focusing on the main crop period. Candidate observations were
screened according to acquisition timing, cloud cover, usable-data proportion and AOI
coverage. Two suitable acquisitions were retained for each AOI, giving eight PSScene
AnalyticMS Surface Reflectance scenes in total. Each eight-band scene was paired with its
UDM2.1 quality product, and stored reflectance values were divided by 10,000. Pixels were
retained only where all eight spectral bands contained finite, non-no-data values and the
corresponding UDM2.1 information indicated clear, usable conditions.

The same 149 parcel identities were retained, but PlanetScope extraction used the original
parcel polygons rather than the 10 m Sentinel-2 geometries. A 3 m inward buffer was applied
directly to each original polygon, and raster cells were assigned when their centres fell within
the buffered parcel. A parcel-scene record was retained when the buffered parcel had a scene-
coverage ratio of at least 0.999 and contained at least one valid interior cell. The resulting
parcel-scene observations were used to construct the PlanetScope predictors described in
Section 4.7.2.
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Figure 4.7 illustrates the joint UDM2.1 validity mask and direct 3 m parcel extraction used to
establish scene-level PlanetScope support.

Figure 4.7. PlanetScope validity masking and direct parcel extraction. (A) Raw PlanetScope RGB image; (B)
UDM2.1 validity classes; (C) the masked RGB product; and (D) the authoritative parcel boundary, direct 3 m
inward buffer and retained interior raster cells used for extraction.

4.7.2 Spectral and spatial predictor construction

For each valid parcel-scene combination, the mean and median were calculated for the eight
PlanetScope reflectance bands. Mean and median NDVI and NDRE were also calculated
using denominator safeguards, giving 20 spectral variables per scene. Where two valid
acquisitions were available for a parcel, the corresponding scene-level values were averaged
equally. Parcels with only one valid acquisition used that observation directly; missing
acquisitions were not copied or imputed.

Three pre-specified spatial predictors were calculated from valid pixels within the parcel
interiors: NIR interquartile range, NDRE interquartile range and the median local standard
deviation of NDRE from 3 x 3 neighbourhoods. A neighbourhood was retained only when all
nine cells were valid and lay within the parcel. Scene-level spatial values were averaged
across the valid acquisitions available for each parcel.

4.7.3 PlanetScope and Sentinel-2—PlanetScope classification design

The classification experiment addressed the binary distinction between the Milpa mixed-
cropping system and maize monocrop. Five fixed predictor representations were compared:
Sentinel-2 only with 25 predictors; PlanetScope spectral only with 20; Sentinel-2 plus
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PlanetScope spectral with 45; PlanetScope spectral plus the three spatial predictors with 23;
and Sentinel-2 plus PlanetScope spectral and spatial predictors with 48. All representations
used the same 149 parcels, target definition, geographic evaluation design and 1,000-tree
Random Forest specification described in Section 4.5.3.

Geographic transfer within the development domain was assessed through the directional
AOI3-t0-AOI4 and AOI4-t0o-AOI3 folds, producing out-of-fold predictions for all 71
development parcels. Each representation was then fitted using all 71 development parcels
and evaluated once on the 78 parcels from AOI1 and AOI2. This remained a secondary, non-
confirmatory benchmark because these AOIs had been examined earlier in the research
workflow, and benchmark outcomes were not used to revise the predictor representations or
classifier specification. Evaluation followed the measures defined in Section 4.4.3.

4.8 Multi-sensor classification-level integration

Sections 4.5 and 4.7 examined predictor-level integration, while Section 4.6 evaluated image-
level enhancement through SkySat-guided Sentinel-2 super-resolution. The final integration
experiment combined outputs from independently fitted native-sensor classifiers at the
classification level, allowing the three integration routes to be evaluated separately.

4.8.1 Matched native predictions and cross-sensor corroboration
Classification-level integration used the Milpa probabilities produced by independently fitted
Sentinel-2-only, SkySat-only and PlanetScope spectral-only models. The PlanetScope
spectral-plus-spatial and Sentinel-2—PlanetScope combined-predictor models were not used
in this stage. Geographic out-of-fold predictions for the 71 AOI3+AOI4 development parcels
and secondary benchmark predictions for the 78 AOI1+AOI2 parcels were matched by parcel
identifier, AOI and reference label, providing common prediction support for all 149 parcels
while retaining the separation between the development and benchmark domains.

The SkySat and PlanetScope comparison branches each used their corresponding 1,000-tree
Sentinel-2-only comparator with the same 25-predictor Sentinel-2 representation and
geographic evaluation design described in Sections 4.5.3 and 4.7.3. These models were
separate from the primary 800-tree Sentinel-2 baseline in Section 4.4.3. Before fusion, native-
model predictions were compared using correlations between Milpa probabilities, binary
prediction agreement, Cohen’s kappa, shared and sensor-specific errors, and the Brier score.
These diagnostics were calculated separately from the fusion procedure and were not used to
modify the fusion weights or decision threshold.

4.8.2 Pairwise classification-level integration

Unlike the predictor-level analyses in Sections 4.5 and 4.7, the pairwise experiments
combined probabilities only after the native sensor models had produced their predictions.
For reporting, Sentinel-2—SkySat was treated as the principal pairwise comparison within the
SkySat-centred thesis framework, while Sentinel-2-PlanetScope was presented as a
corroborative extension; both used the same fixed integration rule.

For Sentinel-2 and SkySat, the fused Milpa probability was calculated as

Ds2+skysat = 0.5Ps2 + 0.5pskysat-

50



The Sentinel-2 and PlanetScope combination used

p52+PlanetScope = 0-5p52 + 0-5pPlanetScope-

All component probabilities represented the Milpa class. A fused probability greater than 0.50
was assigned to Milpa, whereas a probability equal to or below 0.50 was assigned to maize
monocrop.

No classifier was fitted during probability integration, and the native models were not
retrained. Sensor predictors were not concatenated, probabilities were not calibrated, and
neither the weights nor the decision threshold were optimised. The procedure was fixed
without using benchmark outcomes. Assessment was conducted separately for the AOI3-to-
AOI4 and AOI4-to-AOI3 development directions, the pooled 71-parcel geographic out-of-
fold development set, the individual AOI1 and AOI2 benchmark domains, and the pooled 78-
parcel secondary benchmark.

4.8.3 Three-sensor diagnostic fusion and uncertainty assessment

A three-sensor diagnostic combined the Milpa probabilities from the independently fitted
Sentinel-2, SkySat and PlanetScope spectral-only models using a fixed equal-weight rule.
The fused Milpa probability was calculated as

_ Ds2 + pSkySat + pPlanetScope
Pthree = 3 :

Each sensor received a one-third weight, and the same decision rule assigned probabilities
greater than 0.50 to Milpa and those equal to or below 0.50 to maize monocrop. The native
models were not retrained, probabilities were not calibrated, and neither the fusion weights
nor the decision threshold were optimised. The procedure was fixed without using benchmark
outcomes.

Uncertainty in fused-minus-component performance differences was assessed using a paired
parcel-level bootstrap with 10,000 replicates and a fixed seed of 20260714. Parcels were
sampled with replacement within the defined strata, with the same sampled parcel indices
applied to all models in each comparison. Directional AOI analyses were stratified by
reference class, while the pooled development and pooled benchmark analyses were stratified
jointly by AOI and reference class. Two-sided 95% percentile intervals were obtained from
the 2.5th and 97.5th percentiles of the bootstrap distributions for differences in accuracy,
balanced accuracy, macro-F1, Milpa precision, Milpa recall and Milpa F1. Post hoc
diagnostics examined the stored probabilities, class support, shared errors and feature shifts
without modifying the fitted models or integration procedure.

Figure 4.8 summarises how the common parcel cohort, Sentinel-2 baseline, complementary
sensor routes and classification-level integration were connected while remaining analytically
distinct.
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Figure 4.8. Overall methodological framework across Sections 4.1-4.8. The schematic links the common parcel cohort to the Sentinel-2 baseline, the SkySat and PlanetScope predictor-
level routes, the separate SkySat-guided image-level route, and the fixed classification-level integration and geographic evaluation.
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Chapter 5: Results

5.1 Reference-cohort composition and Sentinel-2 data quality

This section characterises the final analytical cohort and examines the distribution and
continuity of its observed Sentinel-2 support. It then evaluates temporal interpolation and
reports the quality-control decision applied before the classification analyses.

5.1.1 Analytical-cohort composition

The final analytical cohort contained 149 parcels distributed across four areas of interest
(AOIs) and two evaluation domains. Of the 457 original reference parcels, 270 retained valid
buffered geometry, 226 were Sentinel-2 eligible and 149 belonged to the three target crop
classes. The complete parcel-retention sequence is provided in Appendix Table A5.1. AOI3
and AOI4 formed the 71-parcel development domain used for feature control, model
development and development assessment. AOIl and AOI2 formed the separate 78-parcel
secondary, non-confirmatory benchmark.

The cohort was unevenly distributed geographically and by crop class. AOI2 contributed the
largest individual group, with 58 parcels, whereas AOI1 contributed 20. The three-class
cohort comprised 43 Milpa mixed-cropping system parcels, 73 landrace maize parcels and 33
hybrid maize parcels. Landrace and hybrid maize were combined in the binary analysis,
producing 43 Milpa and 106 maize monocrop parcels. Overall, the final cohort represented
32.60% of the original 457 reference parcels. Table 5.1 summarises the domain-level crop
composition and observed-support context. The complete AOI-by-class distribution is
provided in Appendix Table AS5.2.

The subsequent classification analyses therefore used a geographically and class-wise uneven
reference cohort.

5.1.2 Distribution of observed Sentinel-2 support

Sentinel-2 eligibility did not mean that all retained parcels had the same amount or continuity
of observed data. The study-specific strong, moderate and weak support classes jointly
represented the proportion of the 69 acquisition dates with usable parcel observations and the
longest consecutive sequence of unsupported acquisitions.

Most parcels in the final cohort had strong or moderate full-year support, with 93 classified as
strong and 39 as moderate. However, all 17 weak-support parcels occurred in the benchmark
domain, and 16 of these were in AOI2. Neither development AOI contained a weak-support
parcel.

Table 5.1. Crop composition and full-year observed Sentinel-2 support in the development and benchmark
domains.

Strong / Mean Maximum
Evaluat'lon Parcels | Milpa Land.race Hyb.rld Moderate / supp.ort.ed consecutive
domain maize maize acquisition unsupported
Weak 2 e
dates (%) acquisitions
Development 71 29 32 10 58/13/0 72.05 7
Benchmark 78 14 41 23 35/26/17 63.47 21
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The domain-level difference was also evident in the continuity of the observations.
Development parcels had a higher mean proportion of supported acquisition dates and a
maximum consecutive unsupported run of seven acquisitions, compared with 21 in the
benchmark (Table 5.1). Figure 5.1a shows how the three support classes were distributed
across the individual AOIs, while the complete AOI-level statistics are reported in Appendix
Table AS5.3.

Observed support was therefore uneven across the analytical cohort, with the weakest full-
year observed support concentrated in the benchmark domain, particularly AOI2.

5.1.3 Interpolation reliability and seasonal limitations

Across the 226 Sentinel-2-eligible parcels, interpolated Normalised Difference Vegetation
Index (NDVI) values closely matched the withheld observations. The 9,989 validation
records produced a mean absolute error (MAE) of 0.02 and a root mean squared error
(RMSE) of 0.03. The signed bias was negative but less than 0.01 in magnitude, while Pearson
r and R* were 0.97 and 0.95, respectively.

The clearest limitation occurred when longer gaps coincided with the August—October crop
period. During these months, MAE increased from 0.04 for gaps of no more than 20 days to
0.10 for gaps exceeding 60 days. Errors outside August—October were generally lower. The
small outside-season long- and very-long-gap groups contained 35 and 18 validation records,
respectively, and did not follow a monotonic sequence.

Figure 5.1b presents the complete season-by-gap pattern together with the number of
validation records in each group. The results were available only as combined season-by-gap
strata; separate pooled estimates for season alone or gap duration alone are therefore not
reported. The full numerical matrix and AOIl-level interpolation results are provided in
Appendix Tables A5.4 and AS.5.

Full-year support also concealed limited observations during the principal crop period. Mean
observed support during August—October was 36.68% across the final cohort. Four parcels
had no observed support during this period; all four occurred in the AOI2 benchmark, where
the longest seasonal gap reached 91 days. The complete seasonal-support classification is
retained in Appendix Table AS5.6.

Temporal interpolation was reliable in aggregate, but its performance was weaker where long
gaps coincided with the principal August—October crop period. The subsequent classification
results should therefore be read against this spatially and seasonally uneven support context.
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Figure 5.1. Observed Sentinel-2 support and interpolation reliability across the Oaxaca reference parcels. Panel
(a) shows the distribution of strong, moderate and weak full-year support classes across the four AOIs in the
final 149-parcel cohort. Panel (b) shows withheld-observation NDVI interpolation MAE by season and gap-

duration category across the 226 Sentinel-2-eligible parcels; labels indicate the number of validation records in

each group.

5.1.4 Quality-control outcome and sensitivity cohort

Soft quality-control warnings remained within the Sentinel-2 records and affected 110 of the
final 149 parcels. These warnings were retained as cautionary indicators, but no confirmed
hard artefacts were identified and no parcel was removed on this basis.
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The primary 149-parcel Sentinel-2 dataset was therefore retained for the downstream
classification analyses. A separate, better-supported sensitivity cohort contained 132 parcels.
It retained all 71 development parcels but reduced the benchmark from 78 to 61 parcels. This
subset did not replace the primary cohort; it was used only to test whether the classification
findings changed under stricter observed-support conditions. Detailed warning counts and the
composition of the sensitivity cohort are reported in Appendix Tables A5.7 and A5.8.

The classification results for the primary and better-supported cohorts are compared in
Section 5.2.2.

5.2 Sentinel-2 baseline classification

The Sentinel-2 baseline was evaluated using the final 149-parcel cohort and the predefined
Top-25 predictor panel. A parcel-level Random Forest provided the primary assessment for
the three-class formulation comprising the Milpa mixed-cropping system, landrace maize and
hybrid maize, and the binary distinction between Milpa and maize monocrop, with
development and secondary benchmark results reported separately.

Across the 71 development parcels in AOI3 and AOI4, median gap-filled NDVI trajectories
followed broadly similar seasonal patterns across the three crop classes. The largest recorded
class medians occurred on 9 September 2024, reaching 0.59 for hybrid maize, 0.51 for
landrace maize and 0.48 for Milpa. Although differences in magnitude were visible around
this recorded maximum, the trajectories overlapped across much of the observation period
(Figure 5.2). These profiles provide descriptive development-domain evidence rather than an
independent assessment of secondary benchmark performance. Complementary AOI-specific
observed-versus-gap-filled NDVI profiles and date-specific parcel-support counts for the
final 149-parcel cohort are provided as descriptive evidence in Appendix 5.2-H.
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Figure 5.2. Development-domain gap-filled Sentinel-2 NDVI temporal profiles for the three-class and binary
crop-system formulations. Lines represent class medians derived from the gap-filled series across the 71
development parcels in AOI3 and AOI4, and shaded envelopes represent the interquartile range. The profiles
provide descriptive development-domain evidence and do not represent secondary benchmark performance.

5.2.1 Parcel-level classification

The binary formulation produced stronger development results than the three-class
formulation: mean balanced accuracy and macro-F1 increased from 0.62 to 0.78.
Development results in Table 5.2 are means across 60 folds, with standard deviations shown

in parentheses; benchmark results are single estimates for 78 parcels. Development-fold
summaries did not report class-specific Milpa recall or Milpa F1.
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Table 5.2. Development and benchmark performance of the primary Sentinel-2 parcel-level Random Forest.

Formulation Analytical role Assessr.nent Accuracy Balanced Macro- Milpa Milpa F1
basis accuracy F1 recall
Development Mean (SD), 60 0.62 Not Not
Three-class assessment folds 0.68 (0.08) | 0.62(0.10) (0.11) reported reported
Three-class Secondary Single estimate, 0.47 0.40 0.38 0.36 0.36
benchmark 78 parcels
. Development Mean (SD), 60 0.78 Not Not
Binary assessment folds 0.79.(0.07) | 0.78 (0.08) (0.08) reported reported
. Secondary Single estimate,
Binary benchmark 78 parcels 0.78 0.62 0.62 0.36 0.37

Three-class benchmark performance was lower than the corresponding development
performance, with an accuracy of 0.47 and macro-F1 of 0.38. Landrace maize was the best-
recognised class, with a recall of 0.71, whereas hybrid maize recall was 0.13; 19 of the 23
hybrid maize parcels were predicted as landrace maize. Milpa recall was 0.36, corresponding
to five correct classifications among 14 Milpa parcels.

Binary benchmark accuracy was higher at 0.78, but Milpa recall remained 0.36: nine of the
14 Milpa parcels were classified as maize monocrop, while maize monocrop recall reached
0.88. Binary performance also varied between the benchmark AOIs, with balanced accuracy
of 0.72 in AOI2 and 0.61 in AOI1, and Milpa recall of 0.60 and 0.22, respectively. AOII
contained no hybrid maize reference parcels and therefore did not provide a complete AOI-
specific three-class assessment. The binary formulation thus provided stronger overall
discrimination, although benchmark recognition of Milpa remained limited.

The corresponding three-class and binary benchmark confusion matrices are presented in
Figure 5.3.
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Figure 5.3A. Three-class benchmark confusion matrix
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Figure 5.3B. Binary benchmark confusion matrix
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Figure 5.3. Primary Sentinel-2 parcel-level Random Forest confusion matrices for the secondary benchmark.
Panel (a) presents the three-class formulation and panel (b) the binary formulation. Rows represent observed
classes, columns represent predicted classes and cell values show parcel counts.

Complete class-specific metrics, confusion matrices, AOI-specific results and development-
fold ranges are provided in Appendices 5.2-A—5.2-D.
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5.2.2 Sensitivity and model-family diagnostics

Restricting the benchmark to better-supported parcels reduced it from 78 to 61 parcels
without improving either formulation. Three-class macro-F1 decreased from 0.38 to 0.34 and
Milpa recall from 0.36 to 0.27; in the binary formulation, macro-F1 decreased from 0.62 to
0.53 and Milpa recall from 0.36 to 0.18. The Support Vector Machine (SVM) also remained
below the primary Random Forest: three-class macro-F1 was 0.36 with Milpa recall of 0.29,
while binary macro-F1 was 0.45 and Milpa recall only 0.07.

Table 5.3. Better-supported sensitivity and SVM benchmark diagnostics relative to the primary Random Forest.

Formulation Model or cohort Benchmark Accuracy Balanced Macro- Milpa Milpa
parcels accuracy F1 recall F1
Three-class Primary Random 78 0.47 0.40 0.38 0.36 0.36
Forest
Three-class Better-supported 61 0.44 037 0.34 0.27 0.29
Random Forest
Three-class SVM 78 0.40 0.37 0.36 0.29 0.27
Binary Primary Random 78 0.78 0.62 0.62 0.36 0.37
Forest
Bina Better-supported 61 0.75 0.53 0.53 0.18 021
Ty Random Forest ’ ’ ’ ’ ’
Binary SVM 78 0.71 0.46 0.45 0.07 0.08

Neither the better-supported restriction nor the alternative model-family surpassed the
primary parcel-level Random Forest on the principal benchmark measures.

Extended class-specific results and confusion matrices for the better-supported sensitivity and
Support Vector Machine diagnostics are provided in Appendices 5.2-E and 5.2-F.

5.2.3 Pixel-level diagnostic

The pixel-level benchmark comprised 1,902 pixels representing all 78 benchmark parcels. In
the three-class formulation, pixel-level macro-F1 was 0.29 and increased to 0.32 after mean-
probability parcel aggregation, remaining below the primary parcel-level Random Forest
value of 0.38; Milpa and hybrid maize recognition also remained weak. Binary pixel
accuracy reached 0.87, but balanced accuracy was 0.50 and Milpa recall was 0.08.
Aggregation increased macro-F1 to 0.54 and Milpa recall to 0.14, still below the primary
parcel model values of 0.62 and 0.36.
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Table 5.4. Pixel-level, pixel-aggregated and primary parcel-level Sentinel-2 benchmark performance.

Target Evaluation level Evaluation Accurac Balanced Macro- Milpa Milpa
formulation valua records Y accuracy F1 recall F1
Three-class Benchmark pixels 1,902 pixels 0.50 0.36 0.29 0.10 0.08
Three-class Mean-probability 78 parcels 0.53 0.37 0.32 0.14 0.20
parcel aggregation
Three-class Primary parcel-level 78 parcels 0.47 0.40 0.38 0.36 0.36
Random Forest
Binary Benchmark pixels 1,902 pixels 0.87 0.50 0.50 0.08 0.07
Binary Mean-probability 78 parcels 0.79 0.54 0.54 0.14 0.20
parcel aggregation
. Primary parcel-level
Binary Random Forest 78 parcels 0.78 0.62 0.62 0.36 0.37

Parcel aggregation improved several pixel diagnostic measures but did not surpass the
primary parcel model on balanced or Milpa-sensitive measures.

Extended pixel-level and parcel-aggregated class metrics and confusion matrices are provided
in Appendix 5.2-G.

Across the Sentinel-2 analyses reported here, the parcel-level Random Forest provided the
strongest balance between overall and class-sensitive benchmark performance. Binary
separation was stronger overall than three-class classification, although recognition of the
Milpa mixed-cropping system remained limited. Neither stricter support filtering, the SVM
nor the pixel-level diagnostic surpassed the primary parcel model on the principal benchmark
measures. The Sentinel-2 Top-25 parcel representation therefore serves as the reference
baseline for the predictor-level comparisons in Section 5.3.

5.3 Predictor-level multi-sensor integration

This section evaluates whether direct SkySat and PlanetScope predictor representations, or
their combination with Sentinel-2 predictors, improved the binary distinction between the
Milpa mixed-cropping system and maize monocrop. All comparisons used the common final
cohort of 149 parcels, comprising 71 development parcels and the same 78-parcel secondary
benchmark used in Section 5.2, with Sentinel-2 retained as the reference representation. To
provide a common comparison across sensors, development results in this section were
derived from pooled geographic AOI3-to-AOI4 and AOI4-to-AOI3 out-of-fold predictions
and therefore differ from the repeated-fold development summaries reported for the primary
Sentinel-2 model in Section 5.2. Because AOI3 contained only three Milpa parcels, the AOI4-
to-AOI3 direction represented a small-minority-class stress test.

5.3.1 Sentinel-2 and SkySat

All 149 parcels retained valid SkySat predictors, with no parcel imputed or excluded. The
comparison included the 25-predictor Sentinel-2 representation, the 10-predictor SkySat
representation and the combined 35-predictor Sentinel-2 plus SkySat representation.

In the development domain, Sentinel-2 and the combined representation produced identical
pooled classifications. Both achieved an accuracy of 0.55, balanced accuracy of 0.46 and
macro-F1 of 0.35, with Milpa recall and Milpa F1 of 0.00. The SkySat representation
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achieved lower accuracy, balanced accuracy and macro-F1 of 0.41, 0.35 and 0.31,
respectively. It correctly identified one of the 29 development Milpa parcels, producing a
Milpa recall of 0.03 and Milpa F1 of 0.05. The full development and benchmark results are
reported in Table 5.5.

Table 5.5. Pooled development and secondary benchmark performance of the Sentinel-2 and SkySat predictor
representations.

Representation Predictors Domain Accuracy ]::clﬁ:zs;l M;clro- lz/iiclgl? Mlilll’ a
Sentinel-2 25 Development 0.55 0.46 0.35 0.00 0.00
Sentinel-2 25 Benchmark 0.78 0.62 0.62 0.36 0.37
SkySat 10 Development 0.41 0.35 0.31 0.03 0.05
SkySat 10 Benchmark 0.77 0.66 0.65 0.50 0.44
Sentinel-2 + SkySat 35 Development 0.55 0.46 0.35 0.00 0.00
Sentinel-2 + SkySat 35 Benchmark 0.78 0.59 0.60 0.29 0.32

The SkySat representation produced the strongest class-balanced and Milpa-sensitive results
on the secondary benchmark. Relative to Sentinel-2, balanced accuracy increased from 0.62
to 0.66, macro-F1 from 0.62 to 0.65, Milpa recall from 0.36 to 0.50 and Milpa F1 from 0.37
to 0.44, while overall accuracy decreased slightly from 0.78 to 0.77. SkySat correctly
identified seven Milpa parcels compared with five for Sentinel-2, but the number of maize
parcels incorrectly assigned to Milpa increased from eight to eleven. Greater Milpa recall
therefore coincided with more maize false positives. The combined 35-predictor
representation did not improve the pooled benchmark, as its balanced accuracy, macro-F1,
Milpa recall and Milpa F1 were all below the Sentinel-2 reference.

The AOI-specific results were not consistent. In AOI1, the SkySat representation increased
Milpa recall from 0.22 to 0.67, but balanced accuracy decreased from 0.61 to 0.47. In AOI2,
balanced accuracy decreased from 0.72 to 0.57 and Milpa recall from 0.60 to 0.20. The
combined representation produced a small increase in AOI2 macro-F1 but no pooled
benchmark advantage. SkySat therefore provided favourable pooled benchmark Milpa-
sensitive results, but this advantage was not reproduced in development, and combining its
predictors with Sentinel-2 did not improve pooled performance.

5.3.2 Sentinel-2 and PlanetScope

All 149 parcels remained in the final PlanetScope predictor tables. Of these, 144 had two
valid scenes. Five development parcels in AOI3, all belonging to the maize monocrop class,
had one valid scene and each used its single observed acquisition without imputation,
copying or zero filling. The comparison included Sentinel-2 with 25 predictors, PlanetScope
spectral with 20, Sentinel-2 plus PlanetScope spectral with 45, PlanetScope spectral plus
spatial with 23, and Sentinel-2 plus PlanetScope spectral plus spatial with 48 predictors.

Several PlanetScope representations identified one or two Milpa development parcels,
whereas the Sentinel-2 representation identified none. The PlanetScope spectral
representation produced a Milpa recall of 0.07 and Milpa F1 of 0.08, but its balanced
accuracy and macro-F1 were lower than the Sentinel-2 values. Combining PlanetScope
spectral predictors with Sentinel-2 increased macro-F1 from 0.35 to 0.37 and Milpa F1 from
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0.00 to 0.06, while accuracy and balanced accuracy decreased. Adding the three spatial
predictors did not improve development performance, and the 45-predictor and 48-predictor
combined representations produced identical pooled classifications. Table 5.6 presents the
complete development and benchmark comparison.

Table 5.6. Pooled development and secondary benchmark performance of the Sentinel-2 and PlanetScope
predictor representations.

Representation Predictors Domain Accuracy Balanced Macro- Milpa Milpa
accuracy F1 recall F1

Sentinel-2 25 Development 0.55 0.46 0.35 0.00 0.00
Sentinel-2 25 Benchmark 0.78 0.62 0.62 0.36 0.37
PlanetScope spectral 20 Development 0.38 0.33 0.31 0.07 0.08
PlanetScope spectral 20 Benchmark 0.73 0.64 0.61 0.50 0.40
Sentinel-2 + PlanetScope 45 Development 0.52 0.45 037 0.03 0.06
spectral
Sentinel-2 + PlanctScope 45 Benchmark 0.81 0.60 0.62 029 | 035
spectral
PlanetScope spectral + 23 Development 0.38 0.33 0.29 0.03 | 004
spatial
PlanctScope spectral + 23 Benchmark 0.69 0.59 0.57 043 | 033
spatial
Sentinel-2 + PlanetScope 48 Development 0.52 0.45 037 003 | 006
spectral + spatial
Sentinel-2 + PlanctScope 48 Benchmark 0.79 0.60 0.61 029 | 033
spectral + spatial

The PlanetScope spectral benchmark result was mixed. Relative to Sentinel-2, balanced
accuracy increased from 0.62 to 0.64, Milpa recall from 0.36 to 0.50 and Milpa F1 from 0.37
to 0.40. However, accuracy decreased from 0.78 to 0.73 and macro-F1 from 0.62 to 0.61.
PlanetScope spectral correctly identified seven Milpa parcels rather than five, while maize
false positives increased from eight to fourteen. Greater Milpa recognition therefore
coincided with more maize misclassification.

The Sentinel-2 plus PlanetScope spectral representation increased benchmark accuracy to
0.81 but did not improve balanced accuracy, macro-F1, Milpa recall or Milpa F1. The full 48-
predictor representation showed the same principal non-improving pattern. Adding the three
spatial predictors did not improve any benchmark measure. For the PlanetScope
representation, all reported measures declined; for the Sentinel-2 combined representation,
balanced accuracy and Milpa recall were unchanged while the other reported measures
declined.

AOIl-specific outcomes were also heterogeneous. PlanetScope spectral produced stronger
Milpa-sensitive results in AOI2, while its class-balanced result in AOI1 remained below
Sentinel-2. The Sentinel-2 plus PlanetScope spectral representation also performed more
favourably in AOI2 than in AOII, but these differences did not produce a consistent pooled
advantage from the combined representation. PlanetScope spectral therefore provided mixed
pooled benchmark evidence, predictor concatenation did not improve the principal pooled
benchmark measures, and the three spatial predictors were non-improving.
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Across the two sensor comparisons, the direct SkySat and PlanetScope representations
produced some favourable Milpa-sensitive benchmark results, but these gains were not
consistently reproduced in the geographic development evidence. Combining either sensor’s
predictors with Sentinel-2 did not improve the principal pooled benchmark measures, and the
PlanetScope spatial additions were also non-improving. Complete class-specific, confusion-
count and AOI-specific diagnostics for both predictor-level sensor branches are provided in
Appendix 5.3. Section 5.4 next evaluates a different integration stage at image level through
SkySat-guided Sentinel-2 super-resolution.

5.4 Image-level integration through SkySat-guided super-
resolution

The final super-resolution branch, restricted to the four observed Sentinel-2 bands shared
with SkySat (Blue, Green, Red and NIR), began with all 149 target parcels, of which 112
produced accepted paired patches and 37 produced no accepted patch. The represented
parcels contributed 515 paired patches and were divided into 47 training, 12 validation and
53 untouched test parcels. Parcel overlap among the three splits was zero. This section first
assesses image reconstruction relative to bicubic interpolation and then examines whether the
reconstructed representations improved downstream Milpa and maize monocrop
classification.

5.4.1 Reconstruction performance

The primary patch-weighted assessment comprised 238 untouched test patches and 225,615
valid target pixels evaluated on common-valid support in normalised image space. CNN-SR
reduced mean absolute error (MAE) from 0.79 under bicubic interpolation to 0.66,
corresponding to a reduction of 17.21%. Root mean squared error (RMSE) decreased from
1.09 to 0.97, a reduction of 11.13%, while absolute bias decreased by 63.93%. Pooled MAE,
RMSE and absolute bias were therefore all lower for CNN-SR than for bicubic interpolation.
The reconstruction comparison is presented in Figure 5.4.
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Figure 5.4. Reconstruction performance of the frozen CNN super-resolution model relative to bicubic
interpolation on the untouched test data. Panel (a) compares representative native observed Sentinel-2, bicubic,
CNN-SR and corresponding SkySat-target patches from the 1 m inward-buffer branch. Panel (b) summarises the
percentage change in MAE for the pooled, band-specific and AOI-specific comparisons; positive values indicate
lower CNN-SR error and negative values indicate higher CNN-SR error.

5.4.2 Band-, AOI- and parcel-balanced assessment

All four bands showed lower pooled MAE and RMSE under CNN-SR, although the
magnitude of improvement varied. NIR produced the largest MAE reduction at 34.16%,
followed by Red at 17.71% and Green at 13.57%. Blue produced the smallest reduction at
8.05%.

The AOI-specific results were not uniform. AOIl contributed 63 test patches, for which
CNN-SR increased MAE by 5.80% and RMSE by 7.73%. Within AOIl, NIR improved,
whereas Blue, Green and Red did not. AOI2 contributed 175 test patches and showed
reductions of 24.97% in MAE and 22.27% in RMSE, with all four bands improving on both
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measures. The pooled reconstruction result therefore combined contrasting outcomes between
the two test AOIs.

The overall improvement persisted when the 53 test parcels contributed equally. Equal-parcel
MAE decreased from 0.80 to 0.69, a reduction of 13.90%, while RMSE decreased from 1.05
to 0.94, a reduction of 10.38%. However, AOIl equal-parcel MAE increased by 5.71%,
whereas AOI2 equal-parcel MAE decreased by 24.94%. Maize monocrop MAE decreased by
17.26%, while the represented Milpa subset showed an increase of 3.71%. CNN-SR therefore
retained an overall reconstruction advantage under equal-parcel weighting, but AOI1 and the
represented Milpa subset did not improve. An independent crop-class effect cannot be
established because all eight test Milpa parcels occurred in AOIl and the represented AOI2
test cohort was maize-only; consequently, the strong AOI2 reconstruction gain provided no
evidence of improved Milpa reconstruction.

5.4.3 Downstream classification diagnostic

The downstream diagnostic used 59 represented development parcels from AOI3 and AOI4,
18 represented AOI1 parcels for the primary mixed-class assessment and 35 represented
AOI2 parcels for the maize-only false-positive control. Native observed Sentinel-2 at 10 m,
bicubic Sentinel-2 at 5 m and CNN-SR at 5 m were evaluated using the same 50-predictor
definition and fixed classification design.

This branch-specific comparison was restricted to the represented super-resolution parcels
and was not a rerun of the full-cohort Top-25 Sentinel-2 baseline reported in Section 5.2.

Bicubic interpolation produced the strongest AOIl classification results across accuracy,
balanced accuracy, macro-F1, Milpa recall and Milpa F1 (Table 5.7). It correctly identified
four of the eight Milpa parcels, compared with two for native Sentinel-2 and one for CNN-
SR. Native Sentinel-2 and bicubic interpolation each assigned one maize parcel to Milpa,
whereas CNN-SR assigned no maize parcel to Milpa. CNN-SR therefore eliminated AOI1
maize false positives but detected only one of eight Milpa parcels. The pooled image-fidelity
improvement did not transfer to improved AOI1 thematic discrimination.

Table 5.7. AOII parcel-level classification performance of the native Sentinel-2, bicubic and CNN super-
resolution representations.

Representation Accuracy E:cl:::zig Macro-F1 Ileicl:\)lzll M;,llp a Maize f:il:te;positive
Native Sentinel-2 10 m 0.61 0.58 0.54 0.25 0.36 0.10
Bicubic Sentinel-2 5 m 0.72 0.70 0.70 0.50 0.62 0.10
CNN-SR 5 m 0.61 0.56 0.48 0.13 0.22 0.00

The represented AOI2 test cohort contained no Milpa parcel; its 35 parcels therefore provided
no basis for assessing Milpa recall or Milpa—maize discrimination and were restricted to a
maize-only false-positive control. Native Sentinel-2 correctly classified 18 of the 35 maize
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parcels, bicubic interpolation classified 19 correctly and CNN-SR classified 21 correctly. The
corresponding maize-to-Milpa false-positive rates were 0.49, 0.46 and 0.40, respectively.
Balanced accuracy, macro-F1, Milpa recall and Milpa F1 were not defined for this control.

CNN-SR reduced pooled reconstruction error, but the gain was heterogeneous and did not
extend to AOII or the represented Milpa reconstruction summary. Because the represented
AOI2 test cohort was maize-only, its reconstruction gain and lower maize false-positive rate
provided no evidence of improved Milpa detection. In the only mixed-class test, AOII,
bicubic interpolation produced the strongest classification metrics, while CNN-SR detected
only one of eight Milpa parcels. Detailed represented-cohort, reconstruction and downstream
confusion evidence is provided in Appendix 5.4. Section 5.5 next evaluates post-prediction
classification-level integration using native sensor probabilities.

5.5 Classification-level integration

Classification-level integration was evaluated using independently produced native Milpa
probabilities from the Sentinel-2 only, SkySat only and PlanetScope spectral only models.
The common cohort comprised 71 development parcels evaluated through directional
geographic out-of-fold predictions for AOI3 and AOI4, together with the frozen 78-parcel
secondary benchmark from AOI1 and AOI2, giving 149 parcels overall. The development
values reported here therefore differ from the repeated stratified development summaries
presented in Section 5.2.

5.5.1 Native-model agreement and complementarity

The three native models showed both shared success and shared failure. In the development
geographic-OOF cohort, all three models correctly classified 21 parcels and all three
incorrectly classified 28. Exactly one native model was correct for 12 parcels, while exactly
two were correct for 10. In the frozen secondary benchmark, all three models were correct for
41 parcels and all three were incorrect for four. Exactly one model was correct for 11
benchmark parcels and exactly two were correct for 22.

Native agreement was strongly class and AOI dependent. All three models unanimously
misclassified all 26 Milpa parcels in AOI4. Native-model disagreement therefore did not
automatically provide useful complementarity, as substantial shared failure remained within
the development Milpa class. Figure 5.5 summarises the native agreement patterns and the
numbers of Sentinel-2 predictions corrected or harmed by the subsequent fixed fusions.
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Figure 5.5. Native-model agreement and parcel-level correction or harm under fixed classification-level fusion.
Panel (a) summarises the mutually exclusive native-model correctness patterns for the 71-parcel development
geographic-OOF cohort and the 78-parcel frozen secondary benchmark: all three native models correct, all three
incorrect, exactly one correct and exactly two correct. Panel (b) shows the numbers of Sentinel-2 errors
corrected and Sentinel-2-correct parcels harmed by the fixed Sentinel-2 + SkySat, Sentinel-2 + PlanetScope and

three-sensor probability fusions. All fusions used predefined equal weights and a 0.50 decision threshold; no
exact threshold ties occurred.

5.5.2 Pairwise classification-level fusion

The pairwise models used fixed equal-weight averages of the native Milpa probabilities and a
decision threshold of 0.50. No calibration, retraining, weight optimisation or threshold
optimisation was applied, and no exact threshold ties occurred.

For Sentinel-2 + SkySat, development accuracy was 0.54, balanced accuracy was 0.45 and
macro-F1 was 0.35. Milpa recall and Milpa F1 remained 0.00, and the fusion did not improve
on the Sentinel-2 development result. On the frozen secondary benchmark, the fusion
achieved an accuracy of 0.78, balanced accuracy of 0.67, macro-F1 of 0.66, Milpa recall of
0.50 and Milpa F1 of 0.45. This was the strongest pooled fixed-fusion benchmark result. It
matched the Sentinel-2 accuracy of 0.78, while balanced accuracy increased from 0.62 to
0.67, macro-F1 from 0.62 to 0.66 and Milpa recall from 0.36 to 0.50. Relative to Sentinel-2,
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six errors were corrected, while six parcels that Sentinel-2 had classified correctly were
harmed.

The Sentinel-2 + PlanetScope fusion produced development accuracy of 0.49, balanced
accuracy of 0.42 and macro-F1 of 0.33, with Milpa recall and Milpa F1 of 0.00. It corrected
one Sentinel-2 error but harmed five correct Sentinel-2 predictions. On the benchmark,
accuracy was 0.77, balanced accuracy was 0.61, macro-F1 was 0.61, Milpa recall was 0.36
and Milpa F1 was 0.36. Five Sentinel-2 errors were corrected and six correct Sentinel-2
predictions were harmed. The pooled benchmark therefore did not improve over Sentinel-2.
AOI-specific performance differed markedly: in AOIl, balanced accuracy was 0.51 and
Milpa recall was 0.11, whereas in AOI2 they were 0.82 and 0.80, respectively. This contrast
did not translate into a pooled benchmark advantage over Sentinel-2.

Table 5.8 summarises the native and fixed-fusion performance across the development
geographic-OOF and frozen secondary benchmark domains.
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Table 5.8. Classification-level performance of native and fixed-fusion models in the development geographic-OOF and frozen secondary benchmark domains.

Domain Role Model n Accuracy Balanced Macro-F1 Milpa precision | Milpa recall Milpa F1
accuracy

gg’lfl"pmem geographic Native reference Sentinel-2 only 71 0.55 0.46 0.35 0.00 0.00 0.00

Development geographic Native

OOF complementary- SkySat only 71 0.41 0.35 0.31 0.07 0.03 0.05
sensor model

Development geographic Native

OOF P geograp complementary- PlanetScope spectral only 71 0.38 0.33 0.31 0.11 0.07 0.08
sensor model

gg’lfl"pmem geographic Pairwise fixed fusion | Sentinel-2 + SkySat fusion | 71 0.54 0.45 0.35 0.00 0.00 0.00

Development geographic Pairwise fixed fusion | Scnunel-2 * PlanetScope | 4 0.49 0.42 0.33 0.00 0.00 0.00

OOF fusion

Development geographic Three-sensor fixed Three-sensor fusion 71 0.49 0.42 033 0.00 0.00 0.00

OOF fusion

Frozen secondary benchmark Native reference Sentinel-2 only 78 0.78 0.62 0.62 0.38 0.36 0.37

Native

Frozen secondary benchmark complementary- SkySat only 78 0.77 0.66 0.65 0.39 0.50 0.44

sensor model
Native

Frozen secondary benchmark complementary- PlanetScope spectral only 78 0.73 0.64 0.61 0.33 0.50 0.40
sensor model

Frozen secondary benchmark | Pairwise fixed fusion | Sentinel-2 + SkySat fusion 78 0.78 0.67 0.66 0.41 0.50 0.45

Frozen secondary benchmark | Pairwise fixed fusion Sentmel-Zﬁj—SiI(’)lrzlmetScope 78 0.77 0.61 0.61 0.36 0.36 0.36

Three-sensor fixed .
Frozen secondary benchmark Three-sensor fusion 78 0.76 0.63 0.62 0.35 0.43 0.39

fusion
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5.5.3 Three-sensor fusion and bootstrap uncertainty
The three-sensor fusion used the fixed mean of the three native Milpa probabilities:

_ Ds2 + pSkySat + pPlanetScope
Pthree = 3 .

In the development geographic-OOF cohort, the three-sensor fusion produced an accuracy of
0.49, balanced accuracy of 0.42 and macro-F1 of 0.33. Milpa recall and Milpa F1 were both
0.00, and no development Milpa parcel was correctly classified.

On the frozen secondary benchmark, the three-sensor fusion achieved an accuracy of 0.76,
balanced accuracy of 0.63, macro-F1 of 0.62, Milpa recall of 0.43 and Milpa F1 of 0.39.
Relative to Sentinel-2, seven errors were corrected, but nine parcels that Sentinel-2 had
classified correctly were harmed. The fusion assigned 11 maize monocrop parcels to Milpa
and remained below both SkySat only and the Sentinel-2 + SkySat fusion in balanced
accuracy, macro-F1, Milpa recall and Milpa F1.

The descriptive bootstrap assessment placed development balanced accuracy at 0.42 [0.37,
0.46], with a difference from Sentinel-2 of —0.05 [—0.10, 0.00]. Development Milpa recall
remained 0.00 [0.00, 0.00]. On the benchmark, balanced accuracy was 0.63 [0.50, 0.76] and
Milpa recall was 0.43 [0.21, 0.71]. The balanced-accuracy difference from Sentinel-2 was
0.01 [—0.11, 0.15], while the Milpa-recall difference was 0.07 [—0.14, 0.29].

Complete native-model agreement, fusion correction and harm, AOI-specific performance
and bootstrap summaries are provided in Appendix 5.5.

Across the fixed classification-level combinations, Sentinel-2 + SkySat produced the
strongest pooled benchmark fusion result, but no fusion improved development Milpa
recognition. Sentinel-2 + PlanetScope did not improve the pooled benchmark over Sentinel-2,
while the three-sensor fusion did not surpass the strongest pairwise fusion.
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Chapter 6: Discussion

6.1 Overall interpretation of the findings

This thesis examined whether parcel-level discrimination of the Milpa mixed-cropping
system from maize monocrop could be strengthened by combining a seasonal Sentinel-2
baseline with direct finer-spatial predictor representations, SkySat-guided super-resolution
and classification-level integration. The central finding is that the binary distinction was more
tractable than separating Milpa, landrace maize and hybrid maize as three classes, but Milpa
recognition remained limited when the models were transferred to the secondary benchmark.
Sentinel-2 provided the most defensible common reference because it represented the
complete analytical cohort through a consistent annual spectral-temporal framework. Even
so, the benchmark results showed that the apparent strength of the binary formulation did not
amount to reliable recognition of Milpa across locations.

The complementary routes added useful information in specific settings rather than a stable
improvement across the study. Direct SkySat and PlanetScope representations increased
Milpa recall on the pooled secondary benchmark, but also increased maize false positives and
did not reproduce the same advantage in the geographically separated development evidence.
Convolutional neural network super-resolution reduced pooled reconstruction error relative to
bicubic interpolation, yet it did not improve thematic discrimination in the mixed-class
downstream test. Fixed probability fusion produced its strongest benchmark result for
Sentinel-2 plus SkySat, but this gain was not reproduced for development Milpa recognition,
and the three-sensor combination did not improve on the strongest pairwise fusion.

These outcomes are consistent with the underlying difficulty of treating Milpa as one
remotely sensed class. Milpa is a family of maize-centred mixed-cropping systems whose
composition, density and arrangement vary among fields, so within-class variability can
coexist with strong similarity to maize monocrop (Fonteyne et al., 2023; Mota-Cruz et al.,
2025). The contribution of this thesis is therefore not a claim that one additional sensor or
integration method provided a complete solution to the mapping problem. It is a controlled
account of where additional spatial, reconstructed and model-level information helped, where
it failed to help, and which trade-offs became visible when class-sensitive and geographically
separated evidence were considered together.

6.2 Sentinel-2 baseline, class separability and geographic transfer

The Sentinel-2 analysis showed that the principal difficulty was not simply obtaining a
complete feature table, but learning a crop-system distinction that remained stable across
geographical domains. Development-domain Normalised Difference Vegetation Index
trajectories overlapped through much of the season. This is consistent with the class
definition: a maize-dominated Milpa parcel can resemble maize monocrop, while variation in
companion crops, planting geometry and soil exposure broadens the patterns assigned to
Milpa. Satellite classifiers learn statistical relationships rather than agronomic meaning, and
their performance depends on how consistently the reference classes are represented
(Orynbaikyzy et al., 2019; Tariq et al., 2023). The observed NDVI trajectory overlap
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therefore indicates that NDVI alone did not provide a clear and consistent seasonal separation
between Milpa and maize monocrop in the development domain. The profiles also did not
support the simple expectation that Milpa would necessarily appear greener: at the largest
recorded class medians on 9 September, Milpa NDVI was 0.48, compared with 0.51 for
landrace maize and 0.59 for hybrid maize, while the trajectories overlapped across much of
the season. The predictor set also included EVI2, NDRE, CI red edge, NDMI and PSRI; with
a larger reference dataset, future work could test whether LAl-related information or more
narrowly targeted phenological windows provide additional separation.

The binary formulation was nevertheless more defensible than the three-class formulation.
On the secondary benchmark, three-class macro-F1 was 0.38, with hybrid maize recall of
0.13 and Milpa recall of 0.36. Most hybrid parcels were assigned to landrace maize,
indicating that the subdivision of maize type was especially weak under geographic transfer.
Combining landrace and hybrid maize increased binary balanced accuracy and macro-F1 to
0.62, but Milpa recall remained 0.36. Thus, the higher binary performance was consistent
with removing the additional landrace-versus-hybrid distinction, but it did not resolve the
Milpa target-class problem. Overall accuracy alone would have obscured this limitation
because the more numerous maize monocrop parcels were recognised much more often than
Milpa. This illustrates why balanced accuracy, macro-F1, recall and confusion counts must be
interpreted together in an imbalanced crop-mapping problem (Foody, 2002; Farhadpour et al.,
2024).

The difference between development and benchmark performance further indicates limited
geographic transfer. Repeated stratified development summaries supported stronger average
discrimination, while the geographically separated benchmark exposed lower three-class
performance and restricted Milpa recognition. Crop-classification relationships commonly
weaken when models are applied to areas with different feature distributions, crop prevalence
or observation conditions, so within-domain performance cannot be assumed to transfer
spatially (Orynbaikyzy et al., 2022; Hoppe et al., 2024). The present pattern is consistent with
geographic heterogeneity or domain shift, but the analysis did not isolate a single cause. The
uneven composition of the areas of interest (AOIs) and classes also narrows interpretation:
Milpa prevalence differed substantially among areas, and AOII contained no hybrid maize
parcel, preventing a complete three-class assessment there.

Observation support was an important context but did not, by itself, explain the benchmark
failure. Sentinel-2 interpolation was reliable in aggregate, although errors increased when
long gaps coincided with August to October, and the weakest full-year support was
concentrated in the benchmark. Yet restricting evaluation to the better-supported subset
reduced rather than improved the main class-sensitive measures. This does not show that
observation quality was unimportant. It shows only that weak support alone did not account
for the principal failure under the tested restriction, which also changed the composition of
the evaluated subset. A complete-looking regular series can conceal differences in the timing
and continuity of measured observations, so support remains a necessary reliability
consideration rather than a sufficient explanation of classification error (Defourny et al.,
2019; Perich et al., 2023).
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The alternative diagnostics reinforced the choice of the parcel-level Random Forest as the
primary baseline. The Support Vector Machine did not surpass it on balanced or Milpa-
sensitive benchmark measures. Pixel-level classification was valid because pixels from each
parcel remained within a single split, but it performed poorly for Milpa; probability
aggregation improved several pixel diagnostic measures without reaching the parcel model
on the principal balanced and Milpa-sensitive measures. Parcel-level representation was
therefore appropriate for the field-level reference labels, while the controlled pixel diagnostic
showed that a pixel-level representation of the same Sentinel-2 observations did not recover a
more transferable distinction. This is consistent with the wider principle that parcel-controlled
evaluation prevents within-field leakage, whereas geographically separated assessment is still
required to test broader transfer (Karasiak et al., 2022).

6.3 Contribution of direct finer-spatial predictor representations

SkySat and PlanetScope supplied finer-spatial observations of the same parcels, and both
native representations increased Milpa recall on the pooled secondary benchmark relative to
Sentinel-2. These changes showed that the finer-spatial representations altered the decisions
for some Milpa parcels that Sentinel-2 missed. They were not unqualified improvements.
SkySat and PlanetScope also assigned more maize parcels to Milpa, so increased recall was
accompanied by lower precision or weaker overall balance. Moreover, the advantage varied
by AOI and was not consistently reproduced in the geographic development predictions. The
evidence therefore indicates different decision information, not universal superiority.

This interpretation aligns with literature showing that finer pixels can reduce boundary
mixing and represent small fields more directly (Rao et al., 2021; Ibrahim et al., 2021), while
greater spatial detail does not by itself guarantee better crop classification; its value also
depends on the spectral and temporal information available (Rao et al., 2021). The present
comparisons cannot isolate spatial resolution as the cause of the differences. SkySat,
PlanetScope and Sentinel-2 also differed in spectral configuration, acquisition timing,
temporal coverage, valid support and preprocessing. PlanetScope represented a small October
observation set, whereas Sentinel-2 summarised annual spectral-temporal behaviour. SkySat
likewise provided detailed but irregular observations rather than a comparable seasonal
record. The finer-spatial datasets should therefore be regarded as complementary
observations, not as ground truth or automatically superior replacements for Sentinel-2.

Predictor concatenation did not convert these conditional gains into consistent improvement.
Combining Sentinel-2 with SkySat or PlanetScope did not improve the principal pooled
benchmark measures, and the three pre-specified PlanetScope spatial variables were non-
improving. Although multi-sensor predictors have improved crop classification in some
optical-radar settings (Orynbaikyzy et al., 2020; Zhang et al., 2023), additional predictors can
increase redundancy and dimensionality without providing equivalent new information
(Goémez-Chova et al., 2003; Orynbaikyzy et al., 2020; Tang et al., 2025). More variables
therefore do not necessarily provide more discriminating information. In this study, the direct
sensor models showed that finer-spatial observations could alter the recall-versus-false-
positive trade-off, but the combined models did not establish stable incremental value beyond
the seasonal Sentinel-2 baseline.
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6.4 Super-resolution: reconstruction fidelity and thematic value

The super-resolution experiment showed why image reconstruction and crop classification
must be evaluated separately. Across the pooled untouched test patches, the convolutional
neural network reduced mean absolute error and root mean squared error relative to bicubic
interpolation. The improvement remained under equal-parcel weighting, indicating that it was
not produced only by parcels contributing many patches. Nevertheless, the effect was
heterogeneous by band, AOI and class representation. AOI2 improved strongly, whereas
AOI1 did not, and the represented Milpa subset showed no pooled reconstruction advantage.
Because all test Milpa parcels occurred in AOIl and the represented AOI2 test cohort was
maize-only, the analysis could not separate a crop-class effect from the geographical
composition of the test data.

The downstream classification evidence was more restrictive. In the only mixed-class test,
bicubic interpolation produced the strongest balanced and Milpa-sensitive result, while the
convolutional neural network reconstruction detected only one of eight Milpa parcels. The
network reduced pooled pixel-level reconstruction error, but this did not preserve or
strengthen the distinctions needed for Milpa recognition. The finding supports the broader
warning that lower radiometric error or greater apparent detail does not guarantee improved
thematic utility (Vasilescu et al., 2023; Major et al., 2025). Image-level fidelity and thematic
utility must therefore be assessed separately. Bicubic interpolation, although unable to create
newly observed detail, remained an essential baseline and performed better for the tested
downstream task.

Interpretation is also bounded by the represented subset. Of the 149 parcels, 112 produced
accepted paired patches and 37 did not, so the branch did not evaluate the full cohort. The
AOI2 downstream control contained only maize parcels and could assess maize-to-Milpa
false positives, not Milpa detection. SkySat was a finer-spatial target observation rather than
error-free ground truth. Temporal mismatch within the permitted pairing window, AOI-
specific alignment corrections, sensor-response differences and common-valid masking also
bounded the comparison. Cross-sensor studies must control these factors because a model can
otherwise learn temporal or geometric differences as apparent spatial detail (Okabayashi et
al., 2024; Aybar et al., 2024, 2026).

The experiment should therefore be understood as a controlled cross-sensor reconstruction
and transfer test, not an operational super-resolution product. Only the Sentinel-2 Blue,
Green, Red and near-infrared bands with matched SkySat targets were reconstructed. The
analysis did not establish the utility of super-resolving the complete Sentinel-2 spectral
system, particularly the red-edge and shortwave-infrared bands that were neither
reconstructed nor validated. The strongest conclusion is specific: the tested network improved
pooled reconstruction fidelity, but that improvement was geographically uneven and did not
translate into better Milpa discrimination in the available mixed-class downstream evidence.

6.5 Classification-level integration and model complementarity

Classification-level integration tested whether separate native models could correct one
another after prediction. Disagreement created opportunities for correction, but it was not
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equivalent to useful complementarity. In the development geographic out-of-fold predictions,
all three native models unanimously misclassified all 26 AOI4 Milpa parcels. This shared
failure meant that averaging their outputs could not recover target-class information that none
of the component models expressed. The pattern is consistent with the general principle that
fusion helps most when models make different, informative errors, whereas correlated or
systematically weak models may reinforce the same mistake (Orynbaikyzy et al., 2020;
Valero et al., 2021).

Sentinel-2 plus SkySat produced the strongest pooled fixed-fusion benchmark result,
increasing balanced accuracy, macro-F1 and Milpa recall relative to Sentinel-2. This was an
observed benchmark gain under the predefined rule, but it was conditional. Development
Milpa recall remained zero, and the fusion corrected six Sentinel-2 errors while harming six
parcels that Sentinel-2 had classified correctly. Sentinel-2 plus PlanetScope did not improve
the pooled benchmark, and the three-sensor fusion did not surpass Sentinel-2 plus SkySat.
Across the tested combinations, correction and harm occurred together; a gain in one subset
or class could be offset by new errors elsewhere.

The three-sensor bootstrap assessment further limited the claim. The paired intervals for
differences from Sentinel-2 were broad and included no clear improvement in balanced
accuracy or Milpa recall. These intervals were descriptive rather than evidence of a formal
superiority test, but they showed that the observed benchmark differences were uncertain
within the available sample. The benchmark must not be used retrospectively to tune weights
or thresholds, because doing so would weaken the validation hierarchy and turn a fixed
comparison into post hoc optimisation (Varma and Simon, 2006; Cawley and Talbot, 2010).

Equal weighting and the fixed threshold provided a transparent diagnostic, although the
native class-support outputs were not calibrated to a common probability scale. Random
Forest support values do not automatically correspond to empirical probabilities, and
averaging differently calibrated outputs can give disproportionate influence to one model
(Bostrom, 2007; Niculescu-Mizil and Caruana, 2005; Dimitriadis et al., 2021). The fusion
results therefore support cautious interpretation: SkySat added useful benchmark decision
information in the strongest pairwise combination, but model disagreement did not provide
consistent or geographically transferable complementarity.

6.6 Limitations, implications and future directions

The most important limitation concerns reference and geographic representation. The final
cohort of 149 parcels was small, geographically uneven and class-imbalanced, with large
differences in Milpa availability among AOIs and no hybrid maize parcel in AOIl. The
available reference documentation did not fully describe the field-survey organisation, label
protocol or parcel-boundary delineation. These constraints affect how confidently model
errors can be attributed to remotely sensed class overlap rather than reference uncertainty. In
addition, AOI1 and AOI2 formed a frozen secondary benchmark drawn from the same study
programme. They provided a geographically separated assessment, but not independent,
external or confirmatory validation.
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Observation and sensor comparability also bounded the comparisons. Sentinel-2 support was
uneven, and long gaps during August to October were reconstructed less reliably. SkySat and
PlanetScope did not offer equivalent spectral or temporal sampling: the direct finer-spatial
representations contained fewer and differently timed observations, while Sentinel-2
represented the annual cycle. Consequently, differences among sensors cannot be assigned
uniquely to spatial resolution. Larger multi-year datasets with better coverage of the principal
crop period would test whether seasonal relationships persist and would reduce dependence
on one year of cloud and acquisition conditions. Temporally matched and radiometrically
harmonised observations would also make future cross-sensor comparisons more diagnostic
of genuinely complementary information (Okabayashi et al., 2024; Aybar et al., 2024, 2026).

The super-resolution branch had a narrower evidence base than the full classification
analysis. Only parcels producing accepted pairs entered reconstruction and downstream
testing, the finer-spatial reference contained temporal, alignment and cross-sensor
differences, and only Blue, Green, Red and near-infrared transfer was evaluated. Future
extension to Sentinel-2 red-edge and shortwave-infrared bands would be scientifically useful
only where defensible finer-spatial reference or independent validation evidence exists. More
importantly, future work should retain separate reconstruction and thematic tests, because the
present results show that improved image fidelity does not establish improved class
discrimination.

The integration analysis was deliberately diagnostic. Fixed, uncalibrated equal-weight fusion
protected the secondary benchmark from tuning, but it could not account for differences in
probability scale or learn when one sensor should be trusted more than another. Calibration,
trainable weighting or stacking would be more defensible within a larger development
domain, with all calibration, model-selection and threshold decisions completed before
independent geographic evaluation (Varma and Simon, 2006; Cawley and Talbot, 2010).
Given the small and uneven development sample, a more flexible fusion model would
increase the risk of overfitting.

The practical implication is therefore bounded but useful. The evidence does not support an
operational claim that finer-spatial imagery, super-resolution or fusion reliably resolves Milpa
mapping across Oaxaca. It does support a leakage-controlled parcel-level framework for
identifying where discrimination is stronger, where Milpa-specific failure persists and where
additional information produces trade-offs rather than stable gains. The most valuable next
step is not simply to add more sensors. It is to improve the reference basis through a larger,
more balanced and geographically broader sample, with parcel-level records of crop
composition, planting arrangement and management. Genuinely independent geographic
evaluation should then test whether any improvement persists across AOIs and Milpa-
sensitive measures. These changes directly address the principal uncertainty revealed by the
thesis: whether the learned distinction reflects transferable crop-system information rather
than the particular composition and observation conditions of the current cohort.
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Chapter 7: Conclusion

This thesis evaluated whether parcel-level mapping of the Milpa mixed-cropping system in
Oaxaca could be improved beyond a seasonal Sentinel-2 baseline through direct SkySat and
PlanetScope predictor representations, SkySat-guided super-resolution and classification-
level integration. The study treated Milpa as a crop-system class separate from maize
monocrop and used a leakage-controlled development framework with a geographically
separated secondary benchmark to test not only overall discrimination, but also target-class
recognition and spatial transfer.

Sentinel-2 provided the most defensible common baseline across the full 149-parcel cohort.
The binary Milpa versus maize monocrop formulation was stronger than the three-class
separation of Milpa, landrace maize and hybrid maize. Nevertheless, Milpa recall remained
limited on the secondary benchmark, and the difference between development and
benchmark evidence showed that the learned distinction did not transfer consistently across
the study areas. Stricter observation-support filtering, a Support Vector Machine and a parcel-
controlled pixel diagnostic did not surpass the primary parcel-level Random Forest on the
principal balanced and Milpa-sensitive measures.

Direct SkySat and PlanetScope representations added some useful decision information. Both
increased pooled benchmark Milpa recall relative to Sentinel-2, but these gains involved
more maize false positives and were not reproduced consistently in development or across
AOIs. Combining either finer-spatial predictor set with Sentinel-2 did not improve the
principal pooled benchmark measures, and the PlanetScope spatial additions were non-
improving. Finer-spatial observations were therefore complementary in specific comparisons,
but they did not establish a stable additional source of geographically transferable class
discrimination.

The image-level experiment reached a similarly conditional conclusion. Convolutional neural
network super-resolution reduced pooled reconstruction error relative to bicubic
interpolation, but the benefit varied by AOI, band and parcel representation. It did not
improve the represented Milpa reconstruction summary, and in the only mixed-class
downstream assessment it detected only one of eight Milpa parcels while bicubic
interpolation produced the strongest classification result. Improved reconstruction fidelity
therefore did not translate into improved Milpa discrimination, and the experiment did not
establish the value of super-resolving the complete Sentinel-2 spectral system.

At classification level, fixed equal-weight fusion exposed both potential complementarity and
substantial shared failure. Sentinel-2 plus SkySat was the strongest tested fusion on the
pooled secondary benchmark, but no fusion improved development Milpa recognition.
Sentinel-2 plus PlanetScope did not improve the pooled benchmark over Sentinel-2, and the
three-sensor fusion did not surpass the strongest pairwise combination. Model disagreement
therefore created some correctable errors, but it did not constitute consistent transferable
complementarity.

The overall answer to the thesis question is that complementary information from SkySat,
PlanetScope, super-resolution and classification-level integration did not provide a consistent
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geographically transferable improvement over the Sentinel-2 parcel baseline for Milpa
recognition. Their value was conditional, route-specific and often accompanied by false-
positive or geographic trade-offs. This conclusion does not negate the usefulness of the
additional data. Instead, it defines the conditions under which apparent gains should be
accepted or rejected.

The methodological contribution lies in the integrated evaluation framework: an explicit
parcel-level Milpa class definition; assessment of observed support and temporal
interpolation; separation between development and the secondary benchmark; and controlled
comparison of predictor-level, image-level and classification-level integration. Together, the
results show that finer spatial sampling, lower reconstruction error and model disagreement
do not automatically create transferable crop-system discrimination. Progress towards reliable
Milpa mapping will require larger and more representative field references, clearer records of
within-parcel crop composition and management, temporally harmonised multi-sensor
observations, and genuinely independent geographic evaluation of improvements developed
entirely within an adequate development domain.
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Appendices
Appendix A. Methodological specifications

This appendix provides the compact specifications referenced from Sections 4.4-4.8. It contains methodological definitions and fixed analytical settings only;
no performance results are reported.

Appendix Table A.1. Sentinel-2 spectral indices used in predictor construction

Index Exact implemented formula Bands Denominator safeguard Methodological representation Workflow use
Finite numerator and Parcel and pixel
NDVI (BOS - B04) / (B0O8 + B04) B08,B04 | denominator; |[denominator| > 1 x Greenness contrast p
10726 workflows
Finite numerator and Greenness with reduced soil- Parcel and pixel
EVI2 2.5(B08 - B04) / (B0O8 +2.4B04 + 1) B08,B04 | denominator; |[denominator| > 1 x . p
1076 background influence workflows
Finite numerator and Parcel and pixel
NDRE (B06/B05) (B06 - BOS) / (B0O6 + BOS) B06,B05 | denominator; |[denominator| > 1 x Red-edge contrast p
1076 workflows
Finite numerator and
NDRE (B07/B05) (B07 - B0S) / (BO7 + B0S) B07,B05 | denominator; [denominator| > 1 x Alternative red-edge contrast Pixel diagnostic only
1076
CI red-edge / inite bands: A lative red-ed 1 workfl
(B08/B07) B08 /B07 -1 B08, B07 Finite bands; |B07| > 1 x 10"-6 Relative red-edge response Parcel workflow
Cl red-edge . ) " Alternative relative red-edge . . .
(B06/BOS) B06/B0S5 -1 B06, BOS Finite bands; |[BO5| > 1 x 10"-6 response Pixel diagnostic only
CI red-edge . ) " Alternative relative red-edge . . .
(B07/B0S) B07/B0S5 -1 B07, B0OS Finite bands; |[BO5| > 1 x 10"-6 response Pixel diagnostic only
Finite numerator and Parcel and pixel
NDMI (B08 -BI11)/(B08 + B11) B08, B11 denominator; |denominator| > 1 x NIR-SWIR moisture contrast P
10726 workflows
B04, B02, Finite numerator and . Parcel and pixel
PSRI (B04 - B02) / B06 BO6 denominator; [BO6| > 1 x 1076 Pigment/senescence contrast workflows

Note: reflectance inputs were scaled to surface-reflectance units before index calculation. Invalid divisions returned missing values rather than infinite values.

Appendix Table A.2. Final and reserve Sentinel-2 predictor ranking

Ran Reader-readable

K Exact machine-readable predictor Panel status Feature family construction Property represented

90



Ran

Exact machine-readable predictor

Panel status

Feature family

Reader-readable

Property represented

k construction

1 B11 _refl oct nov_transition pl0 Final Top-25 Raw-band statistics October-November, P10 SWIR moisture / late transition

2 NDRE_B06 BO05 sep oct peak late iqr Final Top-25 Index statistics September-October, IQR Red-edge peak variability

3 NDMI B08 B11 jan mar early context pl0 Final Top-25 Index statistics January-March, P10 Early/background moisture context
. - Full year, coefficient of - s

4 B02 refl full year cv Final Top-25 Raw-band statistics variation Visible/background variability

5 B11 _refl nov_dec_late p10 Final Top-25 Raw-band statistics November-December, P10 Late SWIR dry-down/residue

6 NDMI B08 B11 full year pl10 Final Top-25 Index statistics Full year, P10 Full-year moisture low-tail

7 Clrededge B08 B07 jan mar early context median Final Top-25 Index statistics January-March, median Red-edge contextual condition

8 NDMI _B08 B11_phenology season_integral Final Top-25 Phenology Full 36-dat§ sequence, Moisture phenology integral

- = - - season integral
9 NDRE _B06 BO05 sep oct peak late p90 pl10_ range Final Top-25 Index statistics September-(r):r'ltgger, P90-P10 Peak red-edge range
10 PSRI_B04 B02 B06_ phenology minimum_doy Final Top-25 Phenology Fu} ! 3 6-date sequence, Senescence/stress timing
- == - - minimum day of year
11 B11_withinparcel oct nov_transition pl0 Final Top-25 Within-p ar(':el October-November, P10 Within-parcel SWIR heterogeneity
heterogeneity

. . September-October, .. L

12 B04 refl sep oct peak late cv Final Top-25 Raw-band statistics . . Peak red/visible variability

coefficient of variation

13 NDMI_B08_BI 1_stabll1tZEIiL;1111_year_s1gnal_stab111ty_ab Final Top-25 Stability Full year, jmean|/SD stability Moisture temporal stability

14 B12 refl sep oct peak late pl0 Final Top-25 Raw-band statistics September-October, P10 SWIR2 peak moisture

15 Clrededge B08 BO07_full year p90 Final Top-25 Index statistics Full year, P90 Full-year red-edge high response
. . Full year, coefficient of o

16 BO03 refl full year cv Final Top-25 Raw-band statistics variation Green-band background variability

17 B8A_texture oct nov_transition_localstd5x5 p90 Final Top-25 Observed texture Octo‘ltz)ecr;\g)]\;ergl))(eg, P90 Observed spatial texture

18 NDRE B06 BO5 stability full year iqr Final Top-25 Stability Full year, IQR Red-edge temporal stability

. . Full 36-date sequence, .
19 NDVI_B08 B04 phenology minimum_doy Final Top-25 Phenology Greenness phenology timing

minimum day of year
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Ran

Exact machine-readable predictor

Panel status

Feature family

Reader-readable

Property represented

k construction
. Full 36-date sequence,
20 NDRE_B06_BOS_p henology _duration_above_70pct_a Final Top-25 Phenology duration above 70% Red-edge phenology duration
mplitude i
amplitude
21 PSRI_B04 B02 B06_oct nov_transition pl0 Final Top-25 Index statistics October-November, P10 Stress/senescence transition
22 NDVI _B08 B04 sep oct peak late p90 pl10 range Final Top-25 Index statistics September-(r);;[;:er, P90-P10 Peak greenness range
23 BO8 refl sep oct peak late iqr Final Top-25 Raw-band statistics September-October, IQR NIR canopy structure
24 B06_withinparcel _oct nov_transition_p10 Final Top-25 Within-p argel October-November, P10 Red-edge within-parcel heterogeneity
heterogeneity
25 BO5_refl nov_dec late p90 pl10 range Final Top-25 Raw-band statistics Novemb;rl- Io)cre;zrgneber, P90- Late red-edge range
26 B11 refl nov dec late iqr Reserve only Raw-band statistics November-December, IQR Late SWIR spread
27 NDMI_B08 B11 _sep oct peak late p90 Reserve only Index statistics September-October, P90 Peak moisture high-tail
28 Clrededge B08 B07_full year median Reserve only Index statistics Full year, median Full-year red-edge median
. November-December, .. C
29 B04_refl nov_dec late_cv Reserve only Raw-band statistics . e Late visible variability
coefficient of variation
. Full 36-date sequence,
30 EVI2_B08_B04_p henolo%s[fa(cil;lratlon_above_70pct_amp Reserve only Phenology duration above 70% EVI2 canopy phenology duration
amplitude
. Full 36-date sequence, peak- .
31 PSRI_B04 B02 B06_phenology peak to late decline Reserve only Phenology . Senescence decline
to-late decline
s . Within-parcel . .
32 NDMI_withinparcel jun_aug pre peak cv_absmean Reserve only heterogeneity June-August, SD/|mean| Pre-peak moisture heterogeneity
33 BO5_refl jun aug pre peak iqr Reserve only Raw-band statistics June-August, IQR Pre-peak red-edge spread
34 B08 refl full year p90 Reserve only Raw-band statistics Full year, P90 NIR high canopy response
35 Clrededge B08 B07 full year pl10 Reserve only Index statistics Full year, P10 Red-edge low-tail
36 PSRI_B04 B02 B06_full year std Reserve only Index statistics Full year, SD Full-year stress variability
37 B12 refl oct nov_transition pl0 Reserve only Raw-band statistics October-November, P10 Transition SWIR2 moisture
38 NDRE _withinparcel oct nov_transition p90 Reserve only Within-parcel October-November, P90 Red-edge heterogeneity high-tail

heterogeneity
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Ran Exact machine-readable predictor Panel status Feature family Reader-rea(-iable Property represented
k construction
.. October-November, mean
39 B11_texture oct nov_transition localstd5x5 mean Reserve only Observed texture SWIR texture
- - == - - local SD, 5x 5
40 BOS5_refl oct nov_transition p90 pl10 range Reserve only Raw-band statistics October-No;/;Iizzer, P90-P10 Transition red-edge range

Note: ranks 1-25 formed the fitted primary predictor panel. Ranks 26-40 were retained only as reserve predictors and were not included in the primary fitted
models.

Appendix Table A.3. Construction of the Sentinel-2 pixel-level diagnostic predictor set

Component

Exact definition

Count or control

Raw-band temporal
variables

B02, B03, B04, B05, B06, B07, BO8, B8A, B11 and B12 surface reflectance

10 variables

Spectral-index temporal
variables

NDVI B08/B04; EVI2 B08/B04; NDRE B06/B05; NDRE B07/B05; CI-red-edge B06/B05; Cl-red-edge
B07/B05; NDMI B08/B11; PSRI B04/B02/B06

8 variables

Temporal windows

Full year; January-March; June-August; September-October; October-November; November-December

6 windows

Per-window statistics

Mean; median; standard deviation; IQR; P10; P90; P90-P10; SD/|mean|; valid count; valid fraction; peak
value; peak day of year; trough value; trough day of year; amplitude; trapezoidal integral by day of year

16 statistics per variable and window

Seasonal contrasts

September-October mean minus January-March mean; September-October mean minus November-
December mean

2 contrasts per variable

Initial feature library

18 x [(6 x 16) +2]

1,764 predictors

Development-only filtering

Remove predictors that were entirely missing or constant in the AOI3+AOI4 development matrix

216 removed; 1,548 retained

Imputation

Estimate medians from the development matrix and apply them unchanged to development and benchmark
records

No benchmark-derived imputation

Analytical matrices

Development pixels were capped at 20 per parcel; benchmark pixels were retained without capping

811 x 1,548 development; 1,902 x 1,548
benchmark

Parcel aggregation

Average predicted class probabilities across all pixels belonging to each parcel and assign the class with the
greatest mean probability

Diagnostic return to parcel scale
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Appendix Table A.4. Consolidated model, training and integration settings

Analytical branch

Cohort / input

Fixed model or operation

Development / training control

Evaluation domain

Analytical
role

Sentinel-2 parcel
Random Forest

149 parcels; final Top-25; three-
class and binary targets

800 trees; Gini; unrestricted depth; min split 2;
min leaf 2; sqrt feature sampling; bootstrap;
balanced class weights; seed 42; parallel
execution

Repeated stratified 3-fold CV x 20
within 71 AOI3+AOI4 parcels; final
fit on all 71 development parcels

One evaluation on 78
AOI1+AOI2 parcels

Primary

Better-supported
sensitivity

132 parcels: all 71 development
parcels plus 61 benchmark parcels;
same Top-25

Same 800-tree Random Forest and target
formulations as the primary parcel analysis

No feature or parameter revision;
quality variables used only to define
the subset

61 better-supported
benchmark parcels

Sensitivity

Sentinel-2 SVM

149 parcels; final Top-25;
StandardScaler + probabilistic
SVC; balanced class weights; seed
42

Training grid: linear C=0.1, 1, 10; RBF C =
0.1, 1, 10 and gamma = scale, 0.01, 0.1.
Selected: three-class linear C = 0.1; binary RBF
C =1, gamma = scale

Training-only stratified 3-fold grid
search on 71 development parcels;
macro-F1 selection

One evaluation on 78
benchmark parcels

Model-family
diagnostic

Sentinel-2 pixel
Random Forest

3,367 pixels from 149 parcels; 811

capped development pixels; 1,902

benchmark pixels; 1,548 retained
predictors

500 trees; Gini; unrestricted depth; min split 2;
min leaf 2; sqrt feature sampling; bootstrap;
balanced-subsample weights; seed 20260702

Geographic parcel split applied
before preparation; development
capped at 20 pixels per parcel

Pixel-level and mean-
probability parcel-level
assessment

Spatial-
representation
diagnostic

SkySat predictor-level
Random Forest

149 parcels; S2 Top-25, SkySat 10,
and combined 35 predictors; binary
target

1,000 trees; Gini; unrestricted depth; min split 2;
min leaf 2; sqrt feature sampling; bootstrap;
balanced-subsample weights; seed 42

Directional AOI3->A0I4 and
AOI4->A0I3 geographic out-of-
fold assessment; final fit on 71
development parcels

AOI1, AOI2 and pooled
78-parcel benchmark

Predictor-
level
comparison

PlanetScope predictor-
level Random Forest

149 parcels; fixed representations of
25,20, 45, 23 and 48 predictors;
binary target

Same fixed 1,000-tree Random Forest as the
SkySat comparison; seed 42

Directional AOI3->A0I4 and
AOI4->A0I3 geographic out-of-
fold assessment; final fit on 71
development parcels

AOI1, AOI2 and pooled
78-parcel benchmark

Predictor-
level
comparison

EDSR-lite
reconstruction

Observed B02, B03, B04 and BOS;
16 x 16 at 10 mto 32 x 32 at 5 m;
515 patches from 112 parcels

4 input/output channels; 32 features; 4 residual
blocks; PixelShuftle 2x; 122,564 parameters;
masked Charbonnier epsilon = 0.001; AdamW
LR =0.001, weight decay = 0.00001; batch 4;
gradient clip 1.0; seed 42

222/55 training/validation patches
from 47/12 parcels; maximum 100
epochs; early stopping patience 20;
ReduceLROnPlateau factor 0.5,
patience 8; train-only normalisation

238 held-out patches from
53 AOI1+AOI2 parcels;
bicubic comparator on
identical valid support

Image-level
experiment

Super-resolution
downstream Random
Forest

Native 10 m, bicubic 5 m and CNN
5 m; 50 predictors per
representation; 59 development
parcels

300 trees; sqrt feature sampling; min leaf 2;
balanced class weights; seed 42; remaining RF
settings at scikit-learn defaults

Same classifier for all
representations; development-
median imputation; frozen
reconstruction network

18 mixed-class AOI1
parcels and 35 AOI2 maize
parcels

Downstream
diagnostic

Pairwise probability
fusion

Matched native probabilities for 71
geographic OOF development
parcels and 78 benchmark parcels

S2+SkySat: 0.5/0.5; S2+PlanetScope: 0.5/0.5;
Milpa when fused probability > 0.50, maize
monocrop when <= 0.50

No model fitting, retraining,
predictor concatenation, calibration,
weight optimisation or threshold
tuning

Directional development,
pooled development,
AOI1, AOI2 and pooled
benchmark

Classification-
level
integration
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Analytical branch

Cohort / input

Fixed model or operation

Development / training control

Evaluation domain

Analytical
role

Three-sensor

Matched S2, SkySat and
PlanetScope spectral-only native

Equal one-third weights; same fixed > 0.50

No retraining, concatenation,
calibration, weight optimisation,

Directional development
and frozen benchmark

Three-sensor

probability fusion probabilities for all 149 parcels Milpa decision rule threshold tynlng or 1t).enchmark domains diagnostic
guided revision
. Fused-minus-component metric 10,000 replicates; seed 20260714; two-sided Directional analyses stratified by Accuracy, balanced .
Paired bootstrap . . o o class; pooled development and accuracy, macro-F1 and Uncertainty
. differences using the same sampled 95% percentile intervals (2.5th and 97.5th . . ..
uncertainty benchmark analyses stratified by Milpa precision, recall and assessment

parcels for every compared model percentiles)

AOI x class F1 differences
Note: AOII+AOI2 are described as a frozen secondary, non-confirmatory benchmark. Predictor-level, image-level and classification-level integration remain

separate analytical branches.

Appendix SA

Supporting evidence for reference-cohort composition and Sentinel-2 data quality

This appendix provides the detailed numerical evidence supporting Section 5.1. The main Results chapter retains only the principal domain-level contrasts
needed to explain the final cohort, the distribution of observed Sentinel-2 support, the reliability of temporal interpolation and the final quality-control decision.
The tables below preserve the complete parcel-retention, AOI, support, interpolation, seasonal-reliability and residual-quality-control results.

The evidence refers to three distinct populations. The primary analytical cohort contained 149 target parcels. Annual interpolation validation was conducted
across the broader cohort of 226 Sentinel-2-eligible parcels. A separate 132-parcel cohort was retained only for the later sensitivity analysis.

AS.1 Parcel retention before the principal analyses

The original reference population was reduced through the successive geometry, Sentinel-2 eligibility and target-class restrictions reported in the Methodology.
Table AS.1 records the number retained at each stage and distinguishes stage-specific retention from retention relative to the original population.

Appendix Table AS.1. Retention of reference parcels across the principal analytical-cohort stages.

Cohort stage Parcels retained Parcels removed at stage Retentio;:;(en?) /1))1' eceding Rete;z;’a:g:: ((:;:;ginal
Original reference population 457 — 100.00 100.00
Valid 10 m inward-buffered geometry 270 187 59.08 59.08
Sentinel-2 eligible 226 44 83.70 49.45
Final target-class cohort 149 77 65.93 32.60
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AS.2 Complete composition of the final analytical cohort

The final 149 parcels were divided into a 71-parcel development domain comprising AOI3 and AOI4 and a separate 78-parcel benchmark domain comprising
AOI1 and AOI2. Landrace and hybrid maize remained distinct in the three-class formulation and were combined as maize monocrop in the binary formulation.

Appendix Table A5.2. Complete composition of the final 149-parcel analytical cohort by evaluation domain, area of interest and crop class.

Domain / AOI Total parcels Milpa mixed-cropping Landrace maize Hybrid maize Maize monocrop
Development 71 29 32 10 42
Benchmark 78 14 41 23 64
AOIl 20 9 11 0 11
AOI2 58 5 30 23 53
AOI3 24 3 19 2 21
AOI4 47 26 13 8 21
Final analytical cohort 149 43 73 33 106

AS.3 Full-year observed Sentinel-2 support

The study-specific strong, moderate and weak classes summarised both the proportion of the 69 acquisition dates with usable observed parcel support and the
longest consecutive period without such support. The first two rows distinguish the complete eligible cohort from the final target-class cohort. The remaining
rows show the domain- and AOI-specific distribution within the final 149 parcels.

Appendix Table A5.3. Full-year observed Sentinel-2 support across the eligible and final analytical cohorts.

Maximum
Mean supported Mean longest consecutive
Cohort / domain / AOI Parcels Strong Moderate Weak N o unsupported run

acquisition dates (%) (acquisitions) unsupported

q acquisitions
Sentinel-2-eligible cohort 226 139 57 30 — — —
Final analytical cohort 149 93 39 17 — — —
Development 71 58 13 0 72.05 4.18 7
Benchmark 78 35 26 17 63.47 7.28 21
AOI1 20 9 10 1 65.58 6.25 18
AOI2 58 26 16 16 62.75 7.64 21
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Maximum
Mean supported Mean longest consecutive
Cohort / domain / AOI Parcels Strong Moderate Weak N o unsupported run
acquisition dates (%) (acquisitions) unsupported
q acquisitions
AOI3 24 13 11 0 71.26 4.54 7
AOl4 47 45 2 0 72.46 4.00 7

AS5.4 Overall and AOI-specific interpolation performance

Withheld-observation validation was conducted across the 226 Sentinel-2-eligible parcels. The complete validation contained 9,989 NDVI records and showed
low overall error, minimal signed bias and strong correspondence between observed and interpolated values. AOI-specific saved outputs reported MAE, RMSE

and (R”2), allowing geographical differences in reconstruction error to be examined separately from the observed-support classes.

Appendix Table A5.4. Overall and AOI-specific withheld-observation NDVI interpolation performance.

Validation scope Validation records MAE RMSE Signed bias Pearson (r) (R*2)
All eligible parcels 9,989 0.02 0.03 —0.00 0.97 0.95
AOI1 — 0.02 0.03 — — 0.95
AOI2 — 0.02 0.03 — — 0.96
AOI3 — 0.02 0.03 — — 0.96
AOI4 — 0.02 0.04 — — 0.93

The dashes indicate that the corresponding AOI-specific values were not retained in the accepted evidence rather than values of zero.

AS.S Interpolation performance by season and gap duration

The saved validation evidence was available only for combined season-by-gap groups. Consequently, the rows in Table AS5.5 preserve the original joint strata
and are not pooled into separate season-only or gap-only estimates. The number of validation records is retained because the outside-season long- and very-

long-gap groups were substantially smaller than the other strata.

Appendix Table AS5.5. Withheld-observation NDVI interpolation error by season and gap duration.

Period Gap category Interval between bracketing observations Validation records MAE
August-October Short <20 days 493 0.04
August—October Medium 21-40 days 615 0.05
August—October Long 41-60 days 147 0.06
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Period Gap category Interval between bracketing observations Validation records MAE
August—October Very long >60 days 67 0.10
Outside August—October Short <20 days 7,958 0.01
Outside August—October Medium 2140 days 656 0.03
Outside August—October Long 41-60 days 35 0.05
Outside August—October Very long >60 days 18 0.05

AS.6 August—October observed-support outcomes

The August—October assessment described observed data availability within the final 149-parcel cohort rather than interpolation accuracy. Mean observed
support during this period was 36.68%. The four parcels classified as not reliable for August—October had no observed support during the period, occurred in
the AOI2 benchmark and experienced a maximum gap of 91 days.

Appendix Table A5.6. August—October observed-support outcomes within the final analytical cohort.

August—October outcome Parcels / value
Final analytical cohort 149 parcels
Mean observed support 36.68%
Caution 79 parcels
Weak 55 parcels
Not reliable for fine phenological assessment 11 parcels
Not reliable for August—October 4 parcels
Parcels with no observed support 4 parcels
Location of all zero-support parcels AOI2 benchmark
Maximum observed-support gap 91 days

AS.7 Residual quality-control outcomes

Soft-warning events were retained as data-quality cautions and were not treated as confirmed cloud contamination or grounds for automatic parcel exclusion.
For the eligible cohort, a valid-record denominator was available and therefore supported calculation of the warning-event rate. No equivalent denominator was
saved after restriction to the final 149 parcels, so no final-cohort percentage is reported. No confirmed hard-artifact event was identified in either cohort.
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Appendix Table A5.7. Residual Sentinel-2 quality-control outcomes for the eligible and final analytical cohorts.

Quality-control measure Eligible 226 parcels Final 149 parcels
Parcel-date records assessed 15,594 —
RGB-NIR-valid parcel-date records 10,441 —
Parcel-date records with at least one soft warning 3,264 2,211
Warning-event rate among valid records 31.26% Not calculated
Parcels with at least one warning event 166 110
Total individual soft-warning activations 4217 2,838
Low-pixel warning activations 1,566 1,311
Bright-low-NDVI warning activations 708 416
Blue/haze-like warning activations 1,943 1,111
Dark-shadow-like hard flags 0 0
Physically implausible-index flags 0 0
Isolated NDVI-drop flags 0 0
Isolated NDVI-spike flags 0 0
Confirmed hard-artifact events 0 0
Parcels with a confirmed hard-artifact flag 0 0

AS.8 Composition and role of the better-supported sensitivity cohort

The stricter cohort was retained only to test whether the later classification findings changed after excluding parcels with weaker support or seasonal reliability.
It did not replace the primary 149-parcel cohort. All development parcels remained, while the benchmark was reduced by 17 parcels.
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Appendix Table A5.8. Composition of the better-supported sensitivity cohort.

Domain / AOI Primary cohort Better-supported cohort Parcels excluded
Development 71 71 0
Benchmark 78 61 17
AOI1 20 19 1
AOI2 58 42 16
AOI3 24 24 0
AOI4 47 47 0
Total 149 132 17

The primary cohort remained the basis for the main classification analyses, while the 132-parcel cohort supported the sensitivity comparison reported in Section
5.2.2.
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Appendix 5.2: Supporting evidence for Sentinel-2 baseline classification

Appendix 5.2-A

Primary parcel level Random Forest class specific performance

Table 5.2-A1 reports the complete class-specific results for the 78 parcel secondary benchmark. Landrace maize and hybrid maize are reported separately in the
three-class formulation and combined as maize monocrop in the binary formulation.

Table 5.2-Al. Class-specific benchmark performance of the primary Sentinel-2 parcel-level Random Forest.

Formulation Class Precision Recall F1 Support
Three class Milpa mixed cropping system 0.36 0.36 0.36 14
Three class Landrace maize 0.54 0.71 0.61 41
Three class Hybrid maize 0.30 0.13 0.18 23
Binary Milpa mixed cropping system 0.38 0.36 0.37 14
Binary Maize monocrop 0.86 0.88 0.87 64

Appendix 5.2-B

Primary parcel level Random Forest confusion matrices

The following matrices report observed classes as rows and predicted classes as columns for the complete 78 parcel secondary benchmark.

Table 5.2-B1. Three-class benchmark confusion matrix for the primary Sentinel-2 parcel-level Random Forest.

Observed class Predicted Milpa Predicted landrace maize Predicted hybrid maize
Milpa mixed cropping system 5 6 3
Landrace maize 8 29 4
Hybrid maize 1 19 3

Table 5.2-B2. Binary benchmark confusion matrix for the primary Sentinel-2 parcel-level Random Forest.

Observed class Predicted Milpa Predicted maize monocrop
Milpa mixed cropping system 5 9
Maize monocrop 8 56
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Appendix 5.2-C

AOI specific benchmark performance

AOI1 and AOI2 are reported separately to show geographic variation within the secondary benchmark. AOI1 contained no hybrid maize reference parcels and
therefore did not provide a complete AOI-specific assessment of the three-class formulation.

Table 5.2-C1. AOI-specific benchmark performance of the primary Sentinel-2 parcel-level Random Forest.

Formulation AOI Parcels Accuracy Balanced accuracy Macro F1 Weighted F1 Milpa precision Milpa recall Milpa F1 Milpa support
Three class AOIl 20 0.50 0.46 0.30 0.47 1.00 0.11 0.20 9
Three class AOI2 58 0.47 0.53 0.41 0.42 0.31 0.80 0.44 5
Binary AOII 20 0.65 0.61 0.56 0.58 1.00 0.22 0.36 9
Binary AOI2 58 0.83 0.72 0.64 0.85 0.27 0.60 0.38 5

Appendix 5.2-D

Development domain fold variability

The development assessment comprised 60 folds for each formulation. Table 5.2-D1 reports the accepted aggregate distributions; development fold summaries
did not report class specific Milpa recall or Milpa F1.

Table 5.2-D1. Distribution of development fold performance for the primary Sentinel-2 parcel-level Random Forest.

Formulation Metric Mean Standard deviation Minimum Maximum
Three class Accuracy 0.68 0.08 0.50 0.83
Three class Balanced accuracy 0.62 0.10 0.40 0.86
Three class Macro F1 0.62 0.11 0.36 0.82
Three class Weighted F1 0.67 0.08 0.45 0.83
Binary Accuracy 0.79 0.07 0.57 0.92
Binary Balanced accuracy 0.78 0.08 0.58 0.91
Binary Macro F1 0.78 0.08 0.56 0.91
Binary Weighted F1 0.79 0.08 0.57 0.91
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Appendix 5.2-E

Better supported benchmark sensitivity

The better supported sensitivity analysis retained all 71 development parcels but reduced the secondary benchmark from 78 to 61 parcels. The complete
benchmark class metrics and confusion matrices are reported in Appendices 5.2-A and 5.2-B and are not repeated here. Restricting the benchmark did not
improve the recorded classification metrics.

Table 5.2-E1. Complete and better-supported benchmark performance of the primary Sentinel-2 parcel-level Random Forest.

Formulation Benchmark cohort Parcels Accuracy Balanced accuracy Macro F1 Weighted F1 Milpa recall Milpa F1
Three class Complete benchmark 78 0.47 0.40 0.38 0.44 0.36 0.36
Three class Better supported benchmark 61 0.44 0.37 0.34 0.39 0.27 0.29
Binary Complete benchmark 78 0.78 0.62 0.62 0.78 0.36 0.37
Binary Better supported benchmark 61 0.75 0.53 0.53 0.74 0.18 0.21

Table 5.2-E2. Class-specific performance for the better-supported benchmark.

Formulation Class Precision Recall F1 Support
Three class Milpa mixed cropping system 0.30 0.27 0.29 11
Three class Landrace maize 0.49 0.73 0.59 30
Three class Hybrid maize 0.33 0.10 0.15 20
Binary Milpa mixed cropping system 0.25 0.18 0.21 11
Binary Maize monocrop 0.83 0.88 0.85 50

The following sensitivity matrices report observed classes as rows and predicted classes as columns.

Table 5.2-E3. Three-class confusion matrix for the 61 parcel better-supported benchmark.

Observed class Predicted Milpa Predicted landrace maize Predicted hybrid maize
Milpa mixed cropping system 3 6 2
Landrace maize 6 22 2
Hybrid maize 1 17 2
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Table 5.2-E4. Binary confusion matrix for the 61 parcel better-supported benchmark.

Observed class Predicted Milpa Predicted maize monocrop
Milpa mixed cropping system 2 9
Maize monocrop 6 44

Appendix 5.2-F
Support Vector Machine diagnostic

The Support Vector Machine was evaluated on the same 78 parcel secondary benchmark as the primary Random Forest. Its three class and binary results did not
improve the principal benchmark measures.

Table 5.2-F1. Overall secondary benchmark performance of the Sentinel-2 Support Vector Machine.

Formulation Parcels Accuracy Balanced accuracy Macro F1 Weighted F1
Three class 78 0.40 0.37 0.36 0.41
Binary 78 0.71 0.46 0.45 0.69

Table 5.2-F2. Class-specific secondary benchmark performance of the Sentinel-2 Support Vector Machine.

Formulation Class Precision Recall F1 Support
Three class Milpa mixed cropping system 0.25 0.29 0.27 14
Three class Landrace maize 0.56 0.46 0.51 41
Three class Hybrid maize 0.29 0.35 0.31 23
Binary Milpa mixed cropping system 0.09 0.07 0.08 14
Binary Maize monocrop 0.81 0.84 0.82 64

The following matrices report observed classes as rows and predicted classes as columns.

Table 5.2-F3. Three-class secondary benchmark confusion matrix for the Sentinel-2 Support Vector Machine.

Observed class Predicted Milpa Predicted landrace maize Predicted hybrid maize
Milpa mixed cropping system 4 4 6
Landrace maize 8 19 14
Hybrid maize 4 11 8
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Table 5.2-F4. Binary secondary benchmark confusion matrix for the Sentinel-2 Support Vector Machine.

Observed class Predicted Milpa Predicted maize monocrop
Milpa mixed cropping system 1 13
Maize monocrop 10 54

Appendix 5.2-G

Pixel level and parcel aggregated diagnostic

Pixel results and parcel aggregated results retain separate evaluation units. The pixel benchmark contained 1,902 records, while mean probability aggregation
produced one result for each of the 78 benchmark parcels. The primary parcel Random Forest comparison remains in Table 5.4 and is not duplicated here.

Table 5.2-G1. Overall pixel-level and mean probability parcel-aggregated benchmark performance.

Formulation Evaluation level Records Accuracy Balanced accuracy Macro precision Macro recall Macro F1 Weighted F1
Three class Benchmark pixels 1,902 0.50 0.36 0.41 0.36 0.29 0.40
Three class Parcel aggregation 78 0.53 0.37 0.46 0.37 0.32 0.42
Binary Benchmark pixels 1,902 0.87 0.50 0.50 0.50 0.50 0.88
Binary Parcel aggregation 78 0.79 0.54 0.58 0.54 0.54 0.76

Table 5.2-G2. Class-specific pixel-level and mean probability parcel-aggregated benchmark performance.

Formulation Evaluation level Class Precision Recall F1 Support
Three class Benchmark pixels Milpa mixed cropping system 0.06 0.10 0.08 115
Three class Benchmark pixels Landrace maize 0.55 0.91 0.68 993
Three class Benchmark pixels Hybrid maize 0.63 0.05 0.09 794
Three class Parcel aggregation Milpa mixed cropping system 0.33 0.14 0.20 14
Three class Parcel aggregation Landrace maize 0.54 0.93 0.68 41
Three class Parcel aggregation Hybrid maize 0.50 0.04 0.08 23
Binary Benchmark pixels Milpa mixed cropping system 0.06 0.08 0.07 115
Binary Benchmark pixels Maize monocrop 0.94 0.92 0.93 1,787
Binary Parcel aggregation Milpa mixed cropping system 0.33 0.14 0.20 14
Binary Parcel aggregation Maize monocrop 0.83 0.94 0.88 64

The following matrices report observed classes as rows and predicted classes as columns. Pixel and parcel counts are presented separately.
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Table 5.2-G3. Three-class confusion matrix for the 1,902 benchmark pixels.

Observed class Predicted Milpa Predicted landrace maize Predicted hybrid maize
Milpa mixed cropping system 12 85 18
Landrace maize 82 905 6
Hybrid maize 91 663 40

Table 5.2-G4. Three-class confusion matrix after mean probability aggregation to 78 benchmark parcels.

Observed class Predicted Milpa Predicted landrace maize Predicted hybrid maize
Milpa mixed cropping system 2 12 0
Landrace maize 2 38 1
Hybrid maize 2 20 1

Table 5.2-G5. Binary confusion matrix for the 1,902 benchmark pixels.

Observed class Predicted Milpa Predicted maize monocrop
Milpa mixed cropping system 9 106
Maize monocrop 147 1,640

Table 5.2-G6. Binary confusion matrix after mean probability aggregation to 78 benchmark parcels.

Observed class Predicted Milpa Predicted maize monocrop
Milpa mixed cropping system 2 12
Maize monocrop 4 60

Parcel aggregation improved several pixel diagnostic measures but remained below the primary parcel Random Forest on the principal balanced and Milpa
sensitive benchmark measures.
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Appendix 5.2-H
AOI-specific observed and gap-filled Sentinel-2 NDVI temporal profiles

The following figures extend the descriptive temporal evidence in Figure 5.2 by showing the final 149-parcel cohort separately for AOI1-AOI4. Blue lines show
class-level mean NDVI from the 36-date gap-filled Sentinel-2 series, black points show means from available cloud-free observations, and labels report the
number of parcels contributing at each observed date. The figures are descriptive support and interpolation diagnostics and do not constitute independent
benchmark performance.
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Appendix Figure A5.2-H1. AOI1 (Monte Verde) observed and gap-filled Sentinel-2 NDVI temporal profiles for the final target parcels. Blue lines show class-level mean gap-filled NDVI,
black points show observed cloud-free means, and labels indicate the number of contributing parcels at each observed date.
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AQOI2 — Nochixtlan | Gap-filled and observed Sentinel-2 NDVI temporal profiles

Milpa: current series supported by 5 final target parcels
0.8 4
Total target parcels: 5 —e— Gap-filled mean NDVI

Observed dates: 41
0.7 1| Mean cloud-free support: 83.9% ® Observed cloud-free mean

0.6
0.5 A ]

0.4 1

NDVI

0.3 1

0.2 4

0.1 A e L ———t—e 2

0.0 T T T T T T T T T T T T

0.8 4
Total target parcels: 30 —e— Gap-filled mean NDVI

Observed dates: 52
0.7 | Mean cloud-free support: 81.3% ® Observed cloud-free mean

0.6 1 5
0.5 . 18

0.4 4

NDVI

0.3

30 30 5; 30

0.2 1
0.1+ L]

0.0 T T T T T T T T T T T
Hybrid maize: current series supported by 23 final target parcels

0.8 4
Total target parcels: 23 == Gap-filled mean NDVI

Observed dates: 51

0.7 1| Mean cloud-free support: 91.2% ® Observed cloud-free mean
0.6 A
0.5 A

0.4+

NDVI

0.3 1

0.2 1

0.1~

0.0 ! ! , ! ; | } . I | . | |
& Q & &> & © & & ® 9 > N &

o> Vi Rl ¥ R R Rl ¥ H Rl
o ° 2 i o) S s % i
Date

Appendix Figure A5.2-H2. AOI2 (Nochixtlan) observed and gap-filled Sentinel-2 NDVI temporal profiles for the final target parcels. Blue lines show class-level mean gap-filled NDVI, black
points show observed cloud-free means, and labels indicate the number of contributing parcels at each observed date.
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AOI3 — Tlaxiaco | Gap-filled and observed Sentinel-2 NDVI temporal profiles

Milpa: current series supported by 3 final target parcels
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Appendix Figure A5.2-H3. AOI3 (Tlaxiaco) observed and gap-filled Sentinel-2 NDVI temporal profiles for the final target parcels. Blue lines show class-level mean gap-filled NDVI, black
points show observed cloud-free means, and labels indicate the number of contributing parcels at each observed date.
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Appendix Figure A5.2-H4. AOI4 (Valles Centrales) observed and gap-filled Sentinel-2 NDVI temporal profiles for the final target parcels. Blue lines show class-level mean gap-filled NDVI,
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black points show observed cloud-free means, and labels indicate the number of contributing parcels at each observed date.
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Appendix 5.3
Supporting evidence for predictor-level multi-sensor integration

This appendix provides the detailed support, class-specific, confusion-matrix and area-specific evidence supporting Section 5.3. The pooled performance
summaries already reported in Tables 5.5 and 5.6 are not reproduced as standalone appendix tables. Development OOF refers to the pooled AOI3-to-AOI4 and
AQI4-to-AOI3 geographic out-of-fold predictions. Benchmark refers to the frozen AOI1 and AOI2 secondary benchmark. S2 denotes Sentinel-2 and PS denotes
PlanetScope.

5.3-A Sentinel-2 and SkySat predictor-level diagnostics

All 149 target parcels retained finite SkySat and Sentinel-2 predictor values. Duplicate parcel-date records were consolidated before equal-date averaging, and
the final representations contained 25 Sentinel-2 predictors, 10 SkySat predictors or 35 joined predictors.

Appendix Table A5.3.1. SkySat parcel support and predictor-table verification.

Verification item Value Unit
Final target parcels 149 parcels
Valid parcel-scene records 316 records
Duplicate parcel-date groups consolidated 71 groups
Unique parcel-date records after consolidation 245 records
S2 predictor count 25 predictors
SkySat predictor count 10 predictors
S2 + SkySat predictor count 35 predictors
Missing or infinite values in final tables 0 values

The confusion orientation is observed class by predicted class. TN is maize monocrop correctly classified; FP is maize monocrop assigned to Milpa; FN is
Milpa assigned to maize monocrop; and TP is Milpa correctly classified.
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Appendix Table A5.3.2. SkySat pooled class-specific metrics and confusion counts.

Domain Model p n Milpa P Milpa R Milpa F1 TN FP FN TP
Dev. OOF S2 25 71 0.00 0.00 0.00 39 3 29 0
Dev. OOF SkySat 10 71 0.07 0.03 0.05 28 14 28 1
Dev. OOF S2 + SkySat 35 71 0.00 0.00 0.00 39 3 29 0
Benchmark S2 25 78 0.38 0.36 0.37 56 8 9 5
Benchmark SkySat 10 78 0.39 0.50 0.44 53 11 7 7
Benchmark S2 + SkySat 35 78 0.36 0.29 0.32 57 7 10 4

Appendix Table A5.3.3. AOI-specific SkySat benchmark metrics.
AOI Model n Accuracy Balanced accuracy Macro-F1 Milpa P Milpa R Milpa F1
AOIl S2 20 0.65 0.61 0.56 1.00 0.22 0.36
AOI2 S2 58 0.83 0.72 0.64 0.27 0.60 0.38
AOIl SkySat 20 0.45 0.47 0.44 0.43 0.67 0.52
AOI2 SkySat 58 0.88 0.57 0.58 0.25 0.20 0.22
AOIl S2 + SkySat 20 0.60 0.56 0.47 1.00 0.11 0.20
AOI2 S2 + SkySat 58 0.84 0.73 0.66 0.30 0.60 0.40
Appendix Table A5.3.4. AOI-specific SkySat benchmark confusion counts.
AOI Model TN FP FN TP

AOIl S2 11 0 7 2

AOI2 S2 45 8 2 3

AOIl SkySat 3 8 3 6

AOI2 SkySat 50 3 4 1

AOIl S2 + SkySat 11 0 8 1

AOI2 S2 + SkySat 46 7 2 3
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5.3-B Sentinel-2 and PlanetScope predictor-level diagnostics

Eight October 2024 PlanetScope scenes provided two planned acquisitions per AOIL. All 149 parcels remained in the final predictor tables. Five AOI3 maize
monocrop development parcels had one valid acquisition and used that observed acquisition without imputation, copying or zero filling.

Appendix Table A5.3.5. PlanetScope scene support and predictor-table verification.

Verification item Value Unit
Verified PlanetScope scenes 8 scenes
Planned parcel-scene rows 298 TOws
Valid parcel-scene rows 293 rows
Zero-support parcel-scene rows excluded 5 rows
Parcels with two valid scenes 144 parcels
Parcels with one valid scene 5 parcels
Parcels retained in final tables 149 parcels
Missing or infinite values in final tables 0 values

Appendix Table A5.3.6. PlanetScope pooled class-specific metrics and confusion counts.

Domain Model p n Milpa P Milpa R Milpa F1 TN FP FN TP
Dev. OOF S2 25 71 0.00 0.00 0.00 39 3 29 0
Dev. OOF PS spectral 20 71 0.11 0.07 0.08 25 17 27 2
Dev. OOF S2+PS 45 71 0.14 0.03 0.06 36 6 28 1
Dev. OOF PS + spatial 23 71 0.06 0.03 0.04 26 16 28 1
Dev. OOF S2 + PS + spatial 48 71 0.14 0.03 0.06 36 6 28 1
Benchmark S2 25 78 0.38 0.36 0.37 56 8 9 5
Benchmark PS spectral 20 78 0.33 0.50 0.40 50 14 7 7
Benchmark S2+PS 45 78 0.44 0.29 0.35 59 5 10 4
Benchmark PS + spatial 23 78 0.27 0.43 0.33 48 16 8 6
Benchmark S2 + PS + spatial 48 78 0.40 0.29 0.33 58 6 10 4

Appendix Table A5.3.7. AOI-specific PlanetScope benchmark metrics.

AOI Model n Accuracy Balanced accuracy Macro-F1 Milpa P Milpa R Milpa F1
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AOI Model n Accuracy Balanced accuracy Macro-F1 Milpa P Milpa R Milpa F1
AOIl S2 20 0.65 0.61 0.56 1.00 0.22 0.36
AOIl PS spectral 20 0.55 0.53 0.52 0.50 0.33 0.40
AOIl S2 +PS 20 0.60 0.56 0.47 1.00 0.11 0.20
AOIl PS + spatial 20 0.50 0.47 0.45 0.40 0.22 0.29
AOIl S2 + PS + spatial 20 0.60 0.56 0.47 1.00 0.11 0.20
AOI2 S2 58 0.83 0.72 0.64 0.27 0.60 0.38
AOI2 PS spectral 58 0.79 0.80 0.64 0.27 0.80 0.40
AOI2 S2 +PS 58 0.88 0.75 0.70 0.38 0.60 0.46
AOI2 PS + spatial 58 0.76 0.78 0.61 0.24 0.80 0.36
AOI2 S2 + PS + spatial 58 0.86 0.74 0.68 0.33 0.60 0.43
Appendix Table A5.3.8. AOI-specific PlanetScope benchmark confusion counts.
AOI Model TN FP FN TP

AOI1 S2 11 0 7 2

AOIl PS spectral 8 3 6 3

AOIl S2 +PS 11 0 8 1

AOIl PS + spatial 8 3 7 2

AOIl S2 + PS + spatial 11 0 8 1

AOI2 S2 45 8 2 3

AOI2 PS spectral 42 11 1 4

AOI2 S2 +PS 48 5 2 3

AOI2 PS + spatial 40 13 1 4

AOI2 S2 + PS + spatial 47 6 2 3

The deltas below are candidate minus reference. No inferential comparison was saved; the verdicts therefore describe only the direction of the recorded metrics.

Appendix Table A5.3.9. PlanetScope representation deltas relative to the stated comparator.

Domain

Comparison

Delta accuracy

Delta BA

Delta Macro-F1

Delta Milpa R

Delta Milpa F1

Recorded outcome
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Domain Comparison Delta accuracy Delta BA Delta Macro-F1 Delta Milpa R Delta Milpa F1 Recorded outcome
Dev. OOF PS spectral vs S2 -0.17 -0.13 -0.05 +0.07 +0.08 Mixed Metric Result
Dev. OOF S2 + PS spectral vs S2 -0.03 -0.02 +0.01 +0.03 +0.06 Mixed Metric Result
Dev. OOF Spatial added to PS 0.00 -0.01 -0.02 -0.03 -0.04 Non Improving
Dev. OOF Spatial added to S2 + PS 0.00 0.00 0.00 0.00 0.00 Non Improving
Dev. OOF Full 48-predictor vs S2 -0.03 -0.02 +0.01 +0.03 +0.06 Mixed Metric Result
Benchmark PS spectral vs S2 -0.05 +0.02 -0.01 +0.14 +0.03 Mixed Metric Result
Benchmark S2 + PS spectral vs S2 +0.03 -0.01 0.00 -0.07 -0.02 Non Improving
Benchmark Spatial added to PS -0.04 -0.05 -0.05 -0.07 -0.07 Non Improving
Benchmark Spatial added to S2 + PS -0.01 -0.01 -0.01 0.00 -0.01 Non Improving
Benchmark Full 48-predictor vs S2 +0.01 -0.02 -0.01 -0.07 -0.04 Non Improving

The frozen PlanetScope benchmark verification confirmed all five expected models, 78 rows per model, 78 unique benchmark parcels, consistent reference
labels and exact agreement with the saved metric summaries. It performed no retraining and produced no new predictions.
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Appendix 5.4
Supporting evidence for SkySat-guided Sentinel-2 super-resolution

This appendix provides the detailed cohort, reconstruction and downstream diagnostic evidence supporting Section 5.4. Reconstruction errors are reported in
normalised image space. Positive error-change percentages indicate lower CNN-SR error than bicubic interpolation; negative percentages indicate higher CNN-
SR error. The downstream evidence is restricted to represented parcels and does not replace the primary 149-parcel Sentinel-2 classification baseline.

5.4-A Represented cohort and split support
Appendix Table A5.4.1. Parcel and patch representation by domain, AOI and crop class.

Domain AOI Class Starting Represented Zero-patch Patches
Development AOI3 Maize monocrop 21 13 8 58
Development AOI3 Milpa 3 2 1 6
Development AOQOI4 Maize monocrop 21 19 2 94
Development AOI4 Milpa 26 25 1 119
Benchmark AOI1 Maize monocrop 11 10 1 36
Benchmark AOIl Milpa 9 8 1 27
Benchmark AOI2 Maize monocrop 53 35 18 175
Benchmark AOI2 Milpa 5 0 5 0

Appendix Table A5.4.2. Parcel-controlled super-resolution data split.

Split Patches Unique parcels
Train 222 47
Validation 55 12
Test 238 53

Of the 515 accepted paired patches, 453 used the predefined sensor pairs and 62 used the permitted £5-day fallback; the fallback was an alternative temporal
pairing route rather than imputation.

Parcel overlap was zero for train-validation, train-test and validation-test comparisons. The final branch contained 149 starting parcels, 112 represented parcels,
37 zero-patch parcels and 515 accepted paired patches.
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5.4-B Detailed reconstruction assessment

Appendix Table A5.4.3. Pooled and band-specific reconstruction error on untouched test patches.

Scope Patches Bicubic MAE CNN MAE MAE change (%) Bicubic RMSE CNN RMSE RMSE change (%) Abs. bias change (%)
All bands 238 0.79 0.66 17.21 1.09 0.97 11.13 63.93
Blue 238 0.89 0.82 8.05 1.24 1.21 2.39 7.09
Green 238 1.00 0.87 13.57 1.26 1.15 9.14 47.53
Red 238 0.61 0.50 17.71 0.91 0.78 14.52 55.04
NIR 238 0.68 0.45 34.16 0.88 0.60 3235 47.61
Appendix Table A5.4.4. AOI-specific and equal-parcel reconstruction summaries.
‘Weighting Scope n Bicubic MAE CNN MAE | MAE change (%) | Bicubic RMSE | CNN RMSE [ RMSE change (%)
Patch-weighted AOI1 63 0.86 0.91 -5.80 1.30 1.40 -7.73
Patch-weighted AOI2 175 0.78 0.58 +24.97 1.01 0.79 +22.27
Equal-parcel Overall 53 0.80 0.69 +13.90 1.05 0.94 +10.38
Equal-parcel AOI1 18 0.85 0.90 -5.71 1.24 1.33 -6.90
Equal-parcel AOI2 35 0.78 0.58 +24.94 0.95 0.74 +22.02
Equal-parcel Maize monocrop 45 0.79 0.66 +17.26 1.01 0.87 +13.92
Equal-parcel Milpa 8 0.85 0.88 -3.71 1.26 1.33 -5.63
5.4-C Downstream classification diagnostics
Appendix Table A5.4.5. AOI1 mixed-class downstream metrics.
Representation n Accuracy Balanced accuracy Macro-F1 Milpa P Milpa R Milpa F1 Maize FPR
Native S2 10 m 18 0.61 0.58 0.54 0.67 0.25 0.36 0.10
Bicubic S2 5 m 18 0.72 0.70 0.70 0.80 0.50 0.62 0.10
CNN-SR 5 m 18 0.61 0.56 0.48 1.00 0.13 0.22 0.00
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Appendix Table A5.4.6. AOI1 mixed-class downstream confusion counts.

Representation Maize to maize Maize to Milpa Milpa to maize Milpa to Milpa
Native S2 10 m 9 1 6 2
Bicubic S2 5 m 9 1 4 4
CNN-SR 5 m 10 0 7 1

The represented AOI2 test cohort contained 35 maize monocrop parcels and no represented Milpa parcel. Balanced accuracy, macro-F1 and Milpa-specific
metrics were therefore not applicable to this control.

Appendix Table A5.4.7. AOI2 maize-only false-positive control.

Representation n Correct maize Maize to Milpa Maize recall False-positive rate
Native S2 10 m 35 18 17 0.51 0.49
Bicubic S2 5 m 35 19 16 0.54 0.46
CNN-SR 5 m 35 21 14 0.60 0.40
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Appendix 5.5
Supporting evidence for classification-level integration

This appendix provides the native-model agreement, fusion correction and harm, confusion, AOI-specific and bootstrap evidence supporting Section 5.5. The
12-row pooled performance summary reported in Table 5.8 is not duplicated. Development OOF refers to the 71 AOI3 and AOI4 directional geographic out-of-
fold predictions; benchmark refers to the frozen 78-parcel AOI1 and AOI2 secondary benchmark.

5.5-A Native-model agreement and complementarity

Appendix Table A5.5.1. Mutually exclusive native-model correctness patterns.

Domain n All agree All agree (%) All correct All incorrect Exactly one correct Exactly two correct
Dev. OOF 71 49 69.01 21 28 12 10
Benchmark 78 45 57.69 41 4 11 22
Appendix Table A5.5.2. Native-model agreement for Milpa parcels.
Domain Milpa n All agree All correct All incorrect Exactly one correct Exactly two correct
Dev. OOF 29 27 0 27 1 1
Benchmark 14 6 2 4 3 5

Appendix Table A5.5.3. Parcels uniquely classified correctly by each native model.

Domain Native model Unique correct parcels
Dev. OOF S2 10
Dev. OOF SkySat 1
Dev. OOF PS spectral 1
Benchmark S2 5
Benchmark SkySat 5
Benchmark PS spectral 1

AOI3 contained disagreement among the three native models for 21 of 24 parcels. AOI4 showed agreement for 46 of 47 parcels, including unanimous
misclassification of all 26 AOI4 Milpa parcels.
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5.5-B Fusion correction, harm and pooled confusion counts

Appendix Table A5.5.4. Parcel-level correction and harm relative to Sentinel-2.

Fusion Domain Corrected Harmed Net correct Milpa corrected Milpa harmed | Fusion maize FP
S2 + SkySat fusion Development OOF 2 3 -1 0 0 4
S2 + PS fusion Development OOF 1 5 -4 7
Three-sensor fusion Development OOF 1 5 -4 0 0 7
S2 + SkySat fusion Benchmark 6 6 0 2 0 10
S2 + PS fusion Benchmark 5 6 -1 1 1 9
Three-sensor fusion Benchmark 7 9 -2 2 1 11
Appendix Table A5.5.5. Pooled confusion counts for the fixed classification-level fusions.
Domain Fusion n TN FP FN TP
Dev. OOF S2 + SkySat fusion 71 38 4 29 0
Dev. OOF S2 + PS fusion 71 35 7 29 0
Dev. OOF Three-sensor fusion 71 35 7 29 0
Benchmark S2 + SkySat fusion 78 54 10 7 7
Benchmark S2 + PS fusion 78 55 9 9 5
Benchmark Three-sensor fusion 78 53 11 8 6
5.5-C AOI-specific fixed-fusion metrics
Appendix Table A5.5.6. AOI-specific fixed-fusion performance.
Domain AOI Fusion n Accuracy Balanced accuracy Macro-F1 Milpa P Milpa R Milpa F1
Dev. OOF AOI3 S2 + SkySat fusion 24 0.71 0.40 0.41 0.00 0.00 0.00
Dev. OOF AOI3 S2 + PS fusion 24 0.58 0.33 0.37 0.00 0.00 0.00
Dev. OOF AOI3 Three-sensor fusion 24 0.58 0.33 0.37 0.00 0.00 0.00
Dev. OOF AOl4 S2 + SkySat fusion 47 0.45 0.50 0.31 0.00 0.00 0.00
Dev. OOF AOl4 S2 + PS fusion 47 0.45 0.50 0.31 0.00 0.00 0.00
Dev. OOF AOl4 Three-sensor fusion 47 0.45 0.50 0.31 0.00 0.00 0.00
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Domain AOI Fusion n Accuracy Balanced accuracy Macro-F1 Milpa P Milpa R Milpa F1
Benchmark AOI1 S2 + SkySat fusion 20 0.60 0.59 0.58 0.57 0.44 0.50
Benchmark AOI1 S2 + PS fusion 20 0.55 0.51 0.44 0.50 0.11 0.18
Benchmark AOI1 Three-sensor fusion 20 0.55 0.53 0.52 0.50 0.33 0.40
Benchmark AOI2 S2 + SkySat fusion 58 0.84 0.73 0.66 0.30 0.60 0.40
Benchmark AOI2 S2 + PS fusion 58 0.84 0.82 0.69 0.33 0.80 0.47
Benchmark AOI2 Three-sensor fusion 58 0.83 0.72 0.64 0.27 0.60 0.37
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5.5-D Three-sensor bootstrap uncertainty

The intervals are two-sided 95% percentile intervals from 10,000 paired parcel-level resamples. The same resampled parcel indices were used across compared
models. The intervals are descriptive and are not presented as formal significance tests.

Appendix Table A5.5.7. Pooled three-sensor bootstrap intervals and differences from Sentinel-2.

Domain Metric Three-sensor estimate 95% interval Difference vs S2 95% difference interval
Dev. OOF Balanced accuracy 0.42 [0.37,0.46] -0.05 [-0.10, 0.00]
Dev. OOF Macro-F1 0.33 [0.30, 0.35] -0.02 [-0.05, 0.00]
Dev. OOF Milpa recall 0.00 [0.00, 0.00] 0.00 [0.00, 0.00]
Dev. OOF Milpa F1 0.00 [0.00, 0.00] 0.00 [0.00, 0.00]
Benchmark Balanced accuracy 0.63 [0.50, 0.76] +0.01 [-0.11, 0.15]
Benchmark Macro-F1 0.62 [0.49, 0.74] 0.00 [-0.13, 0.13]
Benchmark Milpa recall 0.43 [0.21,0.71] +0.07 [-0.14, 0.29]
Benchmark Milpa F1 0.39 [0.18, 0.58] +0.02 [-0.19, 0.23]
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Evaluating Multi-Sensor Remote Sensing for Parcel-Level Mapping of Milpa Mixed-Cropping and
Maize Monocrop Fields in Oaxaca, Mexico

Md Huraira Rabbi Shahriar

This thesis evaluates whether complementary information from SkySat and PlanetScope improves parcel-level
discrimination of the Milpa mixed-cropping system from maize monocrop beyond a seasonal Sentinel-2 baseline in
Oaxaca, Mexico. A 2024 field-reference dataset was screened to a final analytical cohort of 149 parcels across four
areas of interest; 71 parcels from AOI3 and AOI4 were used for development and 78 parcels from AOI1 and AOI2
formed a secondary, non-confirmatory benchmark. Sentinel-2 time series were harmonised to 36 ten-day dates and
represented using spectral, temporal, phenological, heterogeneity and observed-texture features. The primary
parcel-level Random Forest achieved binary benchmark accuracy of 0.78, balanced accuracy and macro-F1 of 0.62,
while Milpa recall remained 0.36. SkySat and PlanetScope provided some favourable Milpa-sensitive benchmark
results, with both native representations reaching Milpa recall of 0.50, although gains were geographically inconsistent
and accompanied by additional maize false positives. Predictor concatenation did not provide a consistent advantage.
SkySat-guided CNN super-resolution improved image-reconstruction error relative to bicubic interpolation, but this did
not translate consistently into better downstream crop-system classification. Among fixed classification-level
combinations, Sentinel-2 + SkySat produced the strongest pooled benchmark fusion, while no fusion improved
development Milpa recognition. Overall, finer spatial information was complementary but did not remove the difficulty of
geographically transferable Milpa discrimination, highlighting the need for stronger reference data and multi-season
validation.
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