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Abstract

Optical Earth observation underpins a growing num-
ber of agricultural-monitoring and agri-fintech services
across Africa, all of which need a usable view of a field
often enough to track its condition. Cloud gaps in that
record are usually treated as random missing data; we
test whether they are instead structurally biased. Using
three growing seasons (2022-2024) of Sentinel-2 scene-
classification data over cropland in six administrative
zones, one per African sub-region and together span-
ning the climate gradient from hyper-arid to humid-
equatorial, we measure the weekly frequency with which
each zone’s cropland yields a usable optical observa-
tion (a pixel passing the Sentinel-2 quality mask). This
ranges from 55% over humid Central Africa to 81% over
the arid Nile Delta; “blind-spot weeks”, when more than
half a zone’s cropland is unobservable, run from 12% to
42%. Within every zone, usable-observation frequency
falls as weekly rainfall rises (Spearman p from —0.34
to —0.70, p < 0.001 after adjusting for temporal auto-
correlation); this is the study’s one firmly powered re-
sult, and it reappears in an independent MODIS cloud
product. With only six spatial units, the cross-regional
climate gradient and the concentration of the deficit in
the rain-fed growing season are reported as indicative
patterns consistent with that rainfall mechanism, not
as powered tests; Nile-irrigated Egypt inverts, as the
mechanism predicts. Optical blind spots in African agri-
cultural monitoring track rainfall and fall hardest on the
humid, smallholder, rain-fed systems during their grow-
ing season, which motivates evaluating SAR-optical fu-
sion for those zones. The study measures the gap, not
the benefit of any fix.
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1. Introduction

1.1 Optical monitoring and the cloud-gap as-
sumption

Free, analysis-ready optical imagery from the Coperni-
cus Sentinel-2 mission has made continental-scale agri-
cultural monitoring feasible for organisations that could
never have afforded commercial tasking. Across Africa
this now supports crop-type and cropland mapping,
within-season vegetation-condition tracking, drought
and food-security early warning, smallholder yield esti-
mation, and the observation triggers behind parametric
crop insurance. All of these products share a hidden

dependency: they need a usable (cloud-, shadow- and
haze-free enough) view of the same ground repeatedly
through the season. When that view is lost, the pixel is
simply missing, and pipelines handle it with composit-
ing, gap-filling, or interpolation.

The near-universal working assumption is that this
missingness, while inconvenient, is unbiased: that over
enough revisits the gaps average out and every field is
eventually seen. If that assumption is wrong, so that
the gap is larger and more persistent in particular cli-
mates, cropping systems, or phenological windows, then
optical-only monitoring is not merely noisier in those
settings; it is less accurate there by construction, and
the error is correlated with exactly the variables (hu-
midity, smallholder density, rain-fed dependence) that
describe agricultural vulnerability.

1.2 What is known, and the gap

That tropical and equatorial regions are cloudier than
arid ones is not in question, and the consequences of
growing-season cloud cover for passive optical monitor-
ing have been described in general terms [4], [6]. What
has not been done, to our knowledge, is a direct, multi-
year, cross-regional measurement of usable optical ob-
servation frequency over African cropland specifically,
at a resolution fine enough to connect it to the crop cal-
endar, with the regional comparison and the hypothe-
ses specified in advance. Continental agricultural-EO
reviews for Africa identify data availability as a limit-
ing factor [7] but do not quantify how that limit varies
across the continent’s climate zones or across the season.
This paper provides that measurement.

1.3 Contributions

1. A pre-specified, cross-regional measure-
ment. We quantify weekly usable Sentinel-2 op-
tical observation frequency over cropland for six
administrative zones spanning North, West, East,
Central, and Southern Africa, across the three
growing seasons 2022-2024. The zones, study pe-
riod, unit of analysis, and hypotheses were written
into a project document before any data were anal-
ysed (see Section 4.3); the design was not lodged
with a public registry, so we use “pre-specified”
rather than “pre-registered”.

2. One robust relationship and two suggestive
patterns. The relationship internal to a single
location, weekly usable-observation frequency ver-
sus weekly rainfall, is negative in every zone and
survives adjustment for temporal autocorrelation.
Consistent with it, a cross-regional climate gradi-
ent and a concentration of the deficit in the rain-fed



growing season are both present but, at six spatial
sampling units and with the growing season as one
seasonal block per zone-year, are supported descrip-
tively rather than by a powered test.

3. Analysis at the right unit. We separate what
can be tested within a zone (the rainfall coupling)
from what requires the zone or region as the unit
(the gradient, the growing-season concentration),
and report the latter at the zone and zone-year
level with permutation and autocorrelation-aware
tests, so a reader can see which numbers are load-
bearing.

4. A concrete design implication for African agri-
EO platforms: optical blind spots track rainfall and
therefore fall in the rain-fed growing season, in the
humid smallholder regions (the when and where
that matter for monitoring), which points to radar
fusion, not better optical compositing, as the direc-
tion worth evaluating.

The Sentinel-2 acquisition pipeline is not released; the
derived weekly series and the analysis code are, and the
method is described here in enough detail to reproduce
the study independently.

2. Related Work

Cloud cover and optical monitoring. Whitcraft
et al. [4], [5] established, for the GEOGLAM global
agricultural-monitoring initiative, that useful optical
observation opportunity varies strongly by region and
month, and that parts of the tropics receive too few
clear looks per month for reliable passive monitoring.
Sudmanns et al. [6] characterised global Sentinel-2 clear-
observation availability and found pronounced latitudi-
nal and seasonal structure. Our work narrows this to
African cropland, extends it to three seasons, and cou-
ples it to rainfall and the crop calendar rather than the
calendar month alone.

Agricultural EO for Africa. Continental crop map-
ping and monitoring efforts [7], [8] repeatedly iden-
tify persistent cloud cover, especially over the hu-
mid, smallholder-dominated zones of Central and West
Africa, as a first-order obstacle, and increasingly turn to
synthetic-aperture radar (SAR) or SAR-optical fusion
[9], [10] to see through it. That literature motivates fu-
sion on general feasibility grounds; we quantify the size
and the structure of the gap it is meant to close.

Scene classification. We rely on the Sentinel-2 Level-
2A Scene Classification Layer produced by Sen2Cor
[2]. Continuous cloud-probability approaches such as
s2cloudless [3] are an alternative; we use the categorical
layer because it is the signal available in the analysis-
ready cloud-optimised archive without per-scene repro-
cessing, and we test sensitivity to the classification
threshold directly (Section 6.1).

3. Data

3.1 Study zones

The unit of comparison is one administrative level-
1 (ADM1) zone per African sub-region, six in total
(two in West Africa), each representing a distinct agro-
ecological setting (Table 1). Each zone was selected
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Figure 1: The six study zones. One administrative level-
1 (ADM1) zone per African sub-region, coloured by region
and numbered as in Table 1. Grey shading marks the six
host countries. Zones were fixed before analysis and chosen
to span the continental climate gradient from the arid Nile
Delta to the humid Congo basin.

before any data were processed, verified to exist in the
geoBoundaries ADM1 layer [13], and checked to be of
broadly comparable area to the others so that a sin-
gle unusually large zone could not average out its own
local cloud variability. Figure 1 shows their locations
and Table 1 lists them. The zones deliberately span the
continental climate gradient, from the hyper-arid, fully
irrigated Nile Delta to the humid forest—agriculture mo-
saic of south-central DR Congo, and span farming sys-
tems from mechanised irrigated agriculture to rain-fed
smallholder cassava and maize.

3.2 Sentinel-2 scene classification

We use Sentinel-2 [1] Level-2A surface-reflectance prod-
ucts, accessed as cloud-optimised GeoTIFFs through
the Element 84 Earth Search STAC catalogue (the
sentinel-2-12a collection). For each zone we retrieve
every scene intersecting that zone’s ADM1 polygon be-
tween 1 January 2022 and 31 December 2024, subject
only to a coarse pre-filter removing scenes with cata-
logue cloud cover > 95% and scenes flagged with more
than 5% degraded MSI data. The 95% cut is applied
at the scene level; Section 6.5 bounds its effect on
the cropland-level measurement and shows it raises no
zone’s mean by more than 1.3 points. Critically, we
do not apply a low-cloud acceptance filter of the kind
operational monitoring pipelines use to guarantee us-
able imagery: every scene passing the coarse pre-filter
is retained and classified, because discarding high-cloud
scenes by their cloud outcome would bias the very quan-
tity we measure toward 100% by construction. The re-
trieval returns 8,986 scenes across the six zones over the
three years.

The only per-pixel cloud signal in these products is the



Table 1: Study zones. Area from geoBoundaries ADM1; cropland fraction from ESA WorldCover class 40 on the 20 m grid;
scenes = Sentinel-2 L2A items retrieved 2022-2024 after the coarse pre-filter.

Region Country / ADM1 zone Area (km?) Climate / system Cropland  Scenes
North Egypt / Beheira 9,826  arid, Nile-irrigated 47.6% 1,277
West Nigeria / Kano 20,131  Sahel, rain-fed smallholder 71.0% 1,979
West Ghana / Upper East 8,842  Guinea savanna, rain-fed smallholder 39.7% 1,423
East Kenya / Uasin Gishu 2,955 highland, rain-fed maize 50.4% 644
Central DR Congo / Kasai-Oriental 17,300  humid forest—agriculture, smallholder 2.3% 680
Southern Zimbabwe / Mashonaland Central 28,193  subtropical, smallholder maize/tobacco 18.8% 2,983

20 m Scene Classification Layer (SCL), a categorical
band assigning each pixel to one of twelve classes (veg-
etation, bare soil, water, cloud shadow, cloud medium
probability, cloud high probability, thin cirrus, and so
on). No continuous cloud-probability band is present in
this archive.

3.3 Rainfall

Weekly rainfall per zone is taken from CHIRPS v2.0
[11], the Climate Hazards Group InfraRed Precipitation
with Station data product, aggregated from daily 0.05°
rasters to a zonal weekly total and mean over the same
ISO weeks as the Sentinel-2 series. The two series share
the (zone, ISO-year, ISO-week) key exactly, giving 936
matched zone-weeks (six zones x 156 weeks).

3.4 Cropland mask and crop calendar

Analysis is restricted to cropland pixels using the 2021
ESA WorldCover 10 m map (v200) [12] (class 40, crop-
land), resampled to the 20 m SCL grid. The cropland
fraction of each ADMI zone varies by more than an or-
der of magnitude (Table 1), from 71% for Kano to 2.3%
for Kasai-Oriental; masking keeps the reported observa-
tion frequency about the farmland that actually exists
rather than diluting it with cities, forest, and bare land.
Cropland pixels are interleaved with non-cropland at
fine spatial scale across the full extent of every zone
rather than being clustered in a sub-region, so masking
changes the denominator but not the spatial coverage
of the analysis.

Crop calendars are taken from FAO crop-calendar
records (FAO GIEWS country-level, with agro-
ecological-zone detail where available) for maize, the
most widely grown rain-fed cereal across five of the
six zones. The calendars carry only sowing and har-
vest dates, no phenological-stage field, so we define an
estimated mid-season window as the middle third
of each zone’s sow-to-harvest cycle: the standard agro-
nomic stand-in for the water-stress-sensitive flowering
and grain-fill stages, which fall between first-third veg-
etative growth and last-third ripening. We use “mid-
season window” throughout and do not claim to have
observed flowering or grain-fill directly; a product with
explicit stage dates would place it more precisely (Sec-
tion 9).

4. Methods

4.1 Usable-observation classification

For each Sentinel-2 scene we read the 12-class Scene
Classification Layer, reproject it onto a common 20 m
analysis grid clipped to the zone and masked to crop-

Table 2: Sentinel-2 Scene Classification Layer classes and
their treatment under each usable-pixel threshold. e = us-
able, blank = not usable. The strict and moderate thresh-
olds differ only in rows 6, 7 and 11.

SCL class strict  moderate

lenient

o

No data (not observed)
Saturated / defective

Dark-area pixels

Cloud shadow

Vegetation °
Not-vegetated (bare soil) .
Water

Unclassified

Cloud, medium probability
Cloud, high probability

Thin cirrus

Snow / ice o
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land, and classify every cropland pixel as usable or not
usable for that scene. A pixel that no scene covered that
week is not observed; SCL class 0 (no-data) is treated
as not observed. Table 2 gives the complete class-to-
threshold mapping for the three nested thresholds.

The moderate threshold is the headline. It ex-
cludes exactly the classes that indicate the surface was
not seen through a clear atmosphere (no-data, satu-
rated/defective, dark-area, cloud shadow, medium- and
high-probability cloud, and thin cirrus), which is a com-
mon invalid-pixel set for Sentinel-2 analysis-ready work-
flows. Under this threshold, water, unclassified, and
snow/ice count as usable: those pixels were ob-
served, just not as vegetation or bare soil, and the quan-
tity we measure is whether the surface was seen, not
whether a vegetation index is computable from it. Dark-
area pixels (class 2) are excluded because Sen2Cor’s
classifier groups them with shadow detection; exclud-
ing them, like every other borderline choice here, biases
usable-observation frequency downward, the conserva-
tive direction for a study measuring gaps.

The strict threshold restricts usable to vegetation and
bare soil only; that is, it differs from moderate only in
also excluding water, unclassified, and snow/ice. Sec-
tion 6.1 shows strict and moderate agree to within 1.5
points per zone, so the treatment of those three classes
does not drive any result. The lenient threshold keeps
only no-data, saturated/defective, and high-probability
cloud as unusable; Section 6.1 shows it is too permis-
sive to be a meaningful “clear observation” definition
and does not preserve the gradient.



4.2 Weekly aggregation and the wusable-

observation metric

Scenes are composited to ISO weeks. A cropland pixel is
observed in a given week if any scene that week returned
valid data for it, and counts as a usable optical ob-
servation if any scene that week classified it as passing
the SCL quality mask of the chosen threshold (Section
4.1); a single such look in the week is sufficient. Weekly
usable-observation frequency for a zone is the num-
ber of usable cropland pixels divided by the number of
cropland pixels in the zone.

This is a proxy for a clear-sky look, not a direct cloud
measurement. It inherits whatever the SCL classifier
gets right or wrong: undetected cloud, haze, or aerosol
can pass the mask, and cloud shadow, thin cirrus and
dark-area pixels (not all of which are cloud) are ex-
cluded from it. We use “usable observation” rather than
“cloud-free observation” throughout for this reason, and
Section 8 lists it as a limitation.

Only ISO weeks fully contained in the study period are
reported (156 per zone). Weeks in which no scene was
retrieved appear as explicit 0%-usable rows rather than
being dropped; Section 6 shows these are overwhelm-
ingly total-cloud weeks, not gaps in satellite coverage.

4.3 Statistical units and independence

Weekly usable-observation frequency is a bounded,
strongly left-skewed percentage, so all tests are rank-
based or permutation-based. The harder question is the
unit of analysis. The study has six spatial sampling
units (one to two zones per region), and each zone is
one location observed for 156 consecutive weeks. Two
consequences follow.

First, the 156 weekly values within a zone are not in-
dependent replicates of that zone’s region: testing a
regional hypothesis on 936 zone-weeks is pseudoreplica-
tion [14], and the very small p-values it produces reflect
the sub-sample size, not the number of independent spa-
tial units. We therefore test the regional gradient at
the zone level (n = 6; Spearman and Pearson corre-
lation of zone mean usable-observation frequency with
zone mean rainfall) and the zone-year level (n = 18;
Kruskal-Wallis across regions), and additionally fit a
generalised estimating equation over all zone-weeks with
zone clusters and an AR(1) within-zone working corre-
lation; the latter uses all the data but, with six clusters,
is read as indicative.

Second, the weekly series is temporally autocorrelated
(lag-1 autocorrelation 0.0-0.42 by zone, effective sam-
ple size 60-160). For the within-zone rainfall correla-
tion, the one comparison that lives entirely inside a sin-
gle spatial unit and so is not limited by the number of
zones, we report a p-value with the effective sample size
substituted for n, and a 95% confidence interval from
a moving-block bootstrap (13-week blocks). For the
mid-season-window comparison, the window is one
contiguous ~13-week block per zone-year, so a weekly
two-sample test again overstates the sample size; we
test it by circular block permutation of the window
label (per zone and pooled), and separately ask whether
the mid-season window is worse than other weeks of the

same zone’s wet season.

The falsifiable null, specified before analysis, is that
usable-observation frequency shows no regional, sea-
sonal, or rainfall structure; the primary and secondary
hypotheses (a regional gradient tracking climate; a
deficit concentrated in the rain-fed growing season,
and specifically its stress-sensitive mid-season stages;
a stronger effect in smallholder-dominant zones) were
fixed in the same dated project document (Section 1.3).
All of the analysis is in the accompanying code.

4.4 Acquisition completeness

Every scene passing the pre-filter (Section 3.2) is clas-
sified. A failed read is retried, and an unrecoverable
read raises an error rather than being skipped, because
a silently dropped scene would bias usable-observation
frequency downward, the opposite of the conservative
direction for a study measuring observation gaps. The
scene list returned by the catalogue is pinned per zone
at retrieval time, so reprocessed or backfilled scenes ap-
pearing in later queries do not change the results.

5. Results
5.1 The regional gradient

Table 3 reports, for each zone, mean weekly usable-
observation frequency over cropland at the moderate
threshold and the share of weeks below 50% usable. Or-
dered by the mean, the six zones run humid Central
Africa 55%, Guinea-savanna Ghana 59%, Sahel Nigeria
68%, highland Kenya 70%, subtropical Zimbabwe 71%,
arid Egypt 81%, a 26-point spread between the humid
forest—agriculture mosaic of Kasai-Oriental and the ir-
rigated Nile Delta. By region the ordering is Central
55%, West 63%, East 70%, Southern 71%, North 81%.

At the level of the six independent spatial units, this
gradient is suggestive, not significant. Across the
six zones, mean usable-observation frequency correlates
negatively with mean weekly rainfall (Spearman p =
—0.60, p = 0.21; Pearson r = —0.77, p = 0.08), with
highland Kenya as the visible exception: wet, from oro-
graphic rather than convective cloud, but well observed.
At the zone-year level (n = 18) the regional difference is
significant (Kruskal-Wallis H = 13.3, p = 0.01), and a
generalised estimating equation over all zone-weeks with
zone clusters gives —11 points of usable-observation fre-
quency per unit log-rainfall, but with six clusters that
estimate is read as indicative. A Kruskal-Wallis on the
936 raw zone-weeks returns p ~ 107?; we do not report
that as evidence for a regional effect, for the reason
given in Section 4.3.

Figure 2 shows the full weekly series as a zone-by-week
heatmap. Every zone’s distribution is left-skewed: the
median week is well observed everywhere (medians 65%
to 96%) and it is a minority of weeks that collapse hard.
Those collapses are more frequent and deeper in the
humid zones: 42% of all weeks fall below 50% usable
in Kasai-Oriental, against 12% in Beheira. This “blind-
spot week” rate follows the same ordering as the mean
(Table 3) and is the more decision-relevant framing for
a monitoring service.



Table 3: Per-zone results, moderate threshold, 2022-2024 (n = 156 weeks per zone). Blind-spot weeks = weeks with < 50%
of cropland usable. Rain p = Spearman correlation of weekly usable-observation frequency with weekly rainfall, with the
p-value adjusted for temporal autocorrelation (all < 0.001). Season deficit = mean usable-observation frequency outside
minus inside the estimated mid-season window (middle third of the sow-to-harvest calendar, Section 3.4; negative = window
better observed); p from circular block permutation of the window label.

Zone (region) Mean usable Blind-spot wks Rain p  Season deficit Perm. p
Kasai-Oriental (Central) 55.4% 42.3%  —0.51 10.0 pt 0.53
Upper East (West) 59.0% 39.7%  —0.70 38.6 pt 0.26
Kano (West) 67.6% 27.6% —0.68 23.8 pt 0.34
Uasin Gishu (East) 69.6% 24.4%  —0.34 22.2 pt 0.007
Mashonaland C. (Southern) 71.1% 27.6%  —0.65 18.8 pt 0.44
Beheira (North) 81.4% 122%  —0.41 —14.9 pt 0.20
Pooled 67.4% 29.0% — 14.0 pt 0.03

Kasai-Oriental (COD, Central)

Upper East (GHA, West)

Kano (NGA, West) -

Uasin Gishu (KEN, East)

Mash. Central (ZWE, Southern)

Beheira (EGY, North)

100

2023 2024
1SO week (2022-2024, 156 weeks per zone)

% of cropland usably observed that week (SCL quality mas

Figure 2: Weekly usable Sentinel-2 optical observation of cropland, moderate threshold, one row per zone, ordered
humid to arid. Each cell is one ISO week; green = most cropland passed the SCL quality mask that week, red = little or
none. White verticals mark year boundaries. The humid zones (top) collapse to red far more often and more deeply than

the arid Nile Delta (bottom).

5.2 Rainfall coupling

This is the relationship that lives inside a single spa-
tial unit, and it is the study’s most solid quantitative
result. Within every zone, weekly usable-observation
frequency is negatively correlated with weekly rainfall
(Figure 3, Table 3): more rain, more cloud, fewer usable
pixels. Spearman p ranges from —0.70 (Upper East)
to —0.34 (Uasin Gishu). After substituting the effec-
tive sample size for the temporal autocorrelation (Sec-
tion 4.3), every zone’s correlation is significant at p <
0.001, and a moving-block bootstrap 95% confidence in-
terval excludes zero in every zone (the tightest is Uasin
Gishu at [—0.46,—0.24], the widest Kasai-Oriental at
[—0.64, —0.34]). Egypt’s rank correlation (—0.41) is real
even though its Pearson correlation is not significant,
because almost every week there has near-zero rainfall.
Lagged correlations (rainfall one or two weeks earlier
against usable-observation frequency now) are weaker
than the same-week correlation in every zone but one,
so the dominant effect is same-week cloud during rain,
not multi-week cloud persistence after a rain event.

5.3 The growing-season and mid-season window
For rain-fed agriculture the rainfall coupling has a di-
rect operational reading: the deficit falls in the growing
season, when the crop is on the ground. Overlaying
each zone’s maize calendar, weeks inside the estimated
mid-season window (Section 3.4) are observed at 55.5%
usable on average against 69.5% for the rest of the year,
a 14-point deficit, and the blind-spot rate rises from 27%

to 41% (Figure 4). Descriptively this is the sharpest ex-
pression of the pattern.

Its statistical support is weaker than the raw compar-
ison suggests, because the window is a single contigu-
ous ~13-week block per zone-year rather than ~140 in-
dependent weeks. Tested by circular block permutation
of the window label (Section 4.3), the pooled deficit
is only marginally significant (p = 0.03) and individ-
ually significant in one of the six zones (Kenya, p =
0.007). Restricting the comparison to the wettest 40%
of each zone’s weeks, the window is not reliably worse
than other wet-season weeks in four of the five rain-fed
zones. The honest statement is that the deficit is a
rainy-season effect that, for rain-fed crops, coincides
with the crop’s mid-season stages; whether it is sharper
inside the mid-season window than across the wet sea-
son generally is not established at this sample (Sections
8,9).

Egypt is the informative exception. Its mid-season
weeks are better observed than the rest of the year
(94% vs 79%). The estimated window is the wettest
part of the year in the five rain-fed zones, confirming
the calendar mapping tracks each zone’s rainy season,
but in Egypt the July—September maize window has
essentially zero rainfall: Beheira’s agriculture is Nile-
irrigated, so its crop calendar is decoupled from rain-
fall and therefore from the mechanism this paper de-
scribes. The growing-season deficit is conditional on
rain-fed agriculture, which is the smallholder-dominant
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Figure 3: Weekly rainfall versus usable-observation frequency, one panel per zone. CHIRPS weekly rainfall on
the x-axis, weekly usable-observation frequency on the y. This comparison is internal to a single zone. The relationship is
negative in every zone (Spearman p inset) and stays significant at p < 0.001 after adjusting for temporal autocorrelation;

Beheira’s near-zero rainfall in most weeks flattens its linear fit.

setting where monitoring is hardest to do any other way.

5.4 Zero-observation weeks

Fifteen of the 936 zone-weeks returned no scene at all
under the coarse cloud pre-filter, which makes them
ambiguous between “no acquisition” and “every scene
> 95% cloud” Re-querying those weeks without the
filter resolves it. Thirteen of the fifteen are total-cloud
weeks: scenes existed, but the least-cloudy scene was 96—
100% clouded, several at 100%. All ten such weeks in
Kasai-Oriental are total cloud. Only two weeks (both in
Uasin Gishu) are genuine acquisition gaps, and exclud-
ing them moves East Africa’s mean by under one point.
Counting total-cloud weeks as 0% usable is correct; they
are the strongest instances of the effect measured here,
not an artifact.

6. Robustness

6.1 Sensitivity to the usable-pixel threshold

The strict threshold differs from moderate only in also
excluding water, unclassified, and snow/ice pixels (Ta-
ble 2). Moving between the two changes each zone’s
mean by 0.3 to 1.5 points, in the same direction for ev-
ery zone, so it is a level shift rather than a reordering;:
the six-zone ordering is identical and monotonic from
humid to arid under both, the humid-to-arid spread is
26-27 points, and the zone-level rainfall correlation is
unchanged (Spearman p ~ —0.6). Thirty-one of the 936
zone-weeks have a strict/moderate gap above 5 points
(flood weeks in highland Uasin Gishu, wet-season weeks

in Kasai-Oriental), but they are too few to move the
zone means. The lenient threshold does break the
pattern: counting cloud-medium-probability and thin-
cirrus pixels as usable compresses every zone to 72-89%,
collapses the between-zone spread, and makes the order-
ing non-monotonic. We therefore report the gradient as
holding under the strict and moderate definitions and
not under a deliberately permissive one. The within-
zone rainfall correlation is negative and significant in
every zone at all three thresholds; the growing-season
deficit is present in direction at all three but, as in Sec-
tion 5.3, marginal.

6.2 Sensitivity to the choice of year

Recomputing per year, the full six-zone rank ordering
is not reproduced in any single year: East and Southern
Africa differ by about one point over the full period and
swap between 202223 and 2024, and Kasai-Oriental
climbs steeply enough (48%, then 53%, then 65%) to
overtake West Africa in 2024. What is stable every
year is the ends of the gradient (Central Africa worst or
second-worst, North Africa best) and the within-zone
rainfall correlations, which stay negative in every zone
in every year. Kasai-Oriental’s upward trend is a gen-
uine climate signal, not an acquisition or processing ar-
tifact: 2022 was its wettest year and 2024 its driest in
the CHIRPS record, its count of total-cloud weeks fell
from seven to zero over the three years, and acquisition
density was essentially flat (+11%).
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Figure 4: Usable-observation frequency inside the estimated mid-season window versus the rest of the year.
The window is the middle third of each zone’s sow-to-harvest calendar, an approximation of the maize flowering/grain-fill
period (Section 3.4), not an observed crop stage. Blue = rest of year, red = window. p is from a circular block permutation
of the window label (Section 4.3), which respects the fact that the window is one contiguous seasonal block per zone-year:
the ~14-point pooled deficit is descriptively clear but only marginally significant (p = 0.03), and individually significant in
one of six zones. Nile-irrigated Beheira inverts, as the rainfall mechanism predicts.

6.3 Sensitivity to the cropland mask

Re-running the entire study over the full ADM1 poly-
gons instead of cropland only shifts each zone’s mean
by at most 2.3 points (Kasai-Oriental, whose 2.3% crop-
land is marginally better observed than its surrounding
forest); every other zone moves by less than 1.1 points.
The six-zone ordering is identical, the zone-level rainfall
correlation is unchanged, and the Kasai-Oriental year
trend persists. (The unmasked run has far more pixels
per zone, but not more independent spatial units, so it
does not add statistical power for the regional compari-
son, only confidence that the cropland mask is not the
source of the pattern.)

6.4 What does not hold

The pre-specified secondary hypothesis, that within
West Africa the Sahel zone (Kano) is worse observed
than the Guinea-savanna zone (Upper East), is not sup-
ported: the zone means differ by 8.6 points in the ex-
pected direction on two zones over three years, which is
a difference of one zone-pair, not a test. More broadly,
at six spatial sampling units neither the within-region
contrast nor the cross-regional gradient is resolvable as
a powered significance test; both are reported descrip-
tively (Section 5.1), and the load-bearing inferential re-
sult is the within-zone rainfall coupling.

6.5 Sensitivity to the scene-level cloud pre-filter
The coarse eo:cloud_cover < 95 filter (Section 3.2)
acts on the whole scene, not on the cropland within
the zone, so a mostly-clouded scene could in principle
still carry a clear view of the farmland. We bound
its effect without re-reading pixels. Querying the cat-
alogue for the complement of the filter (every scene at
> 95% scene cloud cover) returns 1,350 such scenes,
dropped from between 14 and 98 of each zone’s 156
weeks. The weekly usable-observation metric is mono-
tonic in the number of scenes, so restoring them can
only raise it, and a dropped scene at cloud cover ¢ adds

at most (100 — ¢) points of usable cropland. Applying
that bound to the least-cloudy dropped scene in every
affected week, and assuming (contrary to the scattered
layout of cropland in these zones, Section 3.4) that its
entire clear fraction falls on cropland, each zone’s mean
rises by at most 1.3 points (Kano; the other five by 1.2
or less): Kasai-Oriental, the zone the concern targets,
moves from 55.4% to no more than 56.4%. The six-
zone ordering is unchanged and blind-spot-week rates
move by at most 1.4 points. No single zone-week could
change by more than five points even under this deliber-
ately generous bound, so there is no ambiguous subset
left to resolve with a direct read.

A direct check points the same way. On the nine
weeks that had exactly one retained scene (where the
weekly usable-observation frequency s that scene’s over-
cropland usable fraction), the over-cropland value av-
erages 8.8 points below 100 — (scene cloud cover), not
above it. A mostly-clouded scene is, if anything,
cloudier still over the cropland, the opposite of the con-
cern.

6.6 Cross-check against an independent cloud
product

Because the metric is an SCL-mask pass rate, it in-
herits Sen2Cor’s classification behaviour. We cross-
check it against MCDO6COSP [15], the combined Terra
and Aqua MODIS daily cloud-mask fraction on a 1°
grid: a different instrument (MODIS, not the Sentinel-
2 MSI) and a different algorithm. For each of the
936 zone-weeks we take MODIS clear-sky fraction as
100 x (1 —daytime cloud-mask fraction) and compare it
to the SCL usable-observation frequency.

The two series agree on structure and differ only in level.
MODIS reproduces the six-zone humid-to-arid ordering
exactly (Spearman p = 1.0 on the zone means). The
within-zone rainfall coupling replicates in every zone
and is if anything sharper in MODIS (Spearman p from



—0.62 to —0.91, against —0.34 to —0.83 for SCL; all
significant after the Section 4.3 autocorrelation adjust-
ment). The growing-season deficit is present in MODIS
too (pooled 15 points against 14), with the same Egypt
inversion. The two differ in a systematic offset (SCL
usable-observation frequency runs 10 to 24 points above
MODIS clear-sky fraction) that follows from the defini-
tions: a pixel is usably observed if any scene that week
caught it clear, whereas the MODIS figure is a time-
averaged instantaneous fraction. It does not affect this
paper’s within-zone and rank-based comparisons. At 1°
the MODIS grid is coarse for the smaller zones (Section
8), so this checks the pattern, not the absolute values.

7. Discussion

7.1 The gap is structured, not random

One relationship is on firm ground and two patterns
point the same way. The firm one: within every zone,
usable-observation frequency falls as rainfall rises, it sur-
vives the temporal-autocorrelation and block-bootstrap
corrections, and it reappears in an independent MODIS
cloud product (Section 6.6). Pointing the same way, but
resting on only six spatial units: the humid zones are
worse observed than the arid ones (a 26-point spread
between the extremes), and the deficit is concentrated
in the rain-fed growing season. Because rainfall is the
growing season for rain-fed agriculture, these are not
really independent findings: they are the same rainfall
effect seen at the regional and the seasonal scale. Read
together they say optical missingness in African agricul-
tural monitoring is not random with respect to agricul-
tural risk: it is heaviest over the humid, smallholder,
rain-fed systems, during the months the crop is in the
field. A monitoring product that treats cloud gaps as ig-
norable will be least reliable in those places and months,
and its errors will be spatially and temporally correlated
rather than averaging out. What we cannot yet claim
from six zones is that any region differs from another as
a formal matter, or that the deficit is sharper in the es-
timated mid-season window than across the wet season
generally.

7.2 Implications for agri-EO platform design
For a platform serving African agriculture, the practi-
cal consequence is that optical-only pipelines have a
structural ceiling that better compositing cannot lift:
in a zone with 42% blind-spot weeks, no amount of
cloud-masking recovers a view that was never acquired.
Sentinel-1 C-band SAR, which is unaffected by cloud,
has an overlapping revisit and is available in the same
open archive; SAR-optical fusion for crop condition and
classification is an active field [9], [10]. Our contribu-
tion to that design question is to show the gap is not
only large but tracks rainfall, so any benefit from fu-
sion would be concentrated: it would matter most in
exactly the humid, high-blind-spot, smallholder zones,
and in the growing-season months, that a purely optical
accuracy audit would already flag as a platform’s least
reliable regions and periods.

7.3 Correlation, not yet consequence

This study establishes a structural observation pattern.
It does not measure the downstream effect on the accu-

racy of a specific yield model, condition index, or insur-
ance trigger, nor its financial incidence on farmers, nor
whether SAR or SAR-optical fusion in fact closes the
gap it identifies; those are follow-on work (Section 9).
The claim here is bounded: the input data to African
agri-EO is systematically thinner in predictable places
and times, and that is a reason to evaluate radar fusion,
not yet evidence that fusion is the fix.

8. Limitations

Six spatial sampling units. This is the binding limi-
tation. With one to two zones per region, the regional
gradient and the growing-season concentration cannot
be tested as formal effects; they are reported descrip-
tively and at the zone / zone-year level (Sections 4.3,
5.1, 5.3). A denser zone sample, tens of zones, is what
a powered regional test needs, and it is the first item of
future work.

Repeated measures. The 156 weekly values per zone
are temporally autocorrelated, so any test that treats
them as independent overstates its significance. We
handle this with effective sample sizes, moving-block
bootstraps, and circular block permutation, but these
are corrections to an imperfect design, not substitutes
for more independent units.

What “usable” measures. The metric is a crop-
land pixel passing the SCL quality mask, which is a
proxy for a clear-sky look rather than a direct cloud
measurement. It inherits Sen2Cor’s classification errors
in both directions (undetected cloud, haze and aerosol
can pass the mask, and cloud shadow, thin cirrus and
dark-area pixels that are not cloud are excluded), and
it says nothing about atmospheric-correction quality on
the pixels that do pass. The three-threshold sensitiv-
ity analysis (Section 6.1) partially bounds this, and an
independent MODIS cloud product (Section 6.6) repro-
duces the cross-zone ordering and the rainfall coupling
from a different instrument and a different algorithm; a
systematic level offset between the two is explained by
the metric definitions.

Mid-season window is a calendar approximation.
The window is a calendar third (Section 3.4), not an ob-
served stage: we did not measure flowering or grain-fill.
It assumes a fixed cycle shape and ignores planting-date
spread and year-to-year shifts. The rainfall cross-check
(Section 5.3) at least confirms it lands in the wettest
part of each rain-fed zone’s year; Section 9 covers what
would sharpen it.

One crop. The growing-season analysis is maize-
specific. Other staples (cassava, sorghum, rice) have
different calendars and different stress physiology.

Kasai-Oriental’s small denominator. At 2.3% crop-
land the lowest-observed zone has the fewest cropland
pixels and the highest week-to-week variance; the un-
masked re-run (Section 6.3) is the main defence, and its
zone mean moves only 2.3 points.

9. Future work

The measurement here is descriptive; four directions
would turn it into something a monitoring platform can
act on.



From observation gap to product error. The natu-
ral next study couples the weekly usable-observation se-
ries to a specific downstream product (a yield model, an
NDVI-based condition index, an index-insurance trig-
ger) and quantifies how much accuracy and timeliness
that product loses in the high-blind-spot zones relative
to the well-observed ones, and where in the season the
loss falls. This converts a structural pattern into a mea-
sured cost and is the basis for any claim about financial
incidence on farmers.

Measuring what SAR recovers. This paper mo-
tivates Sentinel-1 SAR fusion but does not measure
its benefit. Repeating the analysis with C-band SAR
added would test the recommendation directly and size
the fusion payoff per zone. The questions are which
zone-weeks radar makes observable that optical alone
does not, and how that varies by region and by season.
Such an analysis has to account for SAR’s own con-
straints, including speckle, a less direct crop-condition
signal, incidence-angle effects, and its own acquisition
geometry.

More spatial units. Six zones cannot power a re-
gional test (Section 8). Extending the same pipeline to
a dense sample of ADMI1 zones (tens per region) or to a
continental grid would make “region” a properly repli-
cated factor, produce a blind-spot-rate map of African
cropland, show whether the climate gradient is smooth
or has thresholds, and let the bias be related quanti-
tatively to smallholder density and food-insecurity in-
dicators. It would also give the zone-years needed to
test whether the deficit is genuinely sharper inside the
mid-season window than across the wet season; that
test also needs stage-resolved phenology (a land-surface-
phenology product or ESA WorldCereal seasonality, rec-
onciled against the calendars) in place of the calendar
third.

Predicting blind-spot weeks. Because the deficit
tracks same-week rainfall and the crop calendar, both
known or forecastable in advance, a platform could
predict which zone-weeks will be blind spots and pre-
emptively schedule SAR or commercial optical tasking
for them, rather than discovering the gap after the fact.

The MODIS cross-check (Section 6.6) could be extended
with a higher-resolution product (Landsat cloud frac-
tion, or a reanalysis cloud field) to test the small zones
at their own scale rather than at 1°.

10. Conclusion

Across three growing seasons and six zones spanning
the African climate gradient, usable Sentinel-2 optical
observation of cropland is not evenly hard to obtain.
Within every zone it is harder when it rains; this re-
lationship holds after correcting for the temporal auto-
correlation of the weekly series, reappears in an inde-
pendent MODIS cloud product, and is the study’s one
firmly supported inferential result. The humid zones
are worse observed than the arid ones (a 26-point spread
between the extremes) and the deficit is concentrated
in the rain-fed growing season; with six spatial sam-
pling units these are reported as descriptive patterns
consistent with the rainfall mechanism, not as powered

regional or seasonal tests, and a denser zone sample is
needed to establish them formally. The one irrigated
zone inverts the seasonal pattern, as the rainfall mech-
anism predicts. Taken together the picture is that opti-
cal blind spots in African agricultural monitoring track
rainfall, and so fall hardest on the humid, smallholder,
rain-fed systems during the months the crop is in the
field, the places and periods a monitoring platform most
needs to see. For platforms building on optical EO
across the continent, that is a strong motivation to eval-
uate radar fusion, targeted at the humid smallholder
zones and the growing season; this study sizes the gap,
and whether fusion closes it is the next test.
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