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Abstract
Comparative studies of machine learning classifiers
for Land Use Land Cover (LULC) mapping often
recommend one algorithm, yet their validation
pixels are usually drawn from a few hand-digitised
polygons and are far from independent. This
study tested whether such differences survive that
dependence. Six classifiers, namely Classification
and Regression Tree (CART), Random Forest,
Extreme Gradient Boosting (XGBoost), Light
Gradient Boosting Machine (LightGBM), a
multilayer perceptron and a support vector machine
(SVM) with a radial basis function kernel, were
applied to four top-of-atmosphere bands of a 2020
annual Sentinel-2 median composite of Taipei City,
Taiwan, at 10 m. All 110 reference polygons were
kept whole in both the hold-out split and the tuning
folds. Pairwise differences were tested with the
standard and the cluster-corrected McNemar test,
and accuracies and class areas were estimated with
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the Olofsson stratified estimator on the effective
sample size. Hold-out overall accuracy ranged
only from 0.927 (CART) to 0.956 (SVM). The 1,829
validation pixels came from 30 polygons and, with
a design effect of 71-76, were equivalent to only
24-26 independent observations. Eight of the fifteen
pairwise differences were significant under the
standard test, but none remained significant after
the cluster correction. Mapped areas nevertheless
differed markedly between models, from 71.7 to
102.1 km2 for built-up land and from 10.9 to 32.2 km2

for swamp; for built-up land, the between-model
spread was as large as the sampling uncertainty
of a single map. The six classifiers are therefore
statistically indistinguishable in accuracy, and the
choice among them should rest on computational
cost, which differed by a factor of about 330 at
inference, and on the stability of the areas they
produce.
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1 Introduction
Land Use and Land Cover (LULC) datasets
underpin urban planning, natural resource inventory,
environmental impact assessment and hazard
monitoring [1, 2]. As urban expansion intensifies,
so does the demand for classification methods
that map heterogeneous landscapes accurately and
reproducibly [3, 4]. Machine learning (ML) classifiers
now dominate the field, and the arrival of cloud
platforms such as Google Earth Engine (GEE) [5] has
made it straightforward to run several of them over
the same imagery and compare the results [6–8].

Comparative studies of this kind are now numerous.
Shao and Lunetta [9] compared SVM against CART
and neural networks under limited training data; Qian
et al. [10] showed that accuracy depends on training
sample size for all classifiers tested; Rodriguez-Galiano
et al. [11], Ghosh et al. [12] and Zhao et al. [3]
reported strong Random Forest performance for
land-cover classification, including in urban settings
where multi-seasonal imagery and ancillary data are
combined; Arpitha et al. [13] confirmed the same
ordering for Karnataka, India. The review by Talukdar
et al. [14] synthesised more than a hundred such
studies. Such comparisons have been conducted across
diverse sensors and biomes, including SAR-based
classifications of tropical savanna [15], confirming
that no single algorithm consistently dominates across
all settings. The characteristic result is a table
of overall accuracies differing by a few percentage
points, followed by a recommendation that the leading
algorithm be adopted.

Two methodological problems underlie that
recommendation, and neither is usually addressed.
The first concerns how the validation sample is built.
Training data for LULC classification are almost
always collected as hand-digitised polygons, from
which pixels are then extracted; a single polygon
may yield hundreds of pixels that are spectrally
near-identical. If the train/test split is applied to the
pixels rather than to the polygons, near-duplicates
of the same observation appear on both sides of the
split, and the hold-out score reflects memorisation
rather than generalisation [16–18]. Even when the
split is made correctly at polygon level, the surviving
validation pixels remain clustered: 1,829 pixels drawn
from 30 polygons are not 1,829 independent tests of
the map. Kish’s design effect [19] quantifies exactly
this loss, yet accuracy figures in the LULC literature
are almost universally reported with the nominal
count.

The second problem follows from the first. Where
a significance test is reported at all, it is McNemar’s
test on the pixel-level contingency of two maps, which
assumes the discordant pixels are independent [20].
Under clustering that assumption inflates the test
statistic, and a difference of one or two accuracy
points can be declared significant on the strength of
sample-size arithmetic alone. Durkalski et al. [21]
give a correction for exactly this situation, aggregating
discordances within cluster before squaring, but it
appears rarely in the remote sensing literature.

Correcting both problems changes the question a
comparative study can answer. Instead of asking
which classifier is most accurate, one can ask whether
the observed accuracy differences are large enough to
be distinguished at all given how the reference data
were collected-and, if they are not, what else should
decide the choice. That is the question this paper takes
up. Taipei City provides a demanding test case: a
compact basin of roughly 272 km2 combining dense
urban fabric, forested mountains, riverine wetlands
and agricultural pockets. The complexity of its hillside
land cover transitions has been documented in prior
remote sensing work [22, 23], and the heterogeneity
of the landscape makes it an informative testbed for
classifier comparison. Previous LULC work on Taiwan
has concentrated on multi-decadal change at island
scale [23, 24] rather than on intra-urban classifier
benchmarking.

This study therefore aims to: (1) tune and compare
six ML classifiers-CART, Random Forest, XGBoost,
LightGBM, a multilayer perceptron and an RBF
support vector machine-for LULC mapping of Taipei
City on a Sentinel-2 composite, under a partitioning
scheme that keeps every training polygon whole; (2)
test whether the resulting accuracy differences survive
a correction for the clustering of validation pixels
within polygons, and quantify the effective sample
size that clustering leaves; and (3) determine whether
classifier choice affects the class areas derived from
the maps more or less than the sampling uncertainty
of any one map, since area, not accuracy, is what a
planner reads off an LULC product.

2 Study Area
Taipei City, the political, economic and cultural centre
of Taiwan, occupies approximately 272 km2 in the
Taipei Basin at the northern tip of the island (Figure 1).
Population density is approximately 9,500 persons per
km2 and the city is administratively divided into twelve
districts. Taipei City is an enclave of New Taipei City;
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together they form the Taipei metropolitan area, home
to roughly one-third of Taiwan’s population.

Figure 1. Study area. Taipei City, its twelve administrative
districts and its setting in northern Taiwan.

Topography is low-lying in the west and centre and
rises into hills to the north, east and south, reaching
1,120 m at Qixing (Chihsin) Mountain, Taiwan’s tallest
dormant volcano, in the north. Forested hills account
for roughly half of the total area and serve as the
city’s green belt and water catchment. Three major
waterways cross the city: the Jingmei River in the south,
the Keelung River in the east and the Tamsui River in
the west.

Official zoning statistics give public facilities 26.36%
of the total area, followed by residential (14.14%),
commercial (3.42%) and industrial (1.53%) zones.
Non-urban zones comprise conservation land
(25.47%), river corridors (6.67%), agricultural land
(1.94%) and scenic areas (0.68%). This mosaic,
running from dense urban core to mountainous forest
within a compact footprint, is what makes Taipei an
informative testbed for classifier comparison.

The area actually classified here is 270.44 km2. The
difference from the 272 km2 administrative figure is the
raster footprint: the city boundary is rasterised at 10 m

and pixels whose centres fall outside the boundary
are dropped. All areas reported below are shares
of the 270.44 km2 classified extent, and are directly
comparable with one another.

3 Materials and Methods
The full workflow, from image and vector input
through to accuracy and area assessment, is set out
in Figure 2.

3.1 Satellite Data and Pre-processing
Sentinel-2 imagery was accessed through the GEE
catalog as the COPERNICUS/S2_HARMONIZED collection,
filtered to the Taipei City boundary and to the
calendar year 2020 (1 January to 31 December).
Scenes with more than 20% cloud cover, by the
CLOUDY_PIXEL_PERCENTAGE property, were excluded,
cloud and cirrus were masked per pixel using
the QA60 band, and the remainder reduced to a
per-band median composite. A full-year rather than
single-season window was used because Taipei’s
summer cloud regime leaves too few clear scenes for
a stable summer-only median; the median reducer
suppresses the residual cloud and shadow that survive
the scene-level filter.

This collection is Level-1C, that is, top-of-atmosphere
(TOA) rather than atmospherically corrected surface
reflectance. It was retained so that all six classifiers are
compared on identical inputs. The choice is defensible
for a single-year, single-site comparison of this kind,
because atmospheric effects are close to common
across a composite of one city in one year and therefore
shift all six models together rather than favouring
any one of them, and because the median reducer
over a full year suppresses much of the episodic haze
that atmospheric correction targets. It would not be
defensible for multi-temporal change detection or for
transferring a trainedmodel to another date or site, and
it is one reason the absolute accuracies here should be
read as conditional rather than as a benchmark.

Four Multispectral Instrument (MSI) bands were
retained, all at 10 m native resolution: blue (B2,
490 nm), green (B3, 560 nm), red (B4, 665 nm) and
near-infrared (B8, 842 nm) (Table 1). Reflectance was
scaled to the 0-1 range. The composite was projected
to Universal Transverse Mercator (UTM) zone 51N
(WGS 84) at 10 m so that the areas reported below are
measured on a metric grid.

One detail of the GEE implementation is worth
recording because it is easy to miss and materially
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Figure 2. Methodology. Processing runs top to bottom through six stages. Counts inside the boxes are read from the
analysis outputs. The dashed feedback path marks the one circularity in the design: the stratum weightsWi of the

area-weighted estimator are the mapped class areas, so each model must be assessed against a sample stratified by its
own map.

affects the sample. A composite produced by
ee.ImageCollection.median() carries a default
geographic projection at one degree per pixel. Calling
sampleRegions() on such an image without an explicit
projection argument therefore samples on the default
grid rather than the intended 10 m grid, which in
our first run produced 8.8% duplicated rows in
the training table. The scale and projection are set
explicitly at every sampling call in the released code.

Table 1. Sentinel-2 MSI bands used for classification, from
the Level-1C top-of-atmosphere COPERNICUS/S2_HARMONIZED

collection.

Band Description λ (nm) Res. (m)

B2 Blue 490 10
B3 Green 560 10
B4 Red 665 10
B8 Near-infrared 842 10
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3.2 Training Sample Design
Reference polygons for five LULC classes-water,
built-up, forest/vegetation, plantation and
swamp-were digitised on-screen over high-resolution
basemap imagery, guided by field familiarity with
the city. Class definitions are as follows: water
covers rivers and open water bodies; built-up covers
buildings, roads and other impervious surfaces;
forest/vegetation covers the hill forest and dense
urban greenery; plantation covers cultivated and
managed vegetation including urban parks and
riparian cultivation; and swamp covers the seasonally
inundated margins of the Tamsui and Keelung rivers.

The digitised layer was stored as one feature per class,
each a MultiPolygon. Because the unit of spatial
dependence is the individual polygon rather than
the class, every MultiPolygon was exploded into its
constituent parts before any partitioning, giving 110
separate polygons and 8,493 labelled 10 m pixels
(Table 2; Figure 3(a) maps their distribution across
the city).

Table 2. Labelled pixels per class after the polygon-grouped
split (80 training and 30 validation polygons, nominally
70/30). The split is applied to the 110 reference polygons,

not to the pixels, so no polygon contributes to both
columns.

Class Training Validation Total

Water 1,551 153 1,704
Built-up 1,577 440 2,017
Forest/Vegetation 2,383 970 3,353
Plantation 775 150 925
Swamp 378 116 494

Total 6,664 1,829 8,493

Polygons were then split approximately 70/30 (80
and 30 polygons) into training and validation sets,
stratified by class, with the split applied to polygons
and not to pixels. Every pixel of a polygon therefore
falls entirely on one side of the split. This is the
most consequential methodological choice in the study.
Figure 4(a) measures why it is necessary. Pixels drawn
from within one digitised polygon are near-duplicates
of one another: over pairs of labelled pixels of the
same class, the median Euclidean distance in the
four-band reflectance space is 3.5 times largerwhen the
two pixels come from different polygons than when
they come from the same one. A pixel-level split
therefore places copies of the same observation on
both sides of the divide, and the resulting hold-out
score is optimistically biased by an amount that cannot
be estimated after the fact [16–18]. The split yielded

80 training polygons (6,664 pixels) and 30 validation
polygons (1,829 pixels).

3.3 Classification Algorithms
Six classifiers were applied to the same four-band
feature vector, the same training partition and the same
tuning budget. They span the four families in common
use for LULC work (a single tree, three tree ensembles,
a margin method and a neural network), so that any
difference between the resulting maps is attributable
to the decision rule alone.

3.3.1 Classification and Regression Tree
CART [25] recursively partitions the feature spacewith
axis-aligned splits chosen to minimise node impurity.
For a node t with class proportions p(i | t) the Gini
index is

G(t) = 1−
k∑

i=1

p(i | t)2, (1)

and the split maximising the impurity decrease ∆G =
G(t) − pLG(tL) − pRG(tR) is selected at each step.
The tree is post-pruned by minimal cost-complexity
pruning with parameter α [25].

3.3.2 Random Forest
Random Forest [26, 27] grows an ensemble of trees,
each on a bootstrap resample of the training set and
each split restricted to a random subset of features, and
assigns the class by majority vote:

ŷ(x) = arg max
c

B∑
b=1

I[hb(x) = c] , (2)

where hb is the b-th tree. Randomising both rows
and columns decorrelates the trees and reduces the
variance of the aggregate relative to any single tree.

3.3.3 Gradient-Boosted Trees
XGBoost [28] and LightGBM [29] both fit trees in
sequence, each new tree fitted to the gradient of the
loss of the current ensemble. WritingL for the loss and
Ω for a complexity penalty, the objective at boosting
roundm is

J (m) =
∑
n

L
(
yn, ŷ

(m−1)
n + fm(xn)

)
+ Ω(fm). (3)

The two differ mainly in how they grow each tree:
XGBoost grows trees level-wise (depth-wise) by
default, whereas LightGBM grows them leaf-wise
and adds histogram-based split finding with optional
gradient-based one-side sampling (GOSS) [29]. This
matters for training cost more than for the fitted
decision surface.
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Figure 3. Sampling design and effective sample size. (a) The 110 training polygons, 80 training and 30 validation; ring
size is proportional to pixel count. (b) Pixels per polygon by class and split, log scale. (c) The cost of clustering: thinning
pixels within polygons (red) against removing whole polygons (blue). (d) The design effect class by class and model by

model.

3.3.4 Support Vector Machine
SVM [30, 31] seeks the hyperplane of maximum
margin in a space induced by a kernel. With the radial
basis function kernel

K(xi,xj) = exp
(
−γ‖xi − xj‖2

)
, (4)

the decision function is f(x) =
∑

i αiyiK(xi,x) +
b, with the αi obtained from the soft-margin dual
problemunder the box constraint 0 ≤ αi ≤ C. Features
were standardised before fitting, as the RBF kernel is
not scale invariant [32].

3.3.5 Multilayer Perceptron
The MLP is a feedforward network with one hidden
layer of rectified linear units (ReLU) and a softmax
output, trained by Adam on the cross-entropy loss
with L2 weight decay α. As with the SVM, features
were standardised first.

3.3.6 Hyperparameter Tuning
For the SVM, C and γ were the primary tuning targets;
the sensitivity of RBF-SVM performance to these
parameters in remote sensing applications has been
demonstrated in operational mapping contexts [32,
33]. Each model was tuned by randomised search
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Figure 4. Why the model comparison has to be cluster-aware, in three measured steps. (a) Pixels inside one digitised
polygon are near-duplicates of one another: for pairs of pixels of the same class, the median distance in the four-band
reflectance space is 3.5 times larger between polygons than within one. (b) The 1,829 validation pixels are therefore

worth only 24 to 26 effective observations, a design effect of 71 to 76. (c) A test that assumes independence over-rejects
accordingly. Under a null in which two classifiers have identical expected accuracy, the false-positive rate of the naive
McNemar test climbs with the intra-cluster correlation of correctness and reaches 82.5% at the value observed here, while

the cluster-corrected test of Durkalski et al. [21] stays at or below the nominal 5%. Both tests are calibrated at zero
correlation, which is what validates the two implementations. Four thousand null replicates per point; bands are 95%

binomial intervals.

over 60 candidate configurations with five-fold
cross-validation. Critically, the folds were grouped by
polygon, using the same grouping variable as the outer
split, so that no polygon appeared in both a fitting fold
and a scoring fold. Tuning on ungrouped folds would
select the configuration that best memorises polygon
identity, which is not the configuration that generalises.
Selected values are given in Table A1.

3.4 Accuracy Assessment
Accuracy was assessed at three levels of rigour, and
the differences between them are a substantive result
of this study rather than a technical preliminary.

3.4.1 Hold-out accuracy
Overall accuracy (OA) and Cohen’s κ [34] were
computed on the 1,829 held-out pixels, with 95%
confidence intervals from 2,000 bootstrap replicates.
These figures are reported for comparability with the
existing literature, in which they are the standard
currency, and are not the basis for any inference here.

3.4.2 Effective sample size
The 1,829 validation pixels come from only 30
polygons. Treating them as independent overstates
the information they carry by the design effect [19]

deff = 1 + (m̄w − 1) ρ, m̄w =

∑
km

2
k∑

kmk
, (5)

wheremk is the number of validation pixels in polygon
k and m̄w is the size-weighted mean cluster size.

m̄w equals the ordinary mean when all polygons
are the same size and exceeds it otherwise; here
the validation polygons hold 6 to 144 pixels, and
m̄w = 83.9 against an arithmetic mean of 61.0. ρ
is the intra-cluster correlation (ICC) of the per-pixel
correctness indicator, estimated by one-way analysis
of variance with the adjusted cluster size m0 = (n −∑

km
2
k/n)/(k − 1) for unequal clusters. Because the

Olofsson estimator is stratified by map class, deffi

is computed separately within each map stratum i,
and neff,i = ni/deffi (floored at 2). Where a stratum
contains no misclassified pixels, ρ is undefined and its
limiting value ρ = 1 is used, giving neff,i = n2

i /
∑

km
2
ik.

Every variance below is computed on neff,i rather than
on ni. The effect is large here: summed over strata,
the 1,829 validation pixels carry the information of
only 24 to 26 independent observations, depending
on the model (Figure 4(b)). This is fewer than the 30
polygons, because the polygons are unequal in size
and the largest of them dominate the variance.

3.4.3 Area-weighted accuracy and area estimation
Because the validation sample is not proportional to
the mapped extent of each class, the raw confusion
matrix is a biased estimator of map accuracy. The
stratified estimator of Olofsson et al. [35] and
Stehman [36] reweights each cell by the mapped area
shareWi of stratum i:

p̂ij = Wi
nij
ni·

, ÔA =
∑
i

p̂ii. (6)
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Built-up 71.7 km2
(a) SVM (RBF)   OA 0.956

Built-up 95.9 km2
(b) LightGBM   OA 0.941

Built-up 83.7 km2
(c) MLP (deep)   OA 0.941

Built-up 96.0 km2
(d) XGBoost   OA 0.936

Built-up 83.6 km2
(e) Random Forest   OA 0.935

Built-up 102.1 km2
(f) CART   OA 0.927

1  Water 2  Built-up 3  Forest/Vegetation 4  Plantation 5  Swamp

Figure 5. Six-panel comparison of the 2020 LULC maps of Taipei City produced by the six classifiers at 10 m. Panels are
ordered by hold-out overall accuracy, which is printed with each model name; mapped built-up area is annotated at the

lower right of each panel.

The area of class j follows as Âj = Atot
∑

i p̂ij , with
standard error

S(Âj) = Atot

√∑
i

W 2
i

p̂ij/Wi (1− p̂ij/Wi)

neff,i − 1
. (7)

Substituting neff,i for ni· in Eq. 7 is the one departure
from the published formulation, and it keeps the
intervals consistent with the polygon design; without
it they would be roughly 8.4 to 8.7 times too narrow
(
√

deff). Note that the weights Wi are the class
areas of the map being assessed, so each model is

necessarily evaluated against a sample stratified by
its own map-the feedback path marked in Figure 2.

3.4.4 Testing differences between models
Pairs of models were compared with McNemar’s test
on the discordant pixels. In its standard form, with b
and c the counts of pixels correct under exactly one of
the two models,

χ2 =
(|b− c| − 1)2

b+ c
, (8)
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Figure 6. Spatial structure of disagreement between models. Left: for every pixel, the number of the six classifiers
assigning it the modal class. Right: for each modal class, the share of its pixels at each agreement level.

which assumes the discordances are independent.
Under the polygon design they are not, and the
correction of Durkalski et al. [21] was applied:
discordant outcomes are summed within polygon
before squaring, so that a run of errors inside
one polygon counts once rather than many times.
Both versions were computed for all fifteen pairs
and Holm-adjusted for multiplicity within each
version [37].

The validity of the correction under this design was
checked by simulation rather than assumed. Null
data were generated on the observed design-the
30 validation polygons at their observed sizes, two
classifiers of identical expected accuracy, and a
per-polygon error rate drawn independently for each
model from a Beta distribution tuned to a given
intra-cluster correlation ρ-so that every rejection is
a false positive by construction. Four thousand
replicates were run at each of fourteen values of ρ
(Figure 4(c)). At ρ = 0, where the pixels really are
independent, both tests are calibrated: the naive test
rejects at 5.0% and the clustered test at 5.2%, against a
nominal α of 0.05. At the ρ = 0.80 observed here-the
median over the sixmodels, which span 0.60 to 0.82-the
naive test rejects at 82.5%while the clustered test rejects
at 1.4%. The correction is therefore conservative on this
design, which is the direction that protects a negative
finding.

3.4.5 Class separability
The Jeffries-Matusita distance was computed for all
ten class pairs in the four-band feature space on the
training pixels. For two classes assumed Gaussian
with means µi and covariances Σi, the Bhattacharyya
distance is

B = 1
8(µ1−µ2)>Σ−1(µ1−µ2)+ 1

2 ln
|Σ|√
|Σ1| |Σ2|

, (9)

with Σ = (Σ1 + Σ2)/2, and JM = 2
(
1− e−B

)
,

bounded above by 2. Pairs below approximately 1.9
are conventionally read as not reliably separable. This
diagnostic is a property of the band set alone and
is independent of any classifier, which makes it the
natural place to look when all six models fail in the
same way.

4 Results
Results are presented in the order in which the
argument is built: the six maps and how similar they
look; their accuracies and the intervals around them;
whether the differences between those accuracies are
real; how far the class areasmove betweenmodels; and
where in the city and in the feature space the surviving
errors sit.

4.1 Classified Maps
All six classifiers produced a complete LULC map
of the 270.44 km2 study extent at 10 m (Figure 5).
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At the scale of the city the six are hard to tell apart:
the forested Beitou, Shilin, Neihu and Wenshan hills,
the built-up basin floor and the three river corridors
appear in every map, and the six agree pixel-for-pixel
on 81% of the city.

That agreement is not evenly distributed. Figure 6
shows 94% of pixels mapped as forest/vegetation are
unanimous across all six models, against only 50% of
those mapped as swamp and 64% of those mapped
as plantation. The disagreement is spatially organised
rather than scattered: it forms narrow bands along
class boundaries and concentrates in the basin, which
is the pattern expected of a genuine ambiguity in the
class definitions rather than of independent classifier
noise.

Figure 7 shows themost accuratemap, the RBF support
vector machine, at full page with district boundaries
and three enlarged windows. Two features of the
map deserve comment. In the Beitou and Shilin
foothills (window A) the forest-plantation boundary
follows the terrain break closely, which is the behaviour
one wants. In the Zhongshan-Datong-Songshan core
(window B) the wide boulevards of the basin floor are
assigned to water and swamp rather than to built-up.
This is the one systematic failure that survives in the
best model, and Section 4.5 shows it to be a property
of the four-band feature set rather than of the SVM.

4.2 Accuracy and Its Uncertainty
Hold-out overall accuracy spans 2.96 percentage
points, from 0.9267 for CART to 0.9563 for the RBF
SVM, with κ from 0.8900 to 0.9332 (Table 3). The
ordering-SVM, then LightGBM and theMLP tied, then
XGBoost, Random Forest and CART-is the ordering
a conventional comparative study would report, and
the bootstrap intervals around it are narrow: the SVM
interval [0.9464, 0.9650] does not overlap the CART
interval [0.9142, 0.9382]. Cross-validated accuracy on
the grouped folds is uniformly higher than hold-out
accuracy, by between 2.5 and 4.8 points, which is the
expected direction: the configuration of each model
was selected by maximising this same cross-validated
score over 60 candidates, so the score is optimistically
biased, and the scoring folds are drawn from the same
pool of polygons used for tuning.

Those bootstrap intervals, however, resample the 1,829
validation pixels as if they were independent draws,
which the polygon design does not license. The
intra-cluster correlation of the correctness indicator,
estimated within each map stratum across the

validation polygons, gives overall design effects
(n/neff) between 70.8 and 75.5 depending on the
model. The 1,829 pixels are therefore worth between
24.2 and 25.8 independent observations (Table 4).

Recomputing the accuracies on that effective sample,
and reweighting the confusion matrices by mapped
area after Olofsson et al. [35], gives a different result.
Area-weighted overall accuracy ranges from 0.9484
(XGBoost) to 0.9701 (SVM), but the standard errors
are between 0.0320 and 0.0426, so every interval covers
every other model’s point estimate. Figure 8 sets
the two panels side by side: the apparent separation
between the six models in the hold-out panels is finer
than the precision the sampling design can support.

The per-class picture (Table A2, Figure 9) locates the
weakness. User’s accuracy for forest/vegetation is at
least 0.998 in every model and for built-up at least
0.950. Plantation is the weak class throughout: user’s
accuracy runs from 0.595 (CART) to 0.755 (SVM),
meaning that between a quarter and two-fifths of
the pixels mapped as plantation belong to another
class, almost always forest/vegetation. Producer’s
accuracy for plantation, by contrast, is 0.98 or better
in every model-the classifiers find the plantation, but
over-assign to it.

4.3 Significance of Between-Model Differences
The fifteen pairwise McNemar tests are reported in
Table A3 and plotted in Figure 10. Treating the
validation pixels as independent, eight of the fifteen
differences are significant at α = 0.05 after Holm
adjustment, including every comparison involving
CART except CART-XGBoost and every comparison
involving the SVM. The smallest naive p-value, for
CART against the SVM, is 2.9× 10−8.

Applying the cluster correction of Durkalski et al. [21],
which aggregates discordant outcomeswithin polygon
before squaring, none of the fifteen differences remains
significant. The smallest adjusted clustered p-value
across all fifteen pairs is 0.293, for CART against the
MLP; the other fourteen are all 1.000 after adjustment.
The reason is visible in the discordant-polygon counts:
the 78 pixels on which CART and the SVM disagree
(66 in the SVM’s favour) come from only ten polygons,
so the effective evidence for a difference rests on ten
clusters rather than 78 pixels.

The two columns thus lead to different conclusions:
the naive test would support recommending
one algorithm, whereas the clustered test cannot
distinguish any of the six.
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SVM (RBF), Sentinel-2 median composite
2020-01-01 to 2020-12-31, 10 m
WGS 1984, geographic

1  Water
2  Built-up
3  Forest/Vegetation
4  Plantation
5  Swamp
City boundary

Figure 7. LULC of Taipei City in 2020 from the most accurate classifier, SVM with an RBF kernel. The twelve districts are
named and outlined in white. Three windows are enlarged in the margins: (A) the Beitou and Shilin foothills; (B) the

Zhongshan-Datong-Songshan core; (C) the Wenshan valley.

Table 3. Hold-out performance of the six tuned classifiers, ordered by overall accuracy. Cross-validated accuracy is the
mean over five polygon-grouped folds of the training partition. Confidence intervals are 2000-replicate bootstrap

percentile intervals over the 1,829 validation pixels and, because that resampling treats the pixels as independent, are
reported here only for comparison with Table 4. Tuning time is wall-clock time for the full randomised search; inference

time is for the complete validation set.

Model CV acc. OA 95% CI κ 95% CI Tuning (s) Inference (ms)

SVM (RBF) 0.9808 0.9563 [0.9464, 0.9650] 0.9332 [0.9185, 0.9467] 6.4 106.23
LightGBM 0.9681 0.9410 [0.9306, 0.9513] 0.9111 [0.8948, 0.9264] 1,124.5 40.24
MLP 0.9778 0.9410 [0.9305, 0.9513] 0.9111 [0.8954, 0.9268] 98.9 1.08
XGBoost 0.9657 0.9360 [0.9251, 0.9470] 0.9035 [0.8870, 0.9197] 19.1 2.86
Random Forest 0.9788 0.9355 [0.9240, 0.9459] 0.9030 [0.8860, 0.9188] 54.6 14.37
CART 0.9744 0.9267 [0.9142, 0.9382] 0.8900 [0.8720, 0.9073] 3.0 0.32

4.4 Between-Model Differences in Class Area
Statistical indistinguishability in accuracy does not
imply that the six maps are interchangeable. Table 5
gives the mapped area of each class in each map.
Built-up land ranges from 71.68 km2 (SVM) to
102.06 km2 (CART), a spread of 30.38 km2, or 1.42
times the smallest estimate-more than 11% of the entire
city. Swamp ranges from 10.88 km2 (LightGBM) to

32.16 km2 (Random Forest), a factor of 2.96. Water
ranges over a factor of 1.96. Only forest/vegetation is
stable, spanning 126.64 to 133.34 km2, a spread of 5%.

The comparison that matters for a user of these maps is
between that between-model spread and the sampling
uncertainty of any one model’s area estimate. Table 6
and Figure 11 make it directly. For built-up land, half
the between-model range is 15.19 km2, the same as the
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Table 4. Area-weighted overall accuracy after Olofsson et al. [35], with the variance computed on the effective rather than
the nominal sample size. Each model is assessed against a sample stratified by its own map, so the stratum weights differ
between rows. The design effect deff = n/neff is the price of drawing validation pixels from 30 polygons instead of 1,829

independent locations; the hold-out column is repeated from Table 3 for contrast.

Model Hold-out OA Weighted OA SE 95% CI n neff deff

SVM (RBF) 0.9563 0.9701 0.0323 [0.9068, 1.0000] 1,829 25.8 70.8
LightGBM 0.9410 0.9574 0.0357 [0.8875, 1.0000] 1,829 24.4 74.9
MLP 0.9410 0.9572 0.0320 [0.8946, 1.0000] 1,829 24.3 75.3
XGBoost 0.9360 0.9484 0.0426 [0.8648, 1.0000] 1,829 24.6 74.2
Random Forest 0.9355 0.9583 0.0402 [0.8794, 1.0000] 1,829 24.2 75.5
CART 0.9267 0.9595 0.0328 [0.8952, 1.0000] 1,829 24.6 74.3
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CART

Random Forest

XGBoost

LightGBM

MLP

SVM (RBF)

(a) hold-out overall accuracy
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(c) area-weighted overall accuracy

Figure 8. Model accuracy with uncertainty. (a) Hold-out overall accuracy and (b) hold-out κ, with 2,000-replicate
bootstrap 95% intervals over the 1,829 validation pixels. (c) Area-weighted overall accuracy after Olofsson et al. [35],

with the interval computed on the effective sample size that survives the polygon design effect; neff is annotated for each
model.
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Figure 9. Per-class user’s (a) and producer’s (b) accuracy for each model, with 95% confidence intervals from the
area-weighted estimator.

median single-model 95% margin of 15.15 km2 (ratio
1.0): the choice of classifier moves the estimate as far
as a typical single-model confidence interval allows.
For swamp (0.7) and water (0.6) the between-model
spread is somewhat smaller than the sampling margin,
and for forest/vegetation (0.3) and plantation (0.3) it

is much smaller.

In practice, an area quoted from a single classifier with
its own confidence interval, which is the standard
form of reporting in this literature, leaves out a
between-model component that, for built-up land, is
as large as the sampling margin itself and, for swamp
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Figure 10. Pairwise significance. (a) Holm-adjusted McNemar p-values for all fifteen model pairs; the lower triangle is
the standard pixel-level test, the upper triangle the cluster-corrected test of Durkalski et al. [21]. Colour is on a log scale.
(b) The same fifteen comparisons as a paired dot plot, naive against cluster-corrected, with the 0.05 threshold marked.

Table 5. Mapped area of each class (km2) in each of the six classified maps, with the between-model range and the ratio
of the largest to the smallest estimate. Every map covers the same 270.44 km2, so the columns differ only in how that area

is apportioned.

Class SVM (RBF) LightGBM MLP XGBoost Random Forest CART Range Max/min

Water 14.53 8.93 9.93 7.98 7.42 7.66 7.12 1.96×
Built-up 71.68 95.87 83.70 96.03 83.55 102.06 30.38 1.42×
Forest/Vegetation 133.34 132.70 131.45 131.75 127.72 126.64 6.70 1.05×
Plantation 18.74 22.07 25.31 22.87 19.59 18.16 7.15 1.39×
Swamp 32.15 10.88 20.04 11.81 32.16 15.92 21.29 2.96×

Total 270.44 270.44 270.44 270.44 270.44 270.44 - -

0 50 100 150
mapped area (km2)

Water

Built-up

Forest/Vegetation

Plantation

Swamp

  2.0x
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(a) area of the classified map
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(c) which uncertainty is larger

SVM (RBF) MLP Random Forest LightGBM XGBoost CART

Figure 11. Between-model area uncertainty. (a) Mapped area of each class in each of the six maps, annotated with the
ratio of largest to smallest. (b) Design-based area estimates with 95% intervals, computed per model after Olofsson et
al. [35]. (c) For each class, half the between-model range (red) against the median single-model 95% half-width (blue);

the annotated ratio is red divided by blue.
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Table 6. Design-based area estimates for the most accurate model, SVM with an RBF kernel, after Olofsson et al. [35] on
the effective sample size. The last three columns compare the two sources of uncertainty in an area figure: the sampling
half-width is the median across the six models of that model’s own 95% margin, and the model half-width is half the
between-model range of Table 5. Where the ratio exceeds one, the choice of classifier moves the estimate further than the

median single-model 95% margin.

Class Mapped Estimated SE 95% CI ± sampling ±model Ratio

Water 14.53 12.35 5.19 [2.18, 22.52] 6.20 3.56 0.6×
Built-up 71.68 72.96 5.88 [61.43, 84.49] 15.15 15.19 1.0×
Forest/Vegetation 133.34 137.55 4.16 [129.40, 145.70] 10.45 3.35 0.3×
Plantation 18.74 14.44 4.18 [6.24, 22.63] 10.26 3.58 0.3×
Swamp 32.15 33.14 7.56 [18.32, 47.96] 15.14 10.64 0.7×

and water, more than half of it.

4.5 Spatial and Spectral Structure of the Errors
The errors that remain are neither scattered nor
model-specific, and three independent views converge
on the same explanation.

First, the confusions recur across models. Table 7
lists every ordered class pair confused by at least one
classifier. Forest/vegetation assigned to plantation
affects all six models, with a median of 89 pixels, 9.18%
of the class. Swamp assigned to water affects five
models. Built-up assigned to swamp, and the reverse,
affect six and five models respectively. Two pairs
account for the great majority of all errors.

Second, within a class the errors concentrate in one or
two polygons. Figure 12(b) shows that between 95.7%
and 96.6% of every model’s forest/vegetation errors
fall inside a single validation polygon, number 77, out
of the thirteen forest polygons in the validation set. For
built-up, one polygon (number 16) accounts for 100%
of the errors in XGBoost, LightGBM and the MLP and
88.9% in RandomForest. That six independently tuned
classifiers from four model families fail on the same
polygon points to a cause in the reference data rather
than in the classifiers.

Third, those polygons sit in the wrong place in the
feature space. Figure 12(c, d) projects each validation
polygon onto the axis joining the centroids of its
labelled class and the class it is confused with, in the
z-scored four-band space. The offending polygons lie
at or beyond the halfway point of that axis, that is,
closer to the centroid of the other class than to their
own. Polygon 77, a forest polygon, sits 2.59 times the
class median distance from its own centroid. That is
the signature of overlapping class definitions-a stand
ofmanaged trees is a legitimatemember of either forest
or plantation-rather than of mislabelled reference data.

The separability analysis is consistent with this
interpretation. Table 8 and Figure 13 give the
Jeffries-Matusita (JM) distance for all ten class pairs.
Nine pairs exceed 1.98, comfortably separable. One
does not: built-up against swamp, at 1.848. With only
B2, B3, B4 and B8 available, deep street canyons in
building shadow present the low reflectance across all
four bands that also defines swamp. This is a property
of the band set, not of any classifier, and it explains
both why the boulevards of window B in Figure 7
are misassigned and why every one of the six models
makes that same mistake.

4.6 Computational Cost
Because accuracy does not separate the six models,
computational cost was also compared. Tuning time
for the full 60-candidate randomised search spans
more than two orders of magnitude (a factor of
about 380), from 2.97 s for CART to 1,124.53 s for
LightGBM, with the SVM at 6.44 s, XGBoost at 19.05 s,
Random Forest at 54.65 s and the MLP at 98.93 s
(Table 3). Inference over the full validation set orders
the models differently: CART at 0.32 ms and the MLP
at 1.08 ms are effectively free, while the SVM-the most
accurate model-is the slowest at 106.23 ms, roughly
330 times CART, because kernel evaluation scales with
the number of support vectors.

The implications of these costs for model choice are
discussed in Section 5.2.

4.7 Toward an Independent Reference Sample
The accuracies above are estimated from a validation
partition of the same purposive polygon set used
for training. Splitting at polygon level removes the
leakage between fitting and scoring, and weighting by
mapped area removes the bias from disproportionate
class representation, but neither converts a purposive
sample into a probability sample. The estimates
are conditional on the polygons having been placed
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Table 7. Confusions recurring across models. For each ordered pair, the number of the six models affected, the median
and range of the pixel count, and the median share of the true class assigned to the other class.

True class Mapped as Models Median px Range % of class

Forest/Vegetation Plantation 6 89 47-89 9.18
Swamp Water 5 15 0-25 12.93
Built-up Swamp 6 4 3-9 0.91
Swamp Built-up 5 4 0-23 3.45
Water Forest/Vegetation 3 0 0-1 0.33
Water Built-up 2 0 0-1 0.00
Built-up Water 1 0 0-2 0.00
Built-up Plantation 2 0 0-13 0.00
Plantation Forest/Vegetation 1 0 0-2 0.00
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Figure 12. Where the misclassification is. (a) Recurring confusions: for each ordered class pair, the median across models
of the share of the true class assigned to the other. (b) For each class and model, the share of that class’s validation errors

falling inside its single worst polygon. (c, d) Position of each validation polygon on the axis joining the two class
centroids in the z-scored four-band feature space, where 0 is the centre of the labelled class and 1 the centre of the class it

is confused with.

representatively, which cannot be verified from the
sample itself. This is the reason the figures in Table 4
should be read as internally consistent comparisons
across the sixmodels rather than as unbiased estimates
of map accuracy for Taipei.

A design for an independent reference sample
is therefore given in the supplementary material

(Table A4, Figure A1). Strata are the classes of the
SVM map, weights Wi their area shares. Strictly
proportional allocation of the 501-point base sample
would give plantation 35 points, from which user’s
accuracy could be estimated no better than about ±16
percentage points, so each rare class is raised to a floor
of 75. Interpreting this sample against independent
high-resolution imagery, and re-estimating accuracy
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Table 8. Bhattacharyya and Jeffries-Matusita (JM) distances for the ten class pairs, computed on the training pixels in the
four-band feature space. The measure is bounded above by 2 and pairs below roughly 1.9 are conventionally read as not

reliably separable. Only Built-up against Swamp falls short.

Class A Class B Bhattacharyya JM Verdict

Built-up Swamp 2.579 1.8483 marginal
Water Built-up 4.978 1.9862 separable
Water Swamp 5.077 1.9875 separable
Forest/Vegetation Plantation 5.119 1.9880 separable
Plantation Swamp 6.625 1.9973 separable
Built-up Forest/Vegetation 10.592 1.9999 separable
Water Forest/Vegetation 14.091 2.0000 separable
Water Plantation 36.975 2.0000 separable
Built-up Plantation 12.466 2.0000 separable
Forest/Vegetation Swamp 20.705 2.0000 separable
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Figure 13. Pairwise class separability (JM distance) plotted
against the conventional threshold of 1.9. Only built-up

against swamp falls short, at 1.848.

and area from it, is the necessary next step and is
beyond the scope of the present analysis.

5 Discussion
5.1 Why the Ensembles Do Not Outperform a

Single Tree
The expected result of a six-way comparison of this
kind is that the boosted ensembles and the SVM
outperform a single pruned tree by a clear margin.
They do not. CART reaches 0.9267 against 0.9563
for the SVM, and LightGBM, given about 380 times
CART’s tuning budget in wall-clock terms, reaches
0.9410.

The competitiveness of a single pruned tree relative
to more complex models is not without precedent:

Tayyebi and Pijanowski [38] found that CART offered
a favourable trade-off between goodness of fit and
interpretability compared with ANN and MARS in
a land use change modelling context. The separability
analysis explains why the same pattern emerges here.
Nine of the ten class pairs are separable at JM > 1.98
in the four-band space; for those pairs a single pruned
tree with five levels finds essentially the same decision
surface as a kernel machine, because the classes are
close to linearly separable and there is little structure
left for a more expressive model to exploit. The
tenth pair, built-up against swamp at JM 1.848, is not
separable by any decision rule operating on these four
bands, because the two classes occupy overlapping
regions of the space. Model capacity cannot recover
information that the feature vector does not contain.
The result is a ceiling that all six models approach and
none exceeds.

This reframes a common finding in the GEE
benchmarking literature. Studies that report Random
Forest superiority [3, 7, 11, 13] typically do so on
margins of a few accuracy points, computed on
pixel-level splits of polygon-derived samples, without
a significance test or with an uncorrected one. Our
results do not contradict those point estimates; they
suggest that margins of that size, on samples of that
structure, may not be distinguishable from zero. The
appropriate response is not to abandon comparative
studies but to report the effective sample size alongside
the nominal one, and to test differences with a method
that respects the clustering.
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5.2 Cost as the Deciding Criterion
If the six models cannot be separated on accuracy, the
choice must rest on other grounds, and computational
cost is the most tractable. The ordering by cost is not
the ordering by accuracy, and it is not even consistent
between the two cost measures. CART is cheapest on
both, at 2.97 s to tune and 0.32 ms to apply. The SVM
is cheap to tune (6.44 s) but by far the most expensive
to apply (106.23 ms), because RBF kernel evaluation
scales with the number of support vectors, which
grows with training set size. LightGBM is the most
expensive to tune, at 1,124.53 s, about eleven times the
MLP (98.93 s), and the secondmost expensive to apply
(40.24 ms).

For a single city map any of these is acceptable. For an
operational service reclassifying a large archive, or for a
wall-to-wall product updated seasonally, inference cost
dominates; a 330-fold difference between two models
that cannot be statistically separated then favours
CART or the MLP. For a one-off study where a map is
produced once and inspected many times, tuning cost
is what the analyst waits for, and LightGBM is the poor
choice. The general point is that once accuracy ceases
to discriminate, the selection criterion should be stated
explicitly and matched to the intended deployment,
rather than inherited from a ranking in a previous
paper.

5.3 Errors as a Property of the Reference Data
The concentration of errors in individual polygons is
the most operationally useful finding here. That 96%
of every model’s forest errors fall in a single polygon
out of thirteen, and that this polygon sits 2.59 times
the class median distance from its own class centroid,
says that the marginal return on a better classifier is
close to zero while the marginal return on revisiting
that one polygon is large.

It also bears on how such polygons should be treated.
The temptation is to label them errors in the reference
data and remove them. The feature-space projection
argues against that: polygon 77 lies past the halfway
point on the forest-plantation centroid axis, which is
what a genuine intermediate-a stand of managed trees
on a hillslope-looks like. Removing it would raise
every model’s accuracy without improving any map.
The more defensible response is to refine the class
definition, or to accept that the boundary between
forest and plantation is not a boundary the four-band
feature space can resolve, and report the two classes
merged where that is acceptable to the application.

5.4 Implications for Planning Use
The area results carry the practical consequence.
Built-up land in Taipei ismapped at anywhere between
71.68 and 102.06 km2 depending on which of six
statistically indistinguishable classifiers is used, a
range of 30.38 km2 that exceeds the entire mapped
extent of water and, in most maps, of plantation
and swamp. A planning application that reads an
impervious-surface figure off one such map and
applies it to runoff modelling, heat exposure or
infrastructure demand is working with a number
whose uncertainty is larger than the map’s own
accuracy assessment reports, by a factor of about 1.4
if the between-model and sampling components are
combined in quadrature.

The remedy is not to search for the correct classifier,
since the data do not identify one. It is to report an
ensemble range. Where a single figure is required,
the design-based estimate of Table 6 with an interval
widened to cover the between-model spread is the
more defensible form. We therefore report built-up
land for Taipei in 2020 as a range across models rather
than as a point estimate from the most accurate one.

The consequence is sharpest for hazard applications.
Taipei’s flood exposure is governed by impervious
cover and by the condition of the riparian margins
along the Tamsui and Keelung, and both quantities
are classifier-dependent here (Table 5). A runoff
or inundation model calibrated on one classifier’s
impervious fraction inherits that spread as an unstated
boundary condition, and a typhoon-season exposure
figure derived from one map carries an uncertainty
that the map’s own accuracy assessment does not
disclose. Where a classification is to drive a hazard
model rather than a descriptive inventory, the case
for propagating the between-model range instead of a
single surface is correspondingly stronger.

5.5 Transferability to Other Landscapes
A single-city result invites the question of what it
predicts elsewhere, and the mechanism identified
above makes that question answerable rather than
speculative. The null result here is not a property of
Taipei. It is a property of a feature space in which nine
of ten class pairs are separable at JM > 1.98, and it
follows from a simple condition: where the classes
are close to separable in the bands available, every
classifier with enough capacity to find the boundary
converges on much the same one, and the differences
between them fall below what a clustered sample can
resolve. Model choice should then be immaterial.
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Where classes overlap substantially in the feature space,
capacity has something to exploit, and the models
should separate.

This prediction can be tested in both directions. In a
landscape with a coarse class scheme, a wide band
set, or classes as spectrally distinct as open water
against dense urban fabric, we would expect the
same null: the boosted ensembles will not beat a
pruned tree by a margin that survives correction. In
a landscape with a fine class scheme on a minimal
band set-smallholder crop types, informal against
low-rise formal settlement, degraded against intact
forest-the pairwise separabilities will sit well below
1.98 and a capacity-driven ranking should re-emerge.
The diagnostic is available before any classifier is fitted:
compute the pairwise separability of the intended class
set in the intended feature space, and the answer to
whether the algorithm matters is largely determined.
We would encourage that calculation to be reported
in comparative studies, since it costs almost nothing
and tells the reader in advance whether an accuracy
ranking is informative or noise.

The sampling result transfers more widely than the
accuracy result. Any study that digitises training
polygons and then splits them at pixel level carries
the design effect of Eq. 5, whatever the city, sensor or
class scheme; here it reduced 1,829 validation pixels to
between 24 and 26 independent observations. That
is a property of the sample design rather than of
Taipei, and the correction applied here should be
applied wherever the design is the same. A replication
on a second, structurally different city-one with a
lower separability floor-would test the accuracy claim
directly, and is the extension we regard as most
informative.

5.6 Limitations
Several limitations bound these conclusions.

The reference sample is purposive, not probabilistic.
The 110 polygons were hand-digitised to cover
the classes, not drawn at random from the study
area, so the accuracy figures are conditional on
those polygons being spectrally representative of
their classes across the city. Splitting at polygon
level removes leakage between fitting and scoring,
and the Olofsson weighting removes bias from
disproportionate class representation, but neither
addresses this. The independent probability sample
designed in Table A4 is the correct instrument and its
interpretation is outstanding.

The effective sample size is small in absolute terms.
Some 24 to 26 independent observations are enough
to establish that the six models are not distinguishable,
but not enough to establish that they are equivalent.
Absence of a significant difference is not evidence of
no difference; a larger, better-distributed polygon set
could in principle separate them. What the present
data show is that the existing evidence base does not.

The feature set is deliberately minimal, and it is
top-of-atmosphere. Four Level-1C bands were used
to isolate the effect of the classifier. Repeating the
comparison on Level-2A surface reflectance would
very likely shift the absolute accuracies; we would not
expect it to change the ranking, since the atmosphere
acts on all six models alike, but that is an assumption
rather than a result. Adding the red-edge and
shortwave-infrared bands (B5-B7, B11, B12), spectral
indices such as the normalised difference vegetation
index (NDVI), normalised difference built-up index
(NDBI) and modified normalised difference water
index (MNDWI), texture measures or Sentinel-1
backscatter [2, 39, 40] would very likely raise the
built-up-swamp separability above the 1.9 threshold
and remove the boulevard artefact. It might also
re-separate the models, since a richer feature space
gives capacity something to exploit. That is a testable
prediction and a natural extension, but it is a different
experiment from the one reported here.

The composite is annual, and that choice has
consequences of its own. A full-year median
was used because Taipei’s summer cloud regime
leaves too few clear scenes for a stable seasonal
composite, but a median taken over twelve months
averages the phenological cycle away. Plantation and
forest/vegetation are precisely the two classes whose
separation depends on that cycle, since managed
vegetation follows a cropping calendar the hill forest
does not, and the annual median discards the signal
that would distinguish them. The forest-to-plantation
confusion that affects all six models (Table 7) is
therefore partly an artefact of the compositing window
rather than of the classifier or the band set alone. A
seasonal composite stack, or harmonic coefficients
fitted to the annual reflectance series, would test that
directly, and of the extensions listed here it is the one
most likely to change the result.

The comparison covers a single year. The
transferability argument of Section 5.5 predicts
what should happen in a different landscape, but
says nothing about time series, where inter-annual
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consistency rather than single-date accuracy is the
criterion and a model that is marginally less accurate
but more stable between years may well be preferable.
Nothing in these results speaks to that trade-off.

Finally, the classification is per-pixel. Object-based
approaches, which classify segments rather than pixels,
change the unit of analysis and with it the clustering
structure of the validation sample; the corrections
applied here would need to be reformulated rather
than simply carried over.

In order of priority, the next steps are: (1) interpreting
the 605-point probability sample of Table A4, which
removes the purposive-sampling caveat; (2) refitting
the models on a seasonal or harmonic composite stack;
(3) widening the feature space as described above; (4)
replicating on a second city with a lower separability
floor; and (5) extending the design to a multi-year
series and to object-based units. Only the first is
required to support the present conclusions; the others
test them.

6 Conclusions
Six machine learning classifiers-CART, Random Forest,
XGBoost, LightGBM, a multilayer perceptron and
an RBF support vector machine-were tuned and
compared for LULC mapping of Taipei City on a
four-band Sentinel-2 composite, under a partitioning
scheme that keeps every hand-digitised polygonwhole
through both the hold-out split and the tuning folds.

Hold-out overall accuracy spans 2.96 percentage
points, from 0.9267 to 0.9563, and the bootstrap
interval of the SVM does not overlap those of Random
Forest and CART. This apparent separation is not
supported once the sampling design is taken into
account. The 1,829 validation pixels come from 30
polygons and carry an effective sample size of only
24 to 26 independent observations. Eight of the
fifteen pairwise McNemar comparisons are significant
when the pixels are treated as independent; none is
significant once the clustering is corrected for.

The six maps are nonetheless not interchangeable.
Mapped built-up land ranges from 71.68 to 102.06 km2

and swamp by a factor of 2.96, and for built-up land
half the between-model range equals the median 95%
half-width of a single model’s area estimate, while
for swamp and water it reaches 70% and 60% of it.
Accuracy and area therefore give different answers
to the question of whether the classifier matters: on
accuracy it does not, on area it does.

The errors that remain are structural rather than
algorithmic. Two class pairs account for the great
majority of them; within a class they concentrate in
one or two polygons; and those polygons sit past the
halfway point of the axis joining the two class centroids.
Built-up against swamp is the one class pair whose
Jeffries-Matusita distance falls short of separability, at
1.848, which is a property of the four-band feature set
and not of any decision rule.

Three recommendations follow for comparative LULC
studies. Report the effective sample size alongside
the nominal one, since the two differ here by a factor
of 71 to 76. Test differences between models with a
method that accounts for clustering in the reference
data, since the naive test rejected at 82.5% under a
simulated clustered null at α = 0.05. And where
areas are the product, report the between-model range
alongside a single model’s design-based interval, since
for built-up land the two are of the same size. Where a
classifier must nonetheless be chosen, computational
cost is the defensible criterion: CART is roughly 330
times faster at inference than the most accurate model,
from which it cannot be statistically distinguished.

Data Availability Statement

Sentinel-2 imagery is freely available through
the Google Earth Engine data catalog as
COPERNICUS/S2_HARMONIZED. The Earth Engine
scripts used for compositing, sampling and
export, the local analysis pipeline including the
polygon-grouped splitting, the tuning, the clustered
McNemar implementation and the area-weighted
estimator, the 110 training polygons, the six classified
GeoTIFFs, and the scripts that generate every table
and figure in this paper are openly available at
https://github.com/chunyaliu1115/Taipei_LULC. Code is
released under the MIT licence and the data under CC
BY 4.0. The band values at all 8,493 labelled pixels
are included, so every accuracy, significance and
separability result reported here can be reproduced
without an Earth Engine account. All tables are
regenerated from the analysis outputs by a single
script.
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Appendix
The four tables and one figure below support the main text without being needed to follow its argument.
Tables A1 and A2 are the full numeric backing for results the main text states in summary or plots in Figure 9;
Table A3 gives all fifteen pairwise tests behind Figure 10; and Figure A1 with Table A4 specify the probability
sample proposed as the next step, which is a design rather than a result of this study. They are numbered in
the order they are first cited above.

Table A1. Hyperparameters selected by five-fold polygon-grouped randomised search, 60 candidates per model.

Model Selected values

SVM (RBF) C = 20.6914, gamma = 0.000615848
LightGBM colsample_bytree = 1, learning_rate = 0.05, min_child_samples = 10,

n_estimators = 800, num_leaves = 15, reg_lambda = 1, subsample = 0.8
MLP alpha = 0.0359381, hidden_layer_sizes = [64], learning_rate_init = 0.001
XGBoost colsample_bytree = 1, learning_rate = 0.05, max_depth = 9,

min_child_weight = 1, n_estimators = 200, reg_lambda = 5, subsample
= 0.6

Random Forest class_weight = balanced_subsample, max_depth = 30, max_features =
sqrt, min_samples_leaf = 10, n_estimators = 50

CART ccp_alpha = 0.0001, criterion = gini, max_depth = 5, min_samples_leaf
= 1, min_samples_split = 5
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Figure A1. Design of the independent reference sample. (a) Stratum weightsWi. (b) Proportional allocation against the
allocation used, which raises each rare class to a floor of 75 points. (c) The resulting 95% half-width of the user’s

accuracy estimate at the prior accuracy assumed for each class.
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Table A2. Numerical values of the area-weighted user’s accuracy (UA) and producer’s accuracy (PA) per class and model,
with 95% confidence intervals on the effective sample size.

UA 95% CI PA 95% CI

Water
SVM (RBF) 0.850 [0.150, 1.000] 1.000 [0.342, 1.000]
LightGBM 0.987 [0.766, 1.000] 1.000 [0.342, 1.000]
MLP 0.921 [0.393, 1.000] 0.984 [0.682, 1.000]
XGBoost 1.000 [0.342, 1.000] 0.982 [0.635, 1.000]
Random Forest 0.899 [0.308, 1.000] 0.952 [0.313, 1.000]
CART 0.899 [0.310, 1.000] 0.966 [0.328, 1.000]

Built-up
SVM (RBF) 1.000 [0.571, 1.000] 0.982 [0.827, 1.000]
LightGBM 0.971 [0.817, 1.000] 0.996 [0.952, 1.000]
MLP 0.993 [0.915, 1.000] 0.991 [0.902, 1.000]
XGBoost 0.950 [0.754, 1.000] 0.995 [0.945, 1.000]
Random Forest 0.995 [0.931, 1.000] 0.968 [0.771, 1.000]
CART 0.986 [0.873, 1.000] 0.977 [0.886, 1.000]

Forest/Vegetation
SVM (RBF) 0.998 [0.969, 1.000] 0.967 [0.917, 1.000]
LightGBM 1.000 [0.726, 1.000] 0.942 [0.869, 1.000]
MLP 0.999 [0.977, 1.000] 0.934 [0.852, 1.000]
XGBoost 0.999 [0.977, 1.000] 0.939 [0.864, 1.000]
Random Forest 0.999 [0.977, 1.000] 0.946 [0.878, 1.000]
CART 1.000 [0.726, 1.000] 0.952 [0.892, 1.000]

Plantation
SVM (RBF) 0.755 [0.369, 1.000] 0.980 [0.718, 1.000]
LightGBM 0.628 [0.135, 1.000] 1.000 [0.550, 1.000]
MLP 0.633 [0.145, 1.000] 1.000 [0.553, 1.000]
XGBoost 0.628 [0.135, 1.000] 1.000 [0.550, 1.000]
Random Forest 0.628 [0.135, 1.000] 1.000 [0.550, 1.000]
CART 0.595 [0.125, 1.000] 1.000 [0.575, 1.000]

Swamp
SVM (RBF) 0.968 [0.624, 1.000] 0.939 [0.659, 1.000]
LightGBM 0.962 [0.587, 1.000] 0.783 [0.000, 1.000]
MLP 0.962 [0.585, 1.000] 0.934 [0.555, 1.000]
XGBoost 0.959 [0.569, 1.000] 0.702 [0.000, 1.000]
Random Forest 0.916 [0.372, 1.000] 0.969 [0.784, 1.000]
CART 0.913 [0.359, 1.000] 0.880 [0.268, 1.000]
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Table A3. Holm-adjusted p-values of the naive and cluster-corrected McNemar tests for all fifteen model pairs, adjusted
within each column. The naive column treats the validation pixels as independent; the clustered column applies the

correction of Durkalski et al. [21], which aggregates discordant outcomes within polygon before squaring. Eight of the
fifteen differences are significant at α = 0.05 under the naive test and none is significant once the clustering is accounted

for.

Model A Model B ∆OA b c Disc. polys pnaive pclustered Sig. (clust.)

CART SVM (RBF) -0.0295 66 12 10 2.94e-08 1.000 no
CART Random Forest -0.0087 18 2 6 4.02e-03 1.000 no
CART XGBoost -0.0093 27 10 8 5.97e-02 1.000 no
CART LightGBM -0.0142 30 4 7 2.17e-04 1.000 no
CART MLP -0.0142 27 1 9 3.23e-05 0.293 no
SVM (RBF) Random Forest +0.0208 14 52 10 6.83e-05 1.000 no
SVM (RBF) XGBoost +0.0202 19 56 9 3.55e-04 1.000 no
SVM (RBF) LightGBM +0.0153 26 54 8 2.03e-02 1.000 no
SVM (RBF) MLP +0.0153 20 48 9 9.54e-03 1.000 no
Random Forest XGBoost -0.0005 14 13 5 1.00e+00 1.000 no
Random Forest LightGBM -0.0055 18 8 6 3.10e-01 1.000 no
Random Forest MLP -0.0055 12 2 6 7.03e-02 1.000 no
XGBoost LightGBM -0.0049 10 1 3 7.03e-02 1.000 no
XGBoost MLP -0.0049 15 6 3 3.10e-01 1.000 no
LightGBM MLP +0.0000 8 8 4 1.00e+00 1.000 no

Table A4. Planned allocation of the independent probability reference sample, stratified by the classes of the SVM map.
Strictly proportional allocation would leave the rare classes too thin to estimate a user’s accuracy from, so each is raised to

a floor of 75 points.

Stratum Area (km2) Wi Prior UA Proportional Allocated

Water 14.53 0.0537 0.820 27 75
Built-up 71.68 0.2650 0.889 133 133
Forest/Vegetation 133.34 0.4931 0.900 247 247
Plantation 18.74 0.0693 0.576 35 75
Swamp 32.15 0.1189 0.830 59 75

Total 270.44 1.0000 - 501 605
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