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ABSTRACT

This study presents the first deep- learning time- series benchmark for detecting two encroaching species in the Brazilian 

Cerrado: the native super- dominant fern Pteridium arachnoideum and the invasive alien shrub Tithonia diversifolia. We eval-

uate 43 architectures across six families (CNNs, RNNs, Transformers, and three hybrid groups) on monthly Planet NICFI 

satellite imagery in Brazil's Federal District, adopting a 13- class land- use/land- cover scheme with 16,250 samples. CNNs and 

hybrid CNN + RNN models achieve the highest accuracy, with FCN and LSTM- FCN emerging as the most robust architectures 

(F1 > 98% under random splitting, ∼82% under spatial cross- validation). Tithonia diversifolia is reliably detected across spatially 

independent regions owing to its distinctive flowering phenology (F1 > 95%), whereas P. arachnoideum exhibits greater spatial 

variability (F1 > 76%) due to spectral overlap with forest formations. Wall- to- wall classification maps confirm ecologically co-

herent spatial distributions for both species. Spatially independent five- fold cross- validation reveals that conventional random 

splitting inflates performance by 16–25 percentage points across all architecture groups. These results provide practical guidance 

for selecting architectures suited to operational monitoring and underscore the importance of spatially independent evaluation 

in remote- sensing classification.

1   |   Introduction

The spread of encroaching species is a major international chal-
lenge recognized by the Convention on Biological Diversity 
(Maney et al. 2024). Intensified by global connectivity and pop-
ulation growth (Pyšek et al. 2020; Xu et al. 2022), it leads to bi-
otic homogenization, biodiversity loss, altered fire regimes, and 
the decline of native species (Mandle et al. 2011; Sampaio and 
Schmidt 2014).

In the Cerrado biome, two species stand out as particu-
larly problematic: the native fern Pteridium arachnoideum 

(syn. Pteridium aquilinum var. arachnoideum) and the exotic 
shrub Tithonia diversifolia (Mexican sunflower). Pteridium 

arachnoideum is a native fern that has become super- 
dominant in degraded Cerrado areas, forming dense mono-
dominant stands that suppress native vegetation recovery 
(Guerin and Durigan 2015). While some earlier studies used 
the term “invasive” to describe its aggressive spread, recent 
ecological frameworks (IPBES 2023; Soto et al. 2024) distin-
guish between alien invasive species and native species that 
exhibit opportunistic expansion following anthropogenic dis-
turbance. Accordingly, we characterize P. arachnoideum as 
a native super- dominant species (Pivello et  al.  2018) whose 
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proliferation is primarily driven by land- use change, fire re-
gime alteration, and habitat degradation, rather than by in-
herent invasive traits. This species spreads through sexual 
reproduction and underground rhizomes that confer resis-
tance to cutting, herbicides, and fire (Marrs and Watt 2006), 
while its dense fronds intercept sunlight before it reaches the 
soil, suppressing the growth of other plants, and its allelo-
pathic properties further inhibit the establishment of compet-
ing species (Taylor and Thomson 1990; Marrs and Watt 2006).

Tithonia diversifolia (Mexican sunflower) is an invasive alien 
shrub native to Central America, characterized by rapid 
growth and the ability to propagate both by seed and vegeta-
tively (Tongma et  al.  2001; Muoghalu and Chuba  2005; Ajao 
and Moteetee  2017). It competes with native species through 
allelopathic effects that inhibit germination and growth, and 
is widely found in degraded areas, roadsides, and vacant lots. 
Officially listed as invasive in the Federal District (Instituto 
Brasília Ambiental—IBRAM 2021), its bright yellow flowering 
between April and June facilitates field identification. However, 
few studies have addressed its spatial mapping; a notable excep-
tion is Tuyizere et al. (2018), who used geographic information 
systems and spatial extrapolation techniques.

Early detection and monitoring of encroaching species are cru-
cial for mitigating their ecological impacts (Cook et  al.  2007). 
Remote sensing has become key for this purpose, particularly 
as advances in orbital and aerial (drone) sensors improve spa-
tial, spectral, and temporal resolution (Huang and Asner 2009; 
Mouta et al. 2021). Several reviews discuss remote sensing appli-
cations for invasive plant detection (He et al. 2011; Bradley 2014; 
Rocchini et  al.  2015; Ismail et  al.  2016; Niphadkar and 
Nagendra 2016; Vaz et al. 2018; Royimani et al. 2019; Ahmed 
et al. 2020; Villalobos Perna et al. 2023; Zaka and Samat 2024; 
Singh et al. 2024). Remotely detectable features of target species 
include spectral changes linked to allelopathy (Liu et al. 2006; 
Kalisz et  al.  2021), habitat structure modification (Asner 
et al. 2008; Große- Stoltenberg et al. 2025), fire adaptation (Berry 
et  al.  2011; Nunes et  al.  2020), climate- driven range shifts 
(Beaury et al. 2020; Turbelin and Catford 2021), and plant com-
munity alteration (Lazzaro et al. 2020).

Two remote sensing approaches have proven particularly rele-
vant: (a) time- series analysis, which captures phenological dy-
namics, and (b) deep learning (DL) methods, which enhance 
detection accuracy. While some studies rely on single scenes 
focused on phenological extremes (e.g., flowering or senescence) 
(Somodi et al. 2012), time series provide a more complete picture 
of seasonal variation and improve separability between target 
and native species (Evangelista et al. 2009). DL has substantially 
advanced remote sensing, particularly for land cover and agri-
cultural mapping (Wang et al. 2022). However, recent reviews 
on invasive plant detection (Rakgoale and Ngetar  2024; Zaka 
and Samat  2024) highlight that most studies still rely on con-
ventional methods. The application of DL to satellite image time 
series classification has been growing rapidly (Ismail Fawaz 
et al. 2019; Simões et al. 2021), enabling automatic feature ex-
traction from raw spectral- temporal sequences, non- linear tem-
poral dependency modeling, and scalability to large datasets. At 
the same time, the combined use of DL architectures with time 

series for target plant detection remains largely unexplored in 
terrestrial ecosystems. Representative studies include applica-
tions to Spartina alterniflora (Tian et al. 2020; Min et al. 2025; 
Chen et al. 2020), leafy spurge (Euphorbia virgata/E. esula) (Lake 
et  al.  2022), water lettuce (Pistia stratiotes) (Hao et  al.  2024), 
cheatgrass (Bromus tectorum) (Larson and Tuor  2021), and 
Pedicularis kansuensis (Zhu et  al.  2025). These studies have 
demonstrated promising results, particularly in aquatic and 
coastal ecosystems; however, applications in heterogeneous ter-
restrial environments remain scarce.

This research aims to detect the target plants P. arachnoideum 
and T. diversifolia in the Cerrado biome using DL time- series 
classifiers applied to monthly Planet NICFI composite imag-
ery. To date, neither species has been mapped using time- series 
DL approaches. Specifically, the study pursues four objectives: 
(a) explore the underused Planet NICFI data for target- plant 
detection in the Cerrado, (b) compare 43 DL architectures or-
ganized into six groups (CNNs, RNNs, Transformers, Hybrid 
Transformer + RNN, Hybrid Transformer+CNN, and Hybrid 
CNN + RNN) in a multiclass setting with 13 LULC classes, (c) 
quantify the effect of spatial autocorrelation on apparent model 
performance by contrasting random and spatially independent 
evaluation strategies, and (d) assess per- species detectability 
across spatially independent regions.

2   |   Material and Methods

The methodology consisted of the following steps: (a) acquisition 
of the Planet NICFI image time series and creation of monthly 
mosaics; (b) construction of the spatiotemporal cube; (c) analy-
sis of the phenological behavior of natural vegetation and target 
plants and sample collection for training and validation; (d) ex-
perimental design; (e) comparison of classification methods, in-
cluding training protocol and computational setup; (f) accuracy 
analysis; and (g) spatial analysis (Figure 1).

2.1   |   Study Area

The Federal District is located in the central region of Brazil, in 
the Central Plateau (Centre- West region), near the confluence 
of the Amazon, Tocantins- Araguaia, and São Francisco River 
basins. The climate has two distinct seasons: the rainy season 
(October to April) and the dry season (May to September). The re-
gion has varied relief, with altitudes ranging from 850 to 1340 m, 
including flat areas, gentle undulations, and dissected terrain 
along the main rivers. The Cerrado, the predominant biome in 
the area, is a mosaic of vegetation, divided into three main cate-
gories: forest, savanna, and grassland (Ribeiro and Walter 1998).

The Cerrado, recognized as the most biodiverse savanna in the 
world, is home to 12,385 catalogued native plant species, of which 
approximately 4000 are endemic to the region. However, it is es-
timated that 40% of its original vegetation has already been lost, 
reaching almost 60% in the Federal District. The Cerrado biome 
is considered one of the 25 global biodiversity hotspots, charac-
terized by high biological diversity, a high degree of endemism, 
and a serious threat to its conservation (Myers et  al.  2000). 
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FIGURE 1    |    Methodological flowchart. Monthly Planet NICFI composites (January–December 2023; 4 bands, 4.77 m) are stacked into a 

spectrotemporal cube and sampled across 13 LULC classes (16,250 points). Two evaluation strategies are applied: Random stratified split (5 seeds) 

and spatial five- fold cross- validation with geographically disjoint regions. Forty- three deep learning architectures, organized into six groups, are 

benchmarked under both strategies. Outputs include accuracy analyses (random vs. spatial comparisons) and wall- to- wall classification maps for 

target species detection.
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Although it shares some species with adjacent biomes, the 
Cerrado flora is highly distinctive, with a large proportion of 
endemic taxa.

2.2   |   Image Acquisition

NICFI released 4.77- m resolution mosaics from the Planet 
satellite, covering an area of 45 million square kilometers 
(NICFI 2024). The images are from the Dove satellite constella-
tion, a low- orbit, daily- revisit satellite with four spectral bands: 
blue (455–515 nm), green (500–590 nm), red (590–670 nm), and 
near- infrared (780–860 nm) (Planet Team  2024). NICFI data 
from 2015 to 2020 consist of composite images accumulated over 
3–6 months. Beginning in September 2020, mosaics with indi-
vidual monthly composites became available. The time series 
comprises 12 monthly composite images (January–December 
2023) from the Planet NICFI programme, with one cloud- free 
mosaic per month (N = 12 time steps). The NICFI mosaics are 
generated as monthly best- pixel composites that minimize cloud 
contamination; therefore, the delivered products are nominally 
cloud- free. Each Planet NICFI tile corresponds to 20 × 20 km of 
ground and has 4096 × 4096 pixels. For the Federal District, we 

used the 12 monthly composites from 2023 and stacked them in 
ArcGIS to build the temporal cube.

2.3   |   Dataset

The sample selection followed a stratified sampling design 
based on 13 land- use and land- cover (LULC) classes, includ-
ing the two target species (P. arachnoideum and T. diversifolia) 
and 11 additional targets: water bodies, forest formations, 
grassland formations, savanna formations, pastures, re-
forestation areas, agricultural areas, exposed soil, urban 
areas, shade, and macrophytes and other wetland vegetation 
(Figure  2). This design aimed to represent the environmen-
tal heterogeneity of the study area and to reduce potential 
spectro- temporal confusion with the target species. An equal 
number of samples per class (n = 1250) was collected to ensure 
class balance during model training (Foody 2002; Estabrooks 
et al. 2004), totaling 16,250 samples (Figure 2). Within each 
stratum, samples were spatially distributed across differ-
ent portions of the study area to ensure representativeness 
and to avoid excessive clustering. An initial reconnaissance 
field survey identified representative infestation patches and 

FIGURE 2    |    Sampling points used for training and validation across Brazil's Federal District, colored by class (see legend): Forest, savanna, 

grassland, pasture, reforestation, cropland, bare soil, urban, water, shadow, macrophytes and other wetland vegetations, and the two target species 

P. arachnoideum and T. diversifolia. Points are overlaid on a satellite RGB basemap; the inset locates the Federal District within Brazil. Coordinates 

in SIRGAS 2000/UTM Zone 23S.
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characterized their morphological and phenological patterns. 
Based on this reconnaissance, candidate samples for both tar-
get species and other LULC classes were selected through vi-
sual interpretation of high- resolution imagery (Google Earth 
and Planet NICFI mosaics). A subsequent field campaign ver-
ified the selected locations and confirmed class attribution 
in  situ. Each sample was defined as a single 4.77 m pixel on 
the imagery and subsequently verified in the field.

The identification of target species in situ was not ambiguous 
due to their distinctive morphological and phenological char-
acteristics. The main infestation areas are well established 
by the management agencies of conservation units in the 
Federal District, including Brasília National Park and Brasília 
National Forest (managed by ICMBio), the IBGE Ecological 
Reserve (managed by IBGE), and Boca da Mata Ecological 
Park (managed by IBRAM). High- resolution imagery from 
Google Earth was used as auxiliary support for delineating 
infestation patches, particularly in extensive or difficult- to- 
access areas. Transitional environments and structurally sim-
ilar vegetation posed local challenges; these were mitigated by 
applying a dominance criterion within the pixel footprint and 
by modeling multiple LULC classes to account for potential 
confusion.

2.4   |   Experimental Design

The 16,250 samples were partitioned into training, validation, 
and test subsets under two complementary evaluation strat-
egies, applied identically to all 43 DL architectures, to quan-
tify the effect of spatial autocorrelation on apparent model 
performance.

• Random stratified split. Each run randomly assigned 60% of 
the samples to training (9750), 20% to validation (3250), and 
20% to test (3250), preserving class proportions via stratifi-
cation. This procedure was repeated with five random seeds 
[42, 123, 456, 789, 1024], providing a baseline that includes 
spatial autocorrelation effects, consistent with common 
practice in the literature.

• Stratified spatial fivefold cross- validation. Sample coor-
dinates were grouped into five geographically disjoint 
regions through a per- class spatial clustering procedure: 
k- means (k = 5) was applied independently to the geo-
graphic coordinates of each LULC class, producing five 
spatially coherent groups per class, and samples sharing 
the same cluster index across all 13 classes were then 
pooled into a single fold (Figures S1 and S2). This per- class 
approach ensures that every fold contains representatives 
of all classes; a joint clustering over all samples would risk 
concentrating less frequent classes in one or two folds. 
The number of folds was set to five as a trade- off between 
spatial separation and sample adequacy: fewer folds 
would yield larger spatial blocks but reduce the number 
of independent test iterations, whereas more folds would 
shrink the geographic extent of each block and weaken 
the intended disruption of spatial autocorrelation. Given 
the relatively large dataset (16,250 samples distributed 
across 13 classes), five folds ensure sufficiently large test 

sets while preserving geographic separation, producing 
test sets averaging ~3250 samples (~250 per class), which 
is sufficient for stable metric estimation. The choice of 
five folds is grounded in the bias–variance trade- off that 
governs cross- validation design, where k = 5 or k = 10 has 
been shown to yield reliable accuracy estimates with-
out excessive computational cost (Kohavi  1995; Valavi 
et  al.  2019), while also satisfying the spatial validation 
requirement of geographically separated folds for realis-
tic performance assessment (Roberts et  al.  2017; Ploton 
et al. 2020). In each iteration, one region served as the test 
set, and the remaining four were split randomly (75/25) 
into training and validation subsets. A random rather 
than spatial partition was adopted at this stage because 
the validation subset serves solely for checkpoint selection 
(lowest validation loss) and does not contribute to the re-
ported performance metrics, which derive entirely from 
the spatially independent test fold. An additional spatial 
split would reduce the effective training pool at each it-
eration, risking unstable convergence for the deeper ar-
chitectures evaluated. Because the spatial regions differ 
in extent, fold sizes are unequal: test sets range from 1976 
to 4588 samples (mean 3250), with corresponding train-
ing sets of 8746–10,705 and validation sets of 2916–3569. 
Class weights inversely proportional to training- fold class 
frequencies were applied to address the per- fold class 
imbalance introduced by spatial partitioning.

By comparing results from both strategies, we directly quantify 
the degree to which spatial autocorrelation inflates performance 
estimates. For each class, counts of true positives (TP), true 
negatives (TN), false positives (FP), and false negatives (FN) 
were derived, and four complementary metrics were reported: 
Overall Accuracy (OA), macro- averaged Precision (P), Recall 
(R), and F1- score.

2.5   |   DL Architectures for Time Series 
Classification

This study evaluated all 43 time- series classification architec-
tures available in the tsai library (Oguiza 2023), organized into six 
groups: pure CNNs (11 models), pure RNNs (12), Transformers 
(9), Hybrid Transformer+RNN (6), Hybrid Transformer+CNN 
(3), and Hybrid CNN + RNN (2). For several architectures, the 
library provides “Plus” variants that incorporate additional reg-
ularization, normalization, and dropout layers to improve train-
ing stability. The benchmark model choice is supported by the 
dataset size (16,250 samples), which favors DL over conventional 
classifiers.

CNN- based methods apply one- dimensional convolutions 
to extract temporal patterns at multiple scales. The Fully 
Convolutional Network (FCN) (Wang et al. 2017) uses three con-
volutional blocks followed by global average pooling, offering a 
lightweight yet effective baseline. The Residual Network (ResNet) 
(He et al. 2016) adds shortcut connections that mitigate gradient 
degradation in deeper networks. InceptionTime (Ismail Fawaz 
et al. 2020) applies parallel filters of varying kernel sizes within 
each module, capturing patterns at multiple temporal resolutions 
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simultaneously. The Temporal Convolutional Network (TCN) 
(Lea et al. 2017; Bai et al. 2018) employs dilated causal convolu-
tions to expand the receptive field exponentially while preserv-
ing temporal ordering. The Explainable Convolutional Network 
(XCM) (Fauvel et al. 2021) applies separate convolutions to each 
input variable before combining them, enabling variable- level 
attribution. OmniScale CNN (Tang et  al.  2022) generates fea-
tures across all possible temporal scales through a parameter-
ised scale- selection mechanism, and Xception- Time (Rahimian 
et  al.  2020) uses depthwise separable convolutions for efficient 
multi- scale feature extraction.

RNNs model sequential dependencies through recurrent cells. 
We evaluated Long Short- Term Memory (LSTM) (Hochreiter 
and Schmidhuber 1997), which uses gating mechanisms to selec-
tively retain or forget information across time steps, and Gated 
Recurrent Unit (GRU) (Cho et  al.  2014), a simplified variant 
with fewer parameters. Their bidirectional variants, Bi- LSTM 
(Graves and Schmidhuber 2005) and Bi- GRU (Luo et al. 2018), 
process the sequence in both directions to capture past and fu-
ture context. Attention- based versions (Bahdanau et  al.  2015; 
Luong et  al.  2015) assign learned weights to individual time 
steps, allowing the model to focus on phenologically discrimina-
tive periods within the series.

Transformer methods (Vaswani et  al.  2017) exploit self- 
attention to capture long- range dependencies in a parallel and 
scalable manner. The Time Series Transformer (TST) (Zerveas 
et al. 2021) applies the encoder directly to raw time- series to-
kens with positional encoding to preserve temporal order, 
while the Time Series Image Transformer (TSiT), adapted 
from the Vision Transformer (Dosovitskiy et  al.  2021), con-
verts time- series segments into patch tokens processed by a 
Transformer encoder. For both architectures, we tested de-
fault, Plus, and multi- head (H8, H12) configurations, yielding 
nine entries in the benchmark.

Three groups of hybrid architectures were also evaluated. Hybrid 
CNN + RNN models (LSTM- FCN and GRU- FCN, (Karim 
et al. 2019)) run an FCN branch in parallel with a recurrent branch 
and concatenate their representations, combining local convolu-
tional features with sequential modeling. Hybrid Transformer + 
RNN models feed the output of a Transformer encoder into a recur-
rent sequence head, integrating global self- attention with explicit 
temporal ordering; six variants from tsai were tested (Transformer 
+ GRU Plus, Bi- GRU Plus, LSTM Plus, Bi- LSTM Plus, RNN Plus, 
and Bi- RNN Plus). Hybrid Transformer + CNN models use convo-
lutional layers to extract local patterns before Transformer blocks 
model longer- range dependencies; we evaluated ConvTranPlus 
(Foumani et  al.  2024) in three configurations (Default, Dim Ff 
512, and Encoder Learned).

2.6   |   Training Protocol and Computational Setup

All 43 models were trained under an identical protocol (Table 1) 
so that performance differences reflect architectural prop-
erties rather than tuning effort. A fixed budget of 500 epochs 
with no early stopping was adopted, retaining the checkpoint 
with the lowest validation loss; this avoids the confounding ef-
fect of variable stopping points across architectures. For spatial 

cross- validation, class weights inversely proportional to training- 
fold class frequencies were applied to address the imbalance 
introduced by spatial partitioning; uniform weights were used 
for the balanced random split. No architecture- specific hyper-
parameter optimisation was performed beyond the default con-
figurations provided by the tsai library (Oguiza 2023), except for 
the Hybrid Transformer+RNN models as detailed below.

Experiments were conducted on a workstation with an NVIDIA 
RTX 4090 GPU (24 GB), AMD Ryzen 9, and 64 GB RAM, using 
PyTorch 2.6.0 (CUDA 12.4). Automatic Mixed Precision (float16) 
was employed except for six Transformer- based architectures 
(TST, TST Plus, TSiT Plus, and three Transformer+RNN hybrids) 
that exhibited numerical overflow and were trained in float32. 
The six Hybrid Transformer+RNN models required a corrected 
implementation of the tsai library's TransformerRNNPlus en-
coder, which contained an error in the attention computation, 
along with adjusted architecture parameters (three encoder lay-
ers, feed- forward dimension of 256, eight attention heads, initial 
learning rate of 1 × 10−4).

2.7   |   Accuracy Analysis

Accuracy analysis evaluated the counts of TP, TN, FP, and FN 
for each class, generating four complementary metrics:

(1)Overall Accuracy =
TP + TN

TP + TN + FP + FN

(2)Precision =
TP

TP + FP

(3)Recall =
TP

TP + FN

(4)F1 − score =
2 × (Precision × Recall)

Precision + Recall

TABLE 1    |    Training hyperparameters used for all 43 DL models.

Parameter Value

Optimiser Adam

Initial learning rate 1 × 10−3

LR schedule MultiStepLR at epochs 
200, 400 (γ = 0.1)

Total epochs 500 (fixed, no early stopping)

Checkpoint Lowest validation loss

Batch size 1024

Loss function Cross- Entropy

Class weights Balanced (spatial CV)/
Uniform (random split)

Gradient clipping Max norm = 1.0

Mixed precision Float16; 6 Transformer- 
based models in float32

Framework PyTorch 2.6.0 + tsai 0.4.1

GPU NVIDIA RTX 4090 (24 GB)
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3   |   Results

3.1   |   Spectrotemporal Behavior of Targets

Spectrotemporal analysis of the 13 classes (Figure 3) revealed 
a gradient of phenological distinctiveness. Among natural veg-
etation, forest formations presented high and stable NIR re-
flectance throughout the year, savannas showed intermediate 

NIR with moderate seasonality, and grasslands exhibited the 
most contrasting behavior: strong NIR oscillation between 
the rainy and dry seasons, accompanied by greater soil ex-
posure during senescence.

Anthropogenic classes were readily separable: agriculture 
displayed the most dynamic profile due to planting–har-
vest cycles, urban areas and bare soil presented low and 

FIGURE 3    |    Spectro- temporal profiles (monthly mean ± SD) for 12 land- use/land- cover classes derived from Planet NICFI monthly mosaics 

(2023). The x- axis represents months (1 = January to 12 = December). Mean reflectance for the Blue, Green, and Red bands is shown on the left y- axis 

(RGB scale), while NIR reflectance is displayed on the right y- axis using an independent scale to improve visual comparability. Solid lines repre-

sent monthly means and shaded areas indicate ±1SD. Classes: (1) forest formations, (2) savanna formations, (3) grassland formations, (4) pasture, 

(5) reforestation, (6) agriculture, (7) bare soil, (8) urban area, (9) water, (10) P. arachnoideum, (11) T. diversifolia, and (12) macrophytes and other wet-

land vegetations. Shadow is omitted for display brevity.
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stable reflectance, and reforestation resembled forest but 
with greater variability across plots of different ages. Water 
had near- zero NIR with minimal temporal variation; shadow 
(an auxiliary class included to reduce classification errors) 
showed uniformly low values across all bands; and macro-
phytes maintained high NIR year- round but with wide stan-
dard deviations reflecting water- level fluctuations and spatial 
heterogeneity in cover density.

Pteridium arachnoideum shows a dense and structurally ho-
mogeneous frond canopy that results in elevated Green and 
NIR reflectance throughout the first half of the year, with a 
peak around June–July and a progressive decline from August 
onwards. This behavior is consistent with the frequent occur-
rence of P. arachnoideum in humid environments, such as 
riparian margins, where soil moisture persists into the early 
dry season, sustaining photosynthetic activity for longer be-
fore a more marked decline in subsequent months. This be-
havior overlaps with the forest formation class during some 
rainy months, leading to confusion between the two classes. 
The standard deviation is also wider than in other vegetation 
formations, reflecting the heterogeneity resulting from mosa-
ics of variable density, generally in edge areas, gaps, and dis-
turbed environments.

The flowering of the Mexican sunflower (T. diversifolia), be-
tween April and June, presents a characteristic yellow color 
that is visually dominant in the field. The flowering behavior 
is detected in the spectral data, which show a progressive re-
duction in NIR, indicating a decrease in leaf vigor and green 
leaf density, concomitant with a slight relative increase in 
the red and green bands, resulting in the reflectance typical 
of yellow flowers. This flowering behavior gives the Mexican 
sunflower a characteristic and easily identifiable phenological 
signature.

3.2   |   Comparative Performance of Deep 
Learning Models

Table 2 lists the F1- score under random stratified split and the 
full metric set (OA, P, R, F1) under spatial cross- validation for the 
43 DL time- series models (mean ± standard deviation across five 
seeds or folds). Because the dataset is balanced, OA ≈ P ≈ R ≈ F1 
under random splitting; the discussion below focuses on F1 for 
brevity. The complete experiment (43 × 5 = 215 runs per strategy) 
required approximately 4 h (random) and 4.5 h (spatial CV) on 
the RTX 4090, with individual training times ranging from 50 
to 120 s.

Under random splitting, pure CNNs achieved the highest group- 
averaged F1 (98.0%), with XceptionTime leading at 98.8% ± 0.1%; 
only TCN fell below 97% (95.7% ± 0.7%). Hybrid CNN + RNN 
models were equally competitive (group average 98.4%), with 
LSTM- FCN at 98.5% ± 0.1%. Transformers ranked third (group 
average 96.6%), led by TST Plus H8 (98.6% ± 0.1%), although TSiT 
Plus variants scored noticeably lower (92.9%–93.3%). Hybrid 
T + CNN models achieved 97.8%–97.9%. Hybrid T + RNN mod-
els, with the corrected implementation (Section  2.6), achieved 
competitive results (group average 98.2%). RNNs exhibited 
the widest intra- group variation (89.9%–97.9%, group average 

92.9%), with attention- based variants (97.9%) performing on par 
with the best CNNs while basic recurrent architectures ranged 
from 89.9% to 91.3%. Overall, the group ranking by mean F1 was 
Hybrid CNN + RNN (98.4%) ≈ Hybrid T + RNN (98.2%) ≈ CNN 
(98.0%) > Hybrid T + CNN (97.8%) > Transformer (96.6%) > RNN 
(92.9%).

Under spatial cross- validation, performance dropped substan-
tially across all groups, revealing architecture- dependent gaps. 
CNNs maintained the strongest spatially independent perfor-
mance, with FCN achieving the highest test F1 (81.6% ± 1.3%), fol-
lowed by ResNet Plus (81.3% ± 3.1%) and FCN Plus (81.1% ± 2.3%), 
with inflation from random splitting ranging from 17 to 23 pp. 
Hybrid CNN + RNN models performed competitively (LSTM- 
FCN: 81.4% ± 2.3%; GRU- FCN: 81.3% ± 2.5%), ranking among 
the top architectures overall. Among Transformers, TST Default 
achieved the best spatial result (80.7% ± 2.5%), although TSiT 
variants dropped substantially (68.0%–68.9%). Hybrid T + CNN 
models achieved 77.8%–79.1% test F1. Hybrid T + RNN mod-
els achieved 75.7%–76.8%, comparable to pure RNNs (70.8%–
75.4%), with T + Bi- GRU Plus reaching the best result in the 
group (76.8% ± 4.5%). RNNs ranged from 70.8% to 75.4%, with 
attention mechanisms improving spatial generalization by 
3–4 pp. Overall, the inflation ranged from 16 to 25 pp. across all 
six groups, directly quantifying the degree to which spatial auto-
correlation inflates performance under random splitting.

The two target species respond differently to spatial indepen-
dence (Table  3). Tithonia diversifolia retains high precision 
(∼95%–98%) and recall (∼93%–96%), yielding F1 ∼ 93%–95% 
(gap ∼4 pp); while P. arachnoideum drops more substan-
tially (F1 > 71%–79%, gap ∼19–23 pp), with recall remaining 
high (∼91%) but precision falling to ∼63%–73%. The per- class 
breakdown (Table  4) shows that spatial stability varies sub-
stantially across the 13 classes, from near- perfect transfer for 
Water (spatial F1 = 97.3%) and Shadow (93.9%) to large drops 
for Pasture (65.0%, ∆ = 32.6 pp) and Macrophytes (70.3%, 
∆ = 28.7 pp). Forest maintains high recall (83%) but lower 
precision (72%).

3.3   |   Confusion Matrices and Per- Class Accuracy

Figure  4 contrasts the row- normalized confusion matri-
ces for FCN under random splitting and spatial CV. Under 
random splitting (Figure  4a), all 13 classes exceed 96% di-
agonal values. Residual errors are concentrated in ecologi-
cally similar transitions: approximately 1% of forest samples 
are assigned to P. arachnoideum, and slight confusion oc-
curs between savanna and grassland and between pasture 
and bare soil. Tithonia diversifolia achieves near- perfect 
classification (> 99%).

Under spatial CV (Figure  4b), inter- class confusion amplifies 
substantially. Pasture drops from 98% to 72%, bare soil from 97% 
to 73%, and forest from 97% to 83%. The confusion between for-
est and P. arachnoideum becomes particularly pronounced, with 
9% of forest samples assigned to P. arachnoideum compared to 
1% under random splitting. Classes with distinctive spectral- 
temporal signatures (water, shadow, T. diversifolia) retain values 
of at least 93% under both evaluation strategies.
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TABLE 2    |    Performance of 43 DL models under random stratified split (5 seeds) and spatial cross- validation (5 folds), mean ± SD (%). Random 

split: Only F1 shown (OA ≈ P ≈ R ≈ F1 on balanced data). Spatial CV: Metrics on held- out test fold. Best per group in bold.

Model

Random Spatial CV

F1 OA P R F1

CNNs (11 models)

XceptionTime 98.8 ± 0.1 82.3 ± 1.7 81.5 ± 1.6 84.9 ± 2.1 81.0 ± 2.0

InceptionTime 98.7 ± 0.1 82.4 ± 2.8 81.2 ± 2.8 85.1 ± 2.7 81.0 ± 3.2

InceptionTime Plus 98.7 ± 0.2 81.1 ± 3.1 79.8 ± 1.6 83.0 ± 1.5 79.3 ± 0.6

ResNet 98.5 ± 0.3 81.9 ± 2.7 80.4 ± 2.4 84.2 ± 1.9 80.2 ± 2.2

ResNet Plus 98.5 ± 0.3 82.9 ± 3.3 81.2 ± 3.2 84.9 ± 2.4 81.3 ± 3.1

FCN 98.4 ± 0.1 82.9 ± 2.6 81.7 ± 1.7 85.1 ± 1.7 81.6 ± 1.3

FCN Plus 98.4 ± 0.1 82.9 ± 3.6 80.9 ± 2.5 84.8 ± 1.7 81.1 ± 2.3

OmniScaleCNN 98.3 ± 0.2 81.7 ± 3.0 81.2 ± 2.7 84.0 ± 2.4 80.4 ± 2.4

XCM Plus 97.1 ± 0.2 80.1 ± 4.1 78.4 ± 4.1 82.1 ± 3.8 77.8 ± 4.4

XCM 97.1 ± 0.2 79.2 ± 1.8 77.3 ± 1.8 80.7 ± 2.5 76.9 ± 2.1

TCN 95.7 ± 0.7 74.9 ± 4.3 73.7 ± 2.5 78.2 ± 3.5 73.1 ± 4.2

RNNs (12 models)

LSTM Attention 97.9 ± 0.4 77.6 ± 2.6 75.2 ± 2.6 79.3 ± 2.2 74.6 ± 2.2

Bi- LSTM Attention 97.9 ± 0.3 75.9 ± 4.5 75.2 ± 3.6 78.8 ± 2.7 74.0 ± 3.9

Bi- GRU Attention 97.7 ± 0.5 77.2 ± 3.8 76.2 ± 2.5 79.7 ± 1.6 74.8 ± 2.2

GRU Attention 97.3 ± 0.6 79.0 ± 2.8 76.4 ± 1.5 79.8 ± 2.0 75.4 ± 1.9

Bi- LSTM Plus 91.3 ± 0.6 75.7 ± 3.3 73.6 ± 3.6 75.0 ± 4.2 71.7 ± 3.7

Bi- LSTM 91.2 ± 0.7 77.0 ± 3.8 74.2 ± 3.4 76.2 ± 3.4 73.0 ± 3.5

GRU 91.0 ± 0.8 76.3 ± 4.5 72.5 ± 4.8 74.4 ± 4.9 71.0 ± 4.9

Bi- GRU 90.9 ± 0.5 76.0 ± 4.4 74.2 ± 4.3 75.5 ± 3.8 72.4 ± 4.2

LSTM Plus 90.4 ± 1.3 75.5 ± 4.0 72.1 ± 4.6 74.7 ± 2.9 70.8 ± 3.9

Bi- GRU Plus 90.3 ± 0.6 76.6 ± 3.2 74.0 ± 3.8 76.2 ± 3.9 72.7 ± 3.4

GRU Plus 89.9 ± 1.1 75.7 ± 4.6 73.1 ± 3.0 76.1 ± 4.3 72.0 ± 3.7

LSTM 89.9 ± 0.9 76.0 ± 3.0 72.7 ± 2.4 74.8 ± 4.1 71.1 ± 2.9

Transformers (9 models)

TST Plus 98.6 ± 0.1 80.5 ± 4.0 79.9 ± 4.0 83.4 ± 3.5 79.2 ± 4.1

TST Plus H8 98.6 ± 0.1 80.8 ± 3.9 80.1 ± 2.8 83.5 ± 2.4 79.6 ± 3.0

TST Plus H12 98.5 ± 0.1 81.5 ± 3.7 80.4 ± 2.7 84.0 ± 2.4 80.1 ± 2.6

TST H12 98.4 ± 0.3 82.2 ± 3.7 80.5 ± 3.0 83.7 ± 2.7 80.4 ± 3.8

TST Default 98.3 ± 0.2 82.7 ± 4.5 80.9 ± 2.2 84.5 ± 2.1 80.7 ± 2.5

TST H8 98.2 ± 0.2 82.4 ± 2.7 80.4 ± 2.7 84.7 ± 2.8 80.4 ± 3.1

TSiT Plus 93.4 ± 0.4 70.8 ± 5.2 69.2 ± 3.0 73.4 ± 2.8 68.0 ± 4.0

TSiT Plus H8 93.0 ± 0.5 71.1 ± 5.7 68.9 ± 3.0 73.6 ± 4.6 68.1 ± 5.1

TSiT Plus H12 92.9 ± 0.4 71.7 ± 4.4 69.6 ± 2.3 73.7 ± 2.1 68.9 ± 3.3

Hybrid T+RNN (6 models)

T + Bi- RNN Plus 98.4 ± 0.1 77.4 ± 4.2 76.7 ± 3.2 81.3 ± 2.6 76.0 ± 4.0

T + Bi- GRU Plus 98.2 ± 0.1 77.7 ± 5.0 77.6 ± 3.2 82.0 ± 3.5 76.8 ± 4.5

T + RNN Plus 98.2 ± 0.2 77.6 ± 4.4 76.3 ± 3.6 81.5 ± 3.4 76.0 ± 4.5

(Continues)
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3.4   |   Spatial Mapping Results

Figure  5 shows the wall- to- wall classification of land use and 
land cover produced by majority- vote ensemble of five FCN mod-
els (one per random seed), the most spatially robust architecture 
(Section 3.2), in the Federal District, illustrating the spatial distri-
bution of all 13 classes. Pixel- wise agreement among the five seeds 
was high: 72.2% of valid pixels received unanimous votes (5/5), and 
85.9% had at least 4/5 agreement, indicating strong ensemble con-
sistency. The classification delineates urban areas, reforestation, 
and water bodies. Agricultural areas are concentrated in the east-
ern portion, interspersed with pastures and exposed soil. Areas 
designated for conservation (e.g., Águas Emendadas Ecological 
Station, Brasília National Park, and the IBGE Ecological Reserve) 
show their extensions covered by continuous natural vegetation 
formations.

The studied species exhibit distinct patterns (Figure 6). Pteridium 

arachnoideum is more concentrated in forest fragment edges 
and areas transitioning to savannas, where disturbance creates 
conditions favorable to its super- dominant expansion. Tithonia 

diversifolia is primarily associated with highway margins and 
peri- urban zones, with a high occurrence in areas of anthropo-
genic disturbance. In conservation areas such as the Brasília 
National Forest and National Park, areas classified as P. arach-

noideum concentrate primarily along the edges of riparian envi-
ronments and forest fragments, which should be prioritized for 
monitoring, particularly following fire events.

4   |   Discussion

4.1   |   Methodological Contributions and Model 
Performance

Remote- sensing studies on encroaching plants increasingly 
adopt DL; yet, most works still rely on UAV imagery and single- 
date segmentation or detection. Single- date 2D CNN segmen-
tation typically requires dense, pixel- level polygon masks. In 
heterogeneous savanna mosaics, precise delineation is difficult 
and prone to boundary noise, making a point- based sampling 

strategy coupled with time- series classification a more appro-
priate and scalable approach. By contrast, time- series DL ap-
proaches remain scarce and are concentrated in a few contexts, 
chiefly aquatic/coastal or alpine wetlands, such as Spartina 
(Tian et al. 2020; Min et al. 2025), leafy spurge (Lake et al. 2022), 
and Pedicularis (Zhu et al. 2025). Building on this gap, our study 
benchmarks 43 DL models across six families (CNNs, RNNs, 
Transformers, Hybrid T + RNN, Hybrid T + CNN, and Hybrid 
CNN + RNN) on monthly satellite time series in a heterogeneous 
tropical savanna. It adopts a 13- class LULC scheme to expose 
and mitigate confusion with spectrally similar targets, going be-
yond the small (often 3–6) model comparisons and conventional 
ML baselines highlighted by recent reviews (Cheng et al. 2023).

Under random splitting, the results demonstrate that the com-
bined use of Planet NICFI time series with DL classifiers enables 
accurate detection of target plants in a heterogeneous tropical sa-
vanna. CNNs, Transformers, and hybrid architectures achieved 
the highest accuracy (Table  2), consistent with their capacity 
to learn multi- scale temporal filters (CNNs), long- range depen-
dencies via self- attention (Transformers), or complementary 
feature combinations (hybrids), all of which are critical to sep-
arating phenological signals in seasonal ecosystems such as the 
Cerrado. Among the RNN methods, attention mechanisms im-
proved the results: by assigning greater weight to phenologically 
critical periods, these models better capture discriminative tem-
poral features within the 12- month series. Hybrid CNN + RNN 
and Transformer + RNN designs were equally competitive, sug-
gesting complementarity between local (convolutional) and se-
quential (recurrent) temporal features, although gains over the 
best pure models were marginal in our dataset.

The performance among architectural families is consistent 
with the structural properties of the 12- month phenological 
signal. Temporal CNNs have proven to be highly effective 
when discriminative information is encoded in the morpho-
logical form of the signal, rather than in long autoregressive 
dependencies, since convolutions act as hierarchical shape 
detectors in fixed- length sequences (Ismail Fawaz et al. 2019). 
In seasonal ecosystems such as the Cerrado, discrimination 
primarily relies on the morphology of annual trajectories and 

Model

Random Spatial CV

F1 OA P R F1

T + GRU Plus 98.1 ± 0.1 77.4 ± 5.0 76.5 ± 3.7 81.5 ± 4.1 76.0 ± 5.1

T + Bi- LSTM Plus 98.1 ± 0.1 77.3 ± 4.4 76.8 ± 3.0 80.9 ± 2.4 75.7 ± 3.8

T + LSTM Plus 98.1 ± 0.2 77.5 ± 5.0 76.8 ± 3.5 81.6 ± 3.6 76.0 ± 4.8

Hybrid T+CNN (3 models)

ConvTran Plus Ff 512 97.9 ± 0.2 80.4 ± 3.6 78.3 ± 2.2 82.5 ± 2.0 78.4 ± 2.4

ConvTran Plus 97.8 ± 0.2 81.1 ± 3.4 79.1 ± 3.1 83.5 ± 1.7 79.1 ± 2.1

ConvTran Plus Enc. Learned 97.8 ± 0.2 80.0 ± 2.8 78.2 ± 2.2 82.2 ± 2.3 77.8 ± 2.2

Hybrid CNN+RNN (2 models)

LSTM- FCN 98.5 ± 0.1 83.0 ± 3.6 81.2 ± 2.6 85.0 ± 1.8 81.4 ± 2.3

GRU- FCN 98.3 ± 0.2 82.5 ± 3.4 81.6 ± 2.8 84.8 ± 1.7 81.3 ± 2.5

TABLE 2    |    (Continued)
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TABLE 3    |    Per- species detection under random split and spatial CV (mean ± SD, %). Best spatial- CV model per group. Random P ≈ R ≈ F1 

(balanced); only F1 shown. Ordered by spatial F1.

Model Group

Random Spatial CV

F1 P R F1

P. arachnoideum

LSTM- FCN CNN + RNN 98.5 73.0 ± 17.9 92.4 ± 10.8 79.3 ± 8.8

T + Bi- GRU Plus T + RNN 98.9 70.8 ± 23.4 92.1 ± 10.6 76.6 ± 15.4

FCN CNN 98.5 71.0 ± 21.1 90.9 ± 14.5 76.2 ± 12.0

TST Default Transf. 98.2 67.3 ± 22.2 90.8 ± 11.3 73.6 ± 11.1

ConvTran Plus T + CNN 98.0 66.9 ± 23.0 88.3 ± 15.4 71.5 ± 15.7

GRU Attention RNN 97.5 63.6 ± 25.8 91.8 ± 9.3 70.8 ± 17.0

T. diversifolia

FCN CNN 99.7 98.5 ± 1.6 93.1 ± 8.9 95.5 ± 4.6

T + Bi- RNN Plus T + RNN 99.7 95.0 ± 7.7 96.3 ± 7.2 95.3 ± 4.9

TST Default Transf. 99.7 95.9 ± 3.0 94.6 ± 7.4 95.0 ± 3.0

ConvTran Plus T + CNN 99.5 98.2 ± 1.1 90.7 ± 13.7 93.7 ± 8.3

GRU Attention RNN 99.6 93.5 ± 5.2 94.3 ± 7.9 93.6 ± 4.4

LSTM- FCN CNN + RNN 99.8 95.5 ± 5.5 92.7 ± 11.0 93.6 ± 6.5

Note: The bold values indicate the best performance for each metric among the evaluated models.

TABLE 4    |    Per- class FCN metrics under random split and spatial CV (mean ± std., %). Random P ≈ R ≈ F1 (balanced); only F1 shown.

Class

Random Spatial CV

F1 P R F1

Target species

T. diversifolia 99.7 ± 0.2 98.5 ± 1.6 93.1 ± 8.9 95.5 ± 4.6

P. arachnoideum 98.5 ± 0.4 71.0 ± 21.1 90.9 ± 14.5 76.2 ± 12.0

Natural vegetation

Grassland 98.6 ± 0.5 89.6 ± 13.2 83.2 ± 10.3 86.1 ± 11.2

Savanna 97.1 ± 1.0 80.2 ± 14.5 81.4 ± 15.1 79.5 ± 11.4

Forest 97.2 ± 0.8 71.8 ± 16.1 83.1 ± 21.0 73.7 ± 13.3

Anthropogenic/managed

Urban 98.3 ± 0.6 88.6 ± 8.4 94.1 ± 8.4 90.6 ± 3.9

Reforestation 98.7 ± 0.3 88.3 ± 13.4 78.5 ± 14.1 82.3 ± 11.8

Agriculture 98.7 ± 0.4 71.5 ± 10.5 84.7 ± 14.8 76.8 ± 10.6

Bare soil 96.9 ± 0.6 76.3 ± 8.8 73.1 ± 23.7 72.9 ± 16.3

Pasture 97.6 ± 0.6 64.1 ± 21.1 72.2 ± 6.4 65.0 ± 10.4

Other

Water 99.8 ± 0.2 96.1 ± 5.1 98.5 ± 1.5 97.3 ± 3.1

Shadow 99.3 ± 0.3 91.4 ± 6.1 96.8 ± 4.7 93.9 ± 4.5

Macrophytes 99.0 ± 0.5 75.0 ± 16.0 76.3 ± 29.1 70.3 ± 21.6
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associated phenological features, rather than on extended tem-
poral dependencies. Transformers extend this capacity through 
self- attention mechanisms (Vaswani et  al.  2017), supporting 
direct comparisons across non- adjacent months and modeling 
global temporal relationships. The advantage of this archi-
tecture is that the classes differ in the timing or persistence 
of spectral signals throughout the annual cycle. In contrast, 
RNNs rely on recursive state updates that compress temporal 
information into evolving hidden representations, which may 
be less suited to short, globally structured seasonal sequences 
such as our data. Zhong et  al.  (2019) reported superior per-
formance of temporal convolutional models compared with 
LSTM in crop classification, attributing this to the ability of 
convolutions to capture multi- scale seasonal patterns without 
relying on recursive state updates. Additionally, the review by 
Cheng et al. (2023) documents the increasing adoption of con-
volutional and attention- based architectures in multitemporal 
remote sensing classification, underscoring their suitability 
for structured temporal signals. In this context, the inductive 
biases of CNNs and Transformers appear better aligned with 
annual phenological trajectories than those of RNNs.

The observed performance can be interpreted in light of the 
biophysical consistency between phenological dynamics and 
spectral response. The four spectral bands available in the 
Planet NICFI product (Blue, Green, Red, and NIR) are suffi-
cient to capture the key biophysical signals that differentiate 
the target species both from each other and from other LULC 
classes. As described in Section  3.1, the target species exhibit 
distinct phenological behaviors: T. diversifolia is characterized 
by a marked flowering phase between April and June associated 

with increased Green and Red reflectance and reduced NIR, 
whereas P. arachnoideum forms a dense frond canopy with el-
evated Green and NIR reflectance during the first half of the 
year, followed by a seasonal decline. These phenological pat-
terns generate a temporally coherent green- up and flowering 
signal within the 12- month series. Thus, DL models do not rely 
solely on instantaneous spectral separability but instead learn 
characteristic temporal trajectories associated with flowering, 
green- up, and senescence. The high performance in spatial 
cross- validation (F1≈76%–95%) demonstrates that the monthly 
phenological dynamics of the four Planet NICFI bands are suf-
ficient to achieve accurate discrimination in a multiclass frame-
work. These findings reinforce the importance of time- series 
architectures in phenology- driven ecosystems, particularly 
where visual similarity between targets and native formations is 
high. In addition to model selection, we adopted a 13- class land- 
use/land- cover scheme rather than a simplified binary “target 
vs. non- target” configuration. The larger number of classes re-
duces systematic confusion with spectrally and phenologically 
similar targets (e.g., crops, pastures, forest edges), makes error 
sources explicit, and guides a more targeted selection of training 
samples and post hoc corrections.

4.2   |   Spatial Autocorrelation Effects

The comparison between random and spatially independent 
evaluation is perhaps the most consequential result of this study. 
As shown in Section 3.2, the inflation ranged from 16 to 25 pp. 
across all six architecture groups. This inflation arises because 
nearby samples share spectral- temporal characteristics due to 

FIGURE 4    |    Row- normalized confusion matrices (%) for FCN, averaged over (a) five random seeds and (b) five spatial CV folds. The y- axis shows 

true classes and the x- axis predicted classes; colors range from 0 (white) to 100 (blue). Class indices: (1) forest, (2) savanna, (3) grassland, (4) pasture, 

(5) reforestation, (6) agriculture, (7) bare soil, (8) urban, (9) water, (10) P. arachnoideum, (11) T. diversifolia, (12) shadow, and (13) macrophytes and 

other wetland vegetations.
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common environmental conditions (soil type, microclimate, 
disturbance history). When training and test sets draw from the 
same spatial neighborhood, models can exploit these location- 
specific patterns without learning generalisable phenological 
signatures. Spatial CV, by holding out entire geographic regions, 
strips away this source of optimistic bias.

The per- class breakdown (Table  4) shows that this bias is not 
uniform. Classes with highly distinctive signatures (Water, 
Shadow, T. diversifolia) transfer reliably across regions, while 
classes whose spectral characteristics depend on local manage-
ment or hydrological conditions (Pasture, Macrophytes) suffer 
the steepest drops. Natural vegetation classes (Forest, Savanna) 
occupy an intermediate position, reflecting regional variation in 
species composition and canopy structure.

The two target species exhibit contrasting spatial behavior 
(Section  3.2, Table  3). The precision–recall decomposition for 
P. arachnoideum (high recall but substantially lower precision) 
indicates that the model detects most occurrences but generates 
FPs from spectrally similar forest pixels. This confusion is spa-
tially variable because the NIR overlap identified in Section 3.1 
depends on local canopy structure and degradation history; 
8.7% of Forest test samples are misclassified as P. arachnoideum 
under spatial CV, compared to just 1% under random splitting. 
For T. diversifolia, the consistently high precision and recall 

confirm that the diagnostic flowering phenology identified in 
Section 3.1 transfers across geographic contexts.

The Hybrid Transformer+RNN models, after the implementa-
tion correction described in Section 2.6, achieved 75.7%–76.8% 
spatial F1, comparable to pure RNNs and Transformers, with 
a random- to- spatial gap of ∼22 pp. consistent with the other 
groups. FCN, a lightweight three- layer convolutional archi-
tecture, outperforms deeper models under spatial CV despite 
ranking below them under random splitting (Table 2), a rank-
ing reversal consistent with a bias–variance tradeoff in which 
greater model capacity enables memorisation of region- specific 
patterns at the cost of spatial transferability.

For operational deployment, these results argue for selecting 
simple, well- regularized architectures (FCN, LSTM- FCN) when 
spatial transferability is the priority. We also recommend that 
future benchmarking studies routinely include spatial CV along-
side random splits to obtain realistic performance estimates.

4.3   |   Management and Monitoring Implications

From a management perspective, the spatial patterns indi-
cate different surveillance strategies. Tithonia diversifolia 
concentrates along roads, agricultural edges and peri- urban 

FIGURE 5    |    Land use and land cover map of the study area, generated by majority- vote ensemble of five FCN models trained on Planet NICFI 

monthly composites (2023). The map shows the main land- use and land- cover classes, as well as the occurrence of the target species P. arachnoideum 

and T. diversifolia.
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zones; these linear, accessible features are amenable to routine, 
low- cost patrols informed by monthly alerts. Pteridium arach-

noideum clusters along forest–savanna transitions and ripar-
ian margins, particularly in burned or repeatedly disturbed 
sites; here, edge- targeted monitoring and post- fire assessments 
can prioritize control. The history of severe fires in conserva-
tion areas (e.g., Brasília National Forest in 2016, 2017, 2024; 
Brasília National Park in 2010: ∼15,600 ha, 2022: 7700 ha, 2024: 
14,000 ha) creates conditions favorable for P. arachnoideum ex-
pansion. This species acts as an ecological filter, hindering the 
regeneration of tree species through its dense frond canopy and 
extensive rhizome system. Post- fire monitoring in these areas is 
therefore strategic for containing the expansion of the species. 
Because our multiclass design reduces confusion with spectrally 
similar classes (e.g., crops, pastures), outputs can be used to tri-
age field teams with fewer FPs than a binary pipeline. Taken 
together, the workflow provides a repeatable early- warning sys-
tem for agencies to plan interventions while minimizing survey 
effort.

The spatial CV results refine these recommendations. Because 
T. diversifolia detection transfers well across regions (F1 ∼ 95%, 
Table 3), a single trained model can be deployed for monitoring 
across the studied region with high confidence. For P. arachnoi-

deum, the precision–recall imbalance reported (recall ∼91% but 
precision ∼65%–70%, Table  3) has practical implications: high 
recall means few infestations go undetected, but lower preci-
sion implies that field teams will encounter some false alarms, 
a trade- off generally acceptable in conservation, where missing 
an actual infestation is costlier than investigating a false alert. 

Agencies deploying models for P. arachnoideum in new regions 
should plan for local calibration with a modest set of ground- 
truth samples to restore precision.

4.4   |   Limitations and Future Directions

This study presents limitations related to both the data used and 
the methodological choices adopted. Regarding the data, there 
are four main factors. First, the spatial resolution (4.77 m) may 
not identify small, sparse, or subcanopy occurrences, especially 
for P. arachnoideum under partial canopy cover. Second, tran-
sition areas can be challenging due to spectral mixing, with 
varying target contributions. Third, the analysis is limited to 
the Federal District; although performance was high under ran-
dom splitting, the spatial CV results demonstrate that domain 
shift substantially reduces performance, suggesting that trans-
ferability to completely new regions may require region- specific 
calibration or fine- tuning. Fourth, although the NICFI monthly 
composites minimize cloud contamination through best- pixel 
selection, residual atmospheric effects may persist in regions 
with persistent cloud cover, particularly during the Cerrado 
wet season, potentially introducing noise in the spectral- 
temporal signatures. From a methodological standpoint, DL 
models require GPU- based computing infrastructure, which 
may limit their adoption among groups with limited comput-
ing resources. Furthermore, most architectures were trained 
with the default hyperparameters provided by the tsai library 
without architecture- specific tuning (except for the six Hybrid 
T + RNN models, which required implementation corrections 

FIGURE 6    |    Detection examples of the two target species in the Federal District. Left half: Invasive alien Mexican sunflower, T. diversifolia, in 

peri- urban areas (Planet NICFI RGB composite from May 2023, peak flowering). (a, b) RGB composites at two sites; (e, f) same areas with majority- 

vote FCN classification overlay (orange), aligned with the yellow–green patches typical of the species' flowering canopy. Right half: Native super- 

dominant bracken fern, P. arachnoideum, in protected areas (Planet NICFI RGB composite from July 2023, dry season). (c) Brasília National Forest; 

(d) Brasília National Park; (g, h) corresponding FCN overlay (red), with occurrences concentrated along riparian margins and forest–savanna tran-

sition zones. Each panel covers approximately 3.6 × 3.6 km.
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and configuration adjustments as described in Section  2.6); 
while this ensures a largely fair comparison reflecting architec-
tural differences rather than tuning effort, it may underestimate 
the potential of models with more configurable parameters (e.g., 
Transformers with variable numbers of heads and layers), and 
future work could investigate whether architecture- specific op-
timisation alters the relative rankings.

As a natural extension of this research, future studies may ex-
pand the analysis to an interannual framework. The present 
study restricted the analysis to a single year to isolate the relative 
behavior of the architectures, the central focus of this research, 
and to reduce confounding factors, such as interannual variabil-
ity. However, restricting the analysis to a single year does not 
allow us to assess how performance responds to interannual cli-
matic variability. Differences in rainfall and temperature may 
shift phenological timing, affect spectral intensity, or modify 
vegetation structure after disturbances such as fire or severe 
drought. These factors may affect not only absolute performance 
values but also the stability of the learned spectro- temporal rep-
resentations over time. It is expected that the relative ranking of 
the architectures will be less sensitive to these variations than 
the absolute metric values, but this hypothesis still needs to be 
tested. Therefore, incorporating multi- year time series allows us 
to assess the temporal transferability and model behavior under 
different climatic and disturbance regimes. It should also be 
emphasized that, even when limited to a single year, the anal-
ysis produces wall- to- wall maps of the spatial distribution of 
encroaching species under a spatial cross- validation framework. 
This information is relevant in itself for understanding the ex-
tent and spatial pattern of target species occupancy during the 
analyzed period, independent of interannual transferability.

Along the same lines, broadening the approach to encompass 
different data sources constitutes a complementary development. 
Evaluating free images, such as those from Sentinel- 2 (10 m, with 
additional bands) and Sentinel- 1 SAR, can increase scalability 
and reduce dependence on commercial products, especially con-
sidering that Planet NICFI images are no longer open access. 
Furthermore, future work should also investigate spatial transfer 
learning strategies to improve model generalization across regions 
and explore ensemble approaches that combine the complemen-
tary strengths of different architecture families.

5   |   Conclusion

This study demonstrated the effectiveness of Planet NICFI time 
series combined with DL architectures for detecting encroach-
ing species (P. arachnoideum and T. diversifolia) in the Cerrado, 
a topic underexplored in the literature. Forty- three architec-
tures were evaluated in six groups (CNNs, RNNs, Transformers, 
Hybrid Transformer + RNN, Hybrid Transformer + CNN, and 
Hybrid CNN + RNN), considering 13 classes in a multiclass ap-
proach. Under random stratified splitting, CNNs, Transformers, 
and hybrid architectures all presented strong results, with 
F1 scores close to or above 98%. XceptionTime (98.8%) and 
InceptionTime (98.7%) stood out among CNNs, while TST Plus 
led the Transformers (98.6%). Hybrid CNN + RNN (LSTM- FCN: 
98.5%) and Hybrid Transformer+RNN models (T + Bi- RNN 
Plus: 98.4%) demonstrated highly competitive performance.

However, the introduction of spatial cross- validation revealed 
that random splitting inflated performance by 16–25 percent-
age points across all architecture groups. Under spatially inde-
pendent evaluation, FCN achieved the highest test F1 (81.6%), 
followed by LSTM- FCN (81.4%) and ResNet Plus (81.3%). 
These performance gaps, which would have remained hidden 
without spatially independent evaluation, underscore the crit-
ical importance of spatial CV in remote sensing benchmarks. 
Tithonia diversifolia was reliably detected owing to its char-
acteristic flowering and maintained high detectability across 
spatial regions (test F1 ∼ 95%), while Pteridium arachnoideum 
showed a spectrotemporal pattern closer to forest formations, 
with more spatially dependent detection (test F1 ∼ 76%). The 
predicted spatial distribution was consistent with field map-
ping, validating the approach for operational deployment. 
These results confirm the critical importance of spatially inde-
pendent validation in remote sensing studies and provide prac-
tical guidance for selecting robust architectures for operational 
monitoring.
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