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Abstract

Mowing event temporal localization in dense satellite time series is essential for agricultural monitoring and Common Agricultural
Policy (CAP) compliance. In this study, we investigate the use of Foundation Models (FM) as frozen encoders which construct
useful features for precise temporal mowing event localization. We study the Prithvi-EO-2.0 family of FM, at different encoder
sizes, paired with a lightweight MLP localization head, and compare against a 3D CNN baseline. Input timeseries from the
Harmonized Landsat Sentinel-2 (HLS) dataset, are comprised of observations across six common spectral bands over the growing
season in Central Greece. Moreover, a sliding window approach is used to process the input data adding tunable hyperparameters
to the architecture. We further contribute 451 newly annotated parcels with Day of Year(DOY) labels for each event that occurred,
extending an existing benchmark for standardized mowing event monitoring evaluation. Our results reveal a connection between
event detection and temporal localization. The 3D CNN baseline achieves the highest F1 score of 83.63%, while the Prithvi-EO-2.0
600M variant attains the best Mean Temporal Error (MTE) of 0.83 timesteps, representing a 33% reduction compared to the baseline
model. On top, we conduct an ablation study across model sizes, window sizes, and tolerance values which shows that scaling in a
certain area of model size yields the largest performance gain. Additionally, window size and tolerance of detection are important
for performance across all model sizes. The dataset and code are available at the official repo.

1. Introduction

Grassland management monitoring over large agricultural areas
is critical for Common Agricultural Policy (CAP) compliance
at both national and European levels. Mowing events in cul-
tivated grasslands serve as a direct indicator of parcel manage-
ment intensity and their precise monitoring is critical not only
for verifying farmer declarations but also for biodiversity con-
servation, as grassland use intensity is tightly linked to habitat
quality and farmland bird abundance (Andreatta et al., 2025).
Earth Observation (EO) time series, owing to their non-invasive
nature, broad spatial coverage and high revisit frequency, have
emerged as the primary operational tool for delivering timely,
parcel-level evidence to decision makers without reliance on
costly in-situ inspections (KARAKIZI et al., 2024). Existing
methods for mowing monitoring, spanning rule-based threshold-
ing, data-driven CNNs with single or multi-modal inputs, and
knowledge distillation approaches, have demonstrated strong
performance in estimating how many mowing events occur within
a season (Schwieder et al., 2022, Kolecka et al., 2018, Lobert et
al., 2021, Holtgrave et al., 2023, Miletich et al., 2025, Mou-
mouris et al., 2025). However, they predominantly address
event frequency and at best approximate timing at a coarse gran-
ularity. The precise temporal localization of each mowing event,
i.e. recovering its exact Day of Year (DOY) within the time
series, remains largely unaddressed. This distinction is opera-
tionally critical since knowing when a mowing event occurred
within a narrow temporal window is far more actionable for
CAP compliance verification and practice characterization than
simply counting events. On the representation learning side,
EO Foundation Models (FMs) pre-trained on large-scale multi-
sensor archives have substantially advanced geospatial feature
extraction across spatial tasks such as classification, segmenta-

tion, and change detection (Bommasani et al., 2021, Cong et al.,
2022, Xiong et al., 2024, Wang et al., 2025, Danish et al., 2025).
Among these, Prithvi-EO-2.0 (Szwarcman et al., 2026) stands
apart by integrating dedicated temporal and geolocation embed-
dings trained on 4.2M global HLS time series, making it inher-
ently suited for reasoning about when within a seasonal cycle an
observation occurs. Yet its capability for fine-grained per-event
temporal localization, which is a fundamentally short-duration,
temporal detection problem, has not been explored. In this
work, we address this gap by proposing a frozen Prithvi-EO-2.0
encoder paired with a lightweight MLP localization head and a
sliding window processing strategy for precise mowing event
temporal localization on dense HLS time series. We validate
our approach through systematic experiments and contribute a
new annotated benchmark to support future research. Specific-
ally, our contributions are:

• A new annotated dataset of 451 grassland parcels in Cent-
ral Greece, labeled with precise per-event Day of Year
(DOY) mowing timestamps, extending an existing bench-
mark beyond frequency classification.

• A frozen-encoder framework combining Prithvi-EO-2.0 at
four scales (Tiny, 100M, 300M, 600M) with a lightweight
MLP head, demonstrating effective temporal event local-
ization under limited supervision.

• A sliding window processing strategy that enables per-
event localization throughout the full growing season with
tunable temporal resolution.

• Comprehensive experimental analysis revealing a detec-
tion–localization trade-off, with Prithvi-EO-2.0 600M ver-
sion achieving a 33% reduction in Mean Temporal Error
over the 3D CNN baseline.

The International Archives of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume XLIX-B3-2026 
XXV ISPRS Congress 2026 “From Imagery to Understanding”, Commission III, 4–11 July 2026, Toronto, Canada

This contribution has been peer-reviewed. 
https://doi.org/10.5194/isprs-archives-XLIX-B3-2026-1009-2026 | © Author(s) 2026. CC BY 4.0 License. 1009

https://github.com/rslab-ntua/mowing-event-localization


Figure 1. Study area of newly added parcels in Central Thessaly.

2. Related Work

Mowing event detection and localization. Mowing event de-
tection from satellite time series encompasses two complement-
ary sub-tasks: frequency detection, where the number of events
within a growing season is estimated, and temporal localiza-
tion, where the specific Day of Year (DOY) of each event is
predicted. Both tasks rely on the characteristic spectral signa-
ture of mowing, namely an abrupt decline in vegetation indices
such as NDVI or EVI followed by gradual recovery, a pattern
that is only observable at sufficient temporal density and with
appropriate cloud screening. The ecological relevance of this
monitoring task extends beyond agricultural policy, as precise
mowing date estimation has been linked to landscape-scale ef-
fects on farmland bird abundance (Andreatta et al., 2025), while
grassland spectral parameter models have been shown to be
highly sensitive to the timing of satellite acquisitions relative to
management events such as cutting (Wallis et al., 2025). Rule-
based methods applied to combined Sentinel-2 and Landsat-8
time series have demonstrated scalable mowing frequency map-
ping at regional and national levels (Schwieder et al., 2022),
(Kolecka et al., 2018). Moving toward data-driven localiza-
tion, 1D CNNs trained on multi-modal optical and SAR fea-
tures have been shown to recover event timing with compet-
itive temporal precision (Lobert et al., 2021), while the inclu-
sion of weather variables alongside satellite observations has
further confirmed that optical data remains the most discrim-
inative source for event detection despite the benefit of multi-
modal fusion (Holtgrave et al., 2023). A training-free approach
combining NDVI drop detection with complementary SWIR in-
crease filtering produced the first open, wall-to-wall mowing
event dataset for Austria, demonstrating that high-quality fre-
quency monitoring is attainable without labeled training data
(Miletich et al., 2025). A benchmark of over 1,600 annotated
parcels across three regions of Greece, built on HLS time series
and covering up to four mowing events per season, established
that deep learning architectures combined with knowledge dis-
tillation on pseudo-labeled data can yield strong frequency clas-
sification results even under data scarcity (Moumouris et al.,
2025). The present work builds on this foundation by expand-
ing the benchmark with newly annotated parcels carrying per-
event DOY labels, and shifts the objective from frequency clas-
sification to precise per-event temporal localization, a task that
demands not only detecting that a mowing event occurred but

recovering its exact position within the time series.

Foundational models for remote sensing. Foundation Mod-
els (FMs) are large-scale architectures pre-trained on vast, di-
verse datasets to serve as general-purpose backbones transfer-
able with minimal task-specific supervision to a wide range
of downstream tasks such as classification, segmentation, ob-
ject detection and change detection (Bommasani et al., 2021).
The remote sensing community has embraced this paradigm
to overcome the persistent bottleneck of labeled data scarcity,
leading to a growing ecosystem of EO-specific FMs. Early ef-
forts such as SatMAE (Cong et al., 2022) demonstrated that
extending the Masked Autoencoder (MAE) (He et al., 2022)
framework with explicit temporal and spectral positional en-
codings yields strong transfer learning gains on land cover clas-
sification and segmentation tasks, establishing temporal em-
bedding as a viable strategy for satellite image pre-training.
DOFA (Xiong et al., 2024) addressed sensor heterogeneity
through a neuroplasticity-inspired wavelength-conditioned hy-
pernetwork capable of ingesting SAR, multispectral and hy-
perspectral data under a unified architecture. Copernicus-
FM (Wang et al., 2025) introduced flexible metadata encod-
ing and cross-mission multi-modal pre-training across all Sen-
tinel satellites. TerraFM (Danish et al., 2025) demonstrated the
scalability of this approach, achieving state-of-the-art results
on GEO-Bench(Lacoste et al., 2023) through joint Sentinel-
1/2 training. While these models have collectively advanced
the state of EO representation learning, their focus remains
predominantly on spatial tasks, and temporal ordering is typ-
ically treated as an auxiliary, rather than structural, compon-
ent of the architecture. Prithvi-EO (NASA-IBM) (Jakubik et
al., 2023), by contrast, was designed from the ground up for
multi-temporal EO analysis. It was pre-trained on 4.2M global
time series from the HLS archive and its architecture integ-
rates dedicated temporal and geolocation embeddings that al-
low the model to reason about when an observation occurs
within the seasonal cycle. Its successor, Prithvi-EO-2.0 (Szwar-
cman et al., 2026), further scaled this design to 300M and 600M
parameter variants, extending multi-temporal pre-training with
improved geospatial positional encodings and demonstrating
stronger generalization across a broader range of EO down-
stream tasks. Prithvi’s native temporal awareness makes it the
most suitable FM backbone among current alternatives for our
task, since mowing event localization requires detecting subtle,
short-duration reflectance transitions within dense satellite time
series, a problem that is fundamentally temporal in nature and
benefits directly from a model pre-trained to distinguish phen-
ological stages across time.

3. Dataset

3.1 Study Area

This study focused on Central Thessaly (Figure 1), a region
characterized by high-intensity agricultural activity. To en-
sure consistency with existing benchmarks (Moumouris et al.,
2025), NASA’s Harmonized LandSat Sentinel (HLS) Dataset
(Claverie et al., 2018) was utilized as the primary data source.
The temporal scope of the data covers the cultivation period
from early April until late November for year 2021. To obtain
high-density time series with minimal atmospheric interference,
a maximum cloud cover threshold of 20% was enforced during
data preparation, and default quality filtering was applied ac-
cording to the official HLS Dataset guidelines. The resulting
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time series consists of 27 timesteps at a spatial resolution of
30m, incorporating spectral bands from both sensors.

3.2 New Dataset

Building upon the dataset available in (Moumouris et al., 2025),
an additional 451 parcels were collected to create a specialized
fine-tuning set. This new subset provides high-resolution la-
bels, including the specific Day of Year (DOY) for each mowing
event and the total count of events per parcel. The annotation
process was performed according to the following steps and is
also described in Figure 2:

1. Enhanced Vegetation Index (EVI) calculation: EVI was
calculated for each timestep to identify sudden drops in the
index, which typically signify a mowing event.

2. Optical (RGB) and EVI time series construction: The
synergy of both data sources was utilized to verify visual
changes against vegetation index trends for more robust
results.

3. Parcel annotation: Each parcel in the Region of Interest
(ROI) was assigned two distinct labels: the total number
of events and the specific DOY for each occurrence.

Figure 2. Flowchart describing the annotation process of the
newly added part of the fine-tuning dataset.

The small size of the parcels posed a significant challenge dur-
ing selection, requiring careful identification of parcels repres-
entative of the broader agricultural landscape in the area. Not-
ably, quality filtering resulted in missing values that were inten-
tionally left un-imputed to facilitate future research into missing
value reconstruction methods. The final fine-tuning set contains
five classes based on the total number of events, ranging from
one to five DOYs per parcel; only parcels with at least one con-
firmed mowing event were included.

As shown in Table 1, the distribution is dominated by parcels
with 3 or 4 events, which account for over 70% of the data-
set. Before training, a data preprocessing step is applied to the

Events per parcel Number of parcels Percentage (%)
1 event 27 6.0
2 events 58 12.9
3 events 155 34.4
4 events 169 37.5
5 events 42 9.3
Total 451 100.0

Table 1. Distribution of annotated mowing-event counts per
parcel (fine-tuning set).

dataset to produce temporal windows of different sizes. This
sliding windows approach is described in detail in the next sec-
tion and aims to localize the events present in specified time
windows, enabling event detection throughout the cultivation
season. Moreover, in this dataset, only the six common chan-
nels between Landsat-8 and Sentinel-2 were selected apart from
the Enhanced Vegetation Index (EVI), in order to better capture
parcel dynamics.

4. Methodology

4.1 Sliding Temporal Windows

Time series data was treated as individual windows as input
to the model, implementing a sliding window approach, thus
introducing two hyperparameters: window size W and stride
S. Window start indices are generated as {0, S, 2S, . . .} over
the full time series of length T , with a final window always
appended at position T − W to guarantee complete coverage
regardless of divisibility. During fine-tuning, two different win-
dow sizes were selected,5 and 3 timesteps, with the model pro-
cessing all frames at once to better capture any underlying re-
lations. Furthermore, a tolerance offset factor was introduced
during training and evaluation to allow minor temporal predic-
tion errors to be treated as correct, when they occur within this
tolerance. For this study, taking under consideration the selec-
ted window sizes, a tolerance of 1 or 2 timesteps was studied.
An example of the sliding window approach is given in Figure
3.

Figure 3. Sliding window strategy and time series details. The
depicted example shows a time series and the sliding window

strategy followed in our study.

4.2 Encoder Model Selection

In this study we utilized all available common bands between
Sentinel-2 and LandSat in the HLS dataset, namely: BLUE,
GREEN, RED, NIR, SWIR 1, SWIR 2. The model under study
was Prithvi-EO-2.0 as a frozen encoder, giving the opportunity
to study the use of this kind of models in limited data cases.
No additional temporal or location embeddings were utilized as
only the output features of the frozen encoder were used in each
model version. This model family, was pretrained using the
HLS data, thus making it an excellent use case for our dataset.
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Figure 4. Distribution of observations during the growing season.

4.3 Localization Head

A modular classification head maps the encoded feature se-
quence (B, T,D) to per-timestep logits (B, T ). The head ar-
chitecture was chosen as an MLP, with a hidden dimension of
256 and a dropout rate of 0.1 as defaults before any fine-tuning.
A temporal mask (B, T ) is passed to the head to suppress con-
tributions from invalid or missing timesteps during both training
and inference.

4.4 Postprocessing

Raw per-timestep logits are passed through a sigmoid activa-
tion and a fixed threshold of τ = 0.5 then converts outputs
to binary predictions. Prior to encoding, an optional spatial
mask (B, T,H,W ) is applied to eliminate invalid pixels, such
as those contaminated by clouds or missing data, ensuring that
non-valid observations do not propagate into the feature repres-
entations.

5. Results

5.1 Implementation Details

We implement all models using PyTorch and TerraTorch frame-
works and train them on a single GPU. For all Prithvi-EO-2.0
variants, we utilize the pretrained weights and keep the encoder
frozen, fine-tuning only the localization head on our newly an-
notated dataset of 451 parcels. All models are optimized using
Adam with a learning rate of 1 × 10−3 and trained for up to
100 epochs with early stopping based on validation MTE. The
3D CNN baseline follows the same training protocol for a fair
comparison.

We evaluate two model families: (i) a lightweight 3D CNN
baseline and (ii) the Prithvi-EO-2.0 foundation model at four
scales (Tiny, 100M, 300M, 600M). Also, we report two primary
metrics, namely F1-score for event detection (binary pres-
ence/absence per window) and Mean Temporal Error (MTE),
defined as the mean absolute difference in timesteps between
predicted and ground-truth event positions, which serves as the
primary cross-model localization metric.

5.2 Experimental Results

3D CNN Baseline. The 3D CNN baseline achieves the highest
detection performance, reaching 83.63% F1 with tolerance=2
and W=3. Its MTE remains between 1.24 and 1.60 timesteps,

corresponding to a temporal offset of approximately 10 to 14
days. This behavior is consistent with the limited temporal re-
ceptive field of a shallow architecture, which captures coarse
spectral changes but struggles to resolve the precise onset of
vegetation recovery patterns. Furthermore, since the baseline
is trained from scratch on only 451 parcels with a comparat-
ively larger number of trainable parameters than the frozen-
head Prithvi variants, its higher F1 may partly reflect sensitivity
to the training distribution rather than robust generalization, a
risk the frozen encoder design is specifically intended to mitig-
ate.

Prithvi-EO-2.0. Fine-tuning the frozen Prithvi-EO-2.0 en-
coder yields moderately lower F1 scores (77.15% for the 100M
variant at best under iso-tolerance conditions) but substantially
improved temporal localization. The 600M variant achieves the
best MTE of 0.83 timesteps (≈ 7 days based on the distribu-
tion of observations, Figure 4), representing a 33% reduction
over the best baseline MTE of 1.24. The 300M model attains a
competitive MTE of 0.86 timesteps, confirming that larger pre-
trained encoders consistently benefit temporal precision. This
improvement is attributable to the richer spatio-temporal rep-
resentations learned during large-scale HLS pre-training, which
enable the model to identify subtle but diagnostic spectral trans-
itions more precisely than a shallow CNN trained from scratch.

Detection and Localization Trade-Off. A consistent archi-
tectural trade-off emerges across all configurations. The 3D
CNN baseline prioritizes event detection at the cost of temporal
precision, while Prithvi-EO-2.0 variants achieve tighter local-
ization with moderately lower detection rates. From an oper-
ational perspective, this distinction is consequential; for CAP
compliance monitoring, recovering the precise timing of a man-
agement event within a narrow temporal window carries more
evidentiary value than binary occurrence confirmation alone.

5.3 Ablation Studies

To disentangle the contributions of model capacity, window
size, and tolerance, we conduct a systematic ablation across all
Prithvi-EO-2.0 variants. Results are reported in Table 2.

Effect of Model Size. Scaling from Tiny to 100M yields
the largest single improvement: F1 increases from 71.08% to
77.15% adding a 6.07%, and MTE drops from 2.27 to 0.98,
a 57% decrease. The Tiny model’s poor performance sug-
gests that its limited embedding dimension is insufficient to
encode the temporal dynamics of mowing events from only 3
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Model F1 (%) Window Size Tolerance MTE
3D CNN (baseline) 79.37 3 1 1.60
3D CNN (baseline) 83.63 3 2 1.24
Prithvi-EO-2.0 (tiny) 71.08 3 1 2.27
Prithvi-EO-2.0 (tiny) 42.87 5 2 1.61
Prithvi-EO-2.0 (tiny) 41.52 5 1 1.59
Prithvi-EO-2.0 (100M) 77.15 3 1 0.98
Prithvi-EO-2.0 (100M) 54.18 5 1 1.59
Prithvi-EO-2.0 (100M) 56.81 5 2 1.60
Prithvi-EO-2.0 (300M) 57.12 5 1 1.16
Prithvi-EO-2.0 (300M) 71.56 3 1 0.86
Prithvi-EO-2.0 (300M) 55.98 5 2 1.17
Prithvi-EO-2.0 (600M) 56.51 5 1 1.50
Prithvi-EO-2.0 (600M) 51.88 5 2 1.50
Prithvi-EO-2.0 (600M) 75.00 3 1 0.83

Table 2. Model performance across architectures. All models’ performance and related hyper-parameters are reported for comparison.

to 5 frames. Further scaling to 300M and 600M improves MTE
marginally (0.86 and 0.83 respectively) but does not increase F1
beyond the 100M level. This pattern of diminishing returns is
consistent with the small fine-tuning set of 451 parcels. Firstly,
larger encoders produce more precise temporal features, but on
the other hand, the lightweight MLP head cannot fully exploit
the additional capacity for detection. Finally, this suggests that
scaling the classification head or incorporating temporal atten-
tion mechanisms could unlock further gains for larger encoders.

Effect of Window Size. Across all Prithvi variants, W=3 con-
sistently outperforms W=5 in both F1 and MTE. The degrada-
tion with W=5 is more obvious for the 300M model where F1
drops from 71.56% to 57.12% and MTE increases from 0.86
to 1.16 timesteps. A factor that is likely to explain this beha-
vior is the large window that dilutes the mowing pattern. With
a mean revisit interval of approximately 8 days, a 5-frame win-
dow spans for 40 days, during which multiple mowing events
may occur, making it difficult for the crop to recover on time,
so the phenological pattern repeats.

Effect of Tolerance. Tolerance has a more modest effect
than window size. Critically, increasing tolerance inflates F1
without improving actual localization precision. Models evalu-
ated at different tolerance values must not be compared on F1
alone; MTE remains the only reliable cross-condition localiza-
tion metric, capturing temporal offset differences that F1 with
an adjusted threshold cannot distinguish.

6. Conclusions & Future Work

This work addresses the largely unexplored problem of pre-
cise mowing event temporal localization in dense satellite time
series, shifting the objective from frequency classification to
per-event Day of Year prediction. In this study we explore
the use of Foundation Models for mowing event localization,
utilizing them as frozen encoders, and offer a fair comparison
between the Prithvi-EO-2.0 model family and a 3D CNN ar-
chitecture in the temporal localization task. To support this ob-
jective, a fine-tuning dataset is constructed leveraging all avail-
able common bands between Sentinel-2 and Landsat missions,
extending the benchmark we previously proposed with precise
per-event DOY annotations for 451 newly labeled parcels in
Central Greece, which is the first publicly available resource of
this kind for the Mediterranean region, to our knowledge.

Our results suggest that a clear trade-off is present between
mowing event detection, treated as a binary task and temporal

localization. The 3D CNN baseline achieves strong detec-
tion performance but localizes events with a temporal offset of
10–14 days, a limitation consistent with its shallow architec-
ture and lack of pre-trained temporal representations. In con-
trast, the 600M variant achieves the best temporal precision
with an MTE of 0.83 timesteps, which translates to approx-
imately 7 days based on our dataset characteristics. This re-
duction of 33% gives the opportunity to better monitor parcels,
especially small-sized ones that are the majority in Greece. The
ablation further reveals that the most critical scaling gain oc-
curs between Tiny and 100M, while W=3 consistently outper-
forms W=5 by preserving the short-duration spectral signature
of mowing events within the sliding window.

Due to the findings in this study there are several future dir-
ections that emerge for performance improvement. The small
fine-tuning set of 451 parcels is the primary bottleneck con-
straining both detection F1 and the ability of larger encoders
to fully express their representational capacity. The amount of
data could be increased not only in temporal coverage but also
by adding more areas in Greece and possibly other countries
of the Mediterranean region. The intentional absence of gap
imputation in our dataset opens a direct research avenue into
missing value reconstruction and in future studies a robust gap
handling algorithm will be of great importance, especially in
temporal localization tasks. On the architecture side, replacing
the lightweight MLP head with a temporal attention mechanism
could better exploit the richer feature space of the 300M and
600M encoders. Also, different modalities could be added to
the existing dataset, such as Sentinel-1 or temperature data, as
they could lead to better results, particularly in cloud-affected
periods where optical data density is reduced. Due to the strong
generalization of these models, more frozen encoders are to be
studied, leading to faster development of monitoring solutions
due to the pretrained nature of the backbone.
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