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ABSTRACT

Supportive policies to promote sustainable agriculture have been implemented across coun-
tries and regions. For example, continuous vegetative groundcover and reduced tillage have
been advocated for sustainable post-harvest biomass management. Accurate and timely
information on cropland management practices is needed for agricultural policy evaluations,
evidence-based planning, and agri-environmental assessments. We show that a satellite-based
approach can yield off-season cropland management information on preferred spatial and
temporal scales from a narrow window of opportunity in early spring after snow melt and
before seedbed preparation. Agricultural parcel geometries from an administrative registry
were used to extract information on Sentinel-1 backscatter and coherence, and Sentinel-2
spectral reflectance. Based on a large survey-based dataset of 6,623 fields, we show that the
highest impact on model performance comes from the spectral regions of near-infrared and
upper red edge of the Sentinel-2 mission, whereas Sentinel-1-based features had a relatively
small contribution to classification performance. Our proposed method for tillage and biomass
detection generalises well in the study area of boreal environmental zone with dominantly
mineral soils, as confirmed by the high test set classification accuracy of 85%. The supporting
dataset and codes are stored in a publicly accessible repository.
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Introduction

Croplands and pastures comprise 36% of the global land
surface and this share is slowly decreasing, albeit with an
increase in sub-Saharan Africa and elsewhere in the tro-
pics (FAO, 2022). Agricultural land use presents us with
a dilemma: while the persistent rise in the world’s popu-
lation calls for intensified food production, modern crop-
land management practices are degrading the ecosystems
and ecosystem services upon which we depend
(Amundson et al., 2015; Foley et al., 2005). To confront
the diminishing capacity of global ecosystems to sustain
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food production, supportive policies to promote sustain-
able agriculture have been implemented across countries
and regions. One of the target areas of agricultural sup-
port programmes has been regionally specific sustainable
off-season post-harvest biomass management (e.g.
European Commission 2023). Generally, cropland man-
agement practices such as continuous vegetative ground-
cover and reduced tillage have been advocated to support
resilient farming systems.

Accurate and timely information on post-harvest
biomass management is needed for agricultural policy
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evaluations and evidence-based planning. For exam-
ple, variables within the European Union’s Integrated
Farm Statistics regulation strive to depict the inter-
links between winter-time cropland management
practices and soil productivity and biophysical pro-
cesses (European Union, 2018). Furthermore, agricul-
tural monitoring and many agricultural and
environmental assessments involve information on
off-season croplands. For example, tillage affects the
nutrient and terrestrially fixed carbon runoff from the
soil into water bodies (Bechmann & Bge, 2021; Van
Oost et al., 2005) as well as soil organic carbon stocks
and fluxes (Dlugof8 et al., 2012). Although current
parcel-level information on off-season cropland man-
agement practices can to some extent be extracted
from the existing agricultural registries, e.g. in the
European Union Member States, the information
need has not been completely fulfilled (Matthews
et al., 2023).

Space-borne remote sensing has been successfully
applied to the mapping of post-harvest practices (see
reviews in Zheng et al. (2015) and Bégué et al. (2018)).
Several authors have used both Synthetic Aperture
Radar (SAR) and optical sensor data to monitor typi-
cally wintertime cropland management practices in
specific geographical areas using various machine
learning methods. For instance, Azzari et al. (2019)
used optical and radar data to map tillage practices
across the north central region of the US. For optical
data, they used the Landsat 5/7/8 collections and com-
puted several spectral indices per pixel. For radar data,
they used SAR Sentinel-1 (S1) imagery. For each pixel
and band, they also computed surface texture metrics.
The individual annual observations were converted to
an analysis-ready format using two different
approaches to temporal compositing. A random forest
classifier was trained on a survey-based dataset to
produce large-scale tillage intensity maps on a binary
scale (high-tillage, low-tillage) at 30 m resolution. The
best model had an overall accuracy between 75% and
79%, depending on the validation approach.

Thieme et al. (2020) estimated the winter cover
crop performance for agricultural monitoring using
optical Landsat 5/7/8 and harmonised Sentinel-2 (52)
imagery to compute field-level Normalised Difference
Vegetation Indices (NDVIs) in the state of Maryland
in the US. The models for cover crop conservation
performance were calibrated using a linear regression
between the seasonal maximum NDVI and in situ data
collected on Maryland farms. The models were
reported to have a significant correlation with the
cover crop biomass (R?>=0.56), and with the
observed percent vegetative ground cover
(R? = 0.68). Denize et al. (2019), in turn, evaluated
object- and pixel-based approaches to identify winter-
time agricultural land use. Their study addressed the

high diversity of off-season farming strategies and
practices divided into multiple classes: winter crops,
grasslands, catch crops, crop residues, and bare soil.
Several differential index, biophysical, and polari-
metric features were calculated from the time series
of S1 and S2 images over a study site in France in the
winter of 2016-2017. The best performing classifier,
random forest, combined both S1 and S2 features and
used an object-based approach with an overall accu-
racy of 81%.

Acknowledging the potential of remote sensing to
complement the evidence base provided by agricul-
tural registries, our study area in northern Europe
nevertheless imposed limitations on the applicability
of the previous research results. Most of the off-season
(winter) is unsuitable for optical remote sensing due to
darkness and snow cover, leaving a narrow window of
opportunity for monitoring in early spring. Driven by
the interests of stakeholders, information on off-
season cropland management is needed on a more
granular level than previous solutions have encom-
passed. Therefore, for a sound base, our approach
builds on new, unique in-situ data that covers a large
geographical area in southwestern Finland for the
period 2020-2023. Although the study is located in
one of the northern-most agricultural systems in the
world, the methodology should be feasible in other
parts of the Northern Hemisphere, especially in simi-
lar industrial agricultural systems of northern Europe
and North America.

Our main objective was to find the best performing
classification model for estimating diverse off-season
cropland management practices from the perspective
of an operational application for agroenvironmental
monitoring. More specifically, by grounding on an
extensive in-situ dataset, we:

e Studied which cropland management practices
can be distinguished by a classifier to
a satisfactory degree of accuracy.

e Challenged the established vegetation index-
based research by introducing band-based optical
features.

e Tested several ways to incorporate optical and
radar features for modelling.

¢ Elaborated on the impact of features on the clas-
sification accuracy.

To identify the best-performing model, we considered
alternative feature representations and information
sources and evaluated classifier methods from classic to
deep machine learning. New information on the most
informative and discriminative sensing data in our study
setting contributes to the advancement of knowledge in
remote sensing of tillage practices and post-harvest bio-
mass and can furthermore assist in designing an



operational application. The resulting recommendations
of the study pave the way to effectively harnessing
remote sensing and machine learning for mapping off-
season cropland management practices over large agri-
cultural areas needed for, e.g. agricultural statistics, pol-
icy evaluations, or environmental research.

Materials and methods
Study area

The study was carried out in southwestern Finland
between latitudes 59°83°’N and 61°49’N spanning
from the towns of Hanko in the south, to Pori in the
north and Lahti in the east. The area belongs to the
northernmost European annual cropping system.
Geomorphologically, the croplands in the area are
characterised by low plateaus and undulating plains
with clay soils. According to the Képpen climate clas-
sification, the area belongs mainly to the cold summer
humid continental climate zone (Dfc) with a snow-
dominated winter and short growing season (Beck
et al., 2018). According to the environmental stratifi-
cation of Europe, the study area belongs to the boreal
environmental zone in its northern parts and
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hemiboreal zone in its southern parts close to the
Gulf of Finland (Metzger et al., 2005).

The region of interest (ROI) was set to comprise
a geographical area in which spring occurs and the crop-
lands are free of snow at approximately the same time.
The time of interest (TOI) was the narrow window
between snow melt and the beginning of the growing
season, followed by spring tillage. Based on meteorologi-
cal data, the growing season typically begins around the
middle of April in the southwestern parts of Finland
(Finnish Meteorological Institute, 2023). Any earlier
observation would most probably suffer from snow
cover, at least in the northern and eastern parts of the
RO, due to variations in the local climate. In 2022, the
growing season began a few weeks later, at the end of
April. See Table 1 for the selected annual observation
windows.

Six S2 tiles (34VEN, 34VEM, 35VLH, 34VFM,
34VFEN, 35VLG) outline the ROI, as shown in
Figure 1. The area of the ROI is ~36,000 km2. While
only 8% of the soil of the sampled fields within the
ROI is organic, the dominant mineral soils (92%) are
clay soils (42%), and rough mineral silt (20%) or till
(13%) soils (Lilja et al., 2017).

Table 1. Annual observation windows (dates) for each type of satellite imagery. S1 stands for Sentinel-1 products; S1 IW GRD for
a Sentinel-1 ground range detected product type in interferometric wide swath mode; S2 for Sentinel-2; S2 L2A for a Sentinel-2
product type of level 2A; S1 COH12 for a Sentinel-1 12-day interferometric coherence product. Additionally, there are annual
minimum and maximum numbers of observations per parcel in the region of interest for Sentinel-1 composites, coherences, and
Sentinel-2 time series, and the number of parcels in the in-situ dataset.

Year Month  Dates: S1 composite # S1 W GRD images Dates: S2 images # S2 L2A images Dates: S2 indices Dates: ST COH12 # parcels

2020 April 11-20 2...3 1-21 2...8 1-30 — 69

2021 April 11-20 3...5 1-21 2...7 1-30 — 100

2022 April 21-30 2 11-30 2...8 1-30 — 413

2023 April 11-20 3...4 1-21 1...10 1-30 8th, 20th 6,041
N

Finland

Estonia
100 km

20°E

Figure 1. The region of interest (ROI) of the study was determined on agrometeorological grounds. Six Sentinel-2 tiles cover the

ROLI. The blue dots indicate the sampled fields in the ROI.
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Data

Reference data

The reference data hold the correct parcel-wise crop-
land management labels and field parcel geometries.
The data originate from both field surveys and agricul-
tural registries. The labels were primarily recorded in
a targeted roadside data collection campaign conducted
by the Natural Resources Institute Finland in
2020-2023. In addition, we received cropland manage-
ment data from farms, which volunteered to participate
in the data collection. Our study aimed to minimize
subjectivity by employing trained data collectors and
carefully selecting labels that meet information needs
while remaining visually distinguishable. To ensure
a sufficient number of labels, we scaled the campaign
up in 2023 to collect as much data as possible. In the
roadside survey, the fields were chosen according to
their proximity to suitable routes in the agricultural
landscapes and observed from the edges of fields.

The roadside data collection was complemented by
selected parts of the data in the agricultural registries of
the National Integrated Administration and Control
System (IACS), operated by the Finnish Food
Authority. The TACS contains farmer declarations on
parcel-wise agri-environmental measures and the crops
cultivated. There are several measures that commit to off-
season vegetation cover. For each field parcel, our rule-
based algorithm assigned a vegetation cover type based
on the information on the farmers’ environmental com-
mitments. The overall accuracy of the rule-base

(c) Winter crop

T i

(e) Stubble

Figure 2. The six cropland management classes used in the study.

d algorithm was rather low, especially with tillage classes,
while the overall balanced accuracy was 72%. However,
the winter crop declarations were 99% accurate and
hence could be safely included in the reference data (see
details in Supplement A.1). As a result, this study had
a reference dataset of 6,623 parcels (see Table 1 for the
annual numbers of parcels in the dataset). In addition,
TACS field parcel geometries were used to map parcel-
level intensity values from the satellite images.

Cropland management classes

We specified eight cropland management classes to
encompass all the off-season cropland management
categories in Finland, namely:

(1) High till High-intensity conventional tillage
technique that typically involves mould-board
ploughing to a depth of 20-25 cm, leaving the
soil bare from the post-harvest season in
September-October until the pre-seeding sea-
son in late April-May. See Figure 2(a).

(2) Low till Low-intensity conservation tillage
includes various tilling methods that mechani-
cally disturb the soil to a depth of less than 15
cm while retaining most of the crop residues on
the surface. See Figure 2(b).

(3) Winter crop Cereal crops (mainly rye and win-
ter wheat, but also winter barley) and oil crops
(turnip rape and rape) sown in August-
September. See Figure 2(c).

(d) Grass

(f) Stubble with companion crop



(4) Grass Dense vegetation cover of herbaceous
plants. See Figure 2(d).

(5) Cereal crop stubble Post-harvest cereal crop
stubble and crop residues partly covering the
soil. See Figure 2(e).

(6) Other stubble Post-harvest other than cereal
crop (such as oil crop) stubble and crop resi-
dues partly covering the soil.

(7) Stubble with companion crop Stubble fields
where a companion crop (catch crop or cover
crop) vegetates the soil after the cash crop is
harvested. See Figure 2(f).

(8) Biomass burning Burning the excessive crop
residues soon after harvest to prepare the land
for sowing.

From the remote sensing perspective, cereal crop stub-
ble exhibits different reflectance patterns compared to
other crop stubble such as oil seed crops. However,
cereal crops constitute a clear majority of the stubble
crops, and hence we combined the classes. Because
burning the biomass is seldom practiced within the
study area, we excluded this class. The remaining six
classes sufficiently fulfill the information needs for
cropland management practices.

Optical remote sensing data

For optical remote sensing data, we used Copernicus
Sentinel-2 imagery from the multi-spectral instrument
aboard the S2A and S2B satellites. The imagery was
pre-processed in three different ways. In the first two
approaches, geometrically and atmospherically cor-
rected bottom-of-the-atmosphere Sentinel-2 Level-
2A products were downloaded from the Copernicus
Open Access Hub (European Space Agency, 2023).
We excluded scenes with a cloud cover of over 95%.
We then used 10 spectral bands suitable for environ-
mental monitoring with the following central wave-
lengths: Band 2 (492 nm), Band 3 (560 nm), Band 4
(665 nm), Band 5 (705 nm), Band 6 (740 nm), Band 7
(783 nm), Band 8 (842 nm), Band 8A (865 nm), Band
11 (1610 nm), and Band 12 (2190 nm) (European
Space Agency, 2015). In the first approach, we selected
single Level-2A products within the given time frame
and treated the observations as time series. In
the second approach, we took all the individual images
within the time window and pooled the parcel-wise
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pixel values. See Table 1 for the acquisition dates and
the numbers of images.

For the third approach, we used the S2 30-day
image index mosaics provided by the Finnish
Environment Institute SYKE (T6rm4, 2020). The 30-
day mosaic of Normalised Difference Vegetation
Index (NDVI), Tillage Index (NDTTI), Built-up Index
(NDBI), and Moisture Index (NDMI) are operation-
ally computed in CalFin-processing cluster (Fomferra
et al.,, 2012) at the National Satellite Data Center
(NSDC) of the Finnish Meteorological Institute
(FMI). The monthly mosaics are based on maximum
NDVTI, i.e. the pixel values of the mosaics are selected
from the image where the pixel-wise NDVI value is the
highest within the 30-day period. See details in
Supplement A.2. The index mosaics of NDBI,
NDMI, NDTI and NDVI for April from the years
2020-2023 were used in this study, as shown in
Table 1. The formulae for the indices are shown in
Table 2.

In the first two approaches, we used the scene
classification product that the Sen2Cor processor cal-
culates alongside the S2 Level-2A product for cloud
masking (Richter et al., 2012). We chose to filter out
saturated or defective pixels, cloud shadows, clouds on
medium and high probability, thin cirrus, and snow
(classes 0, 1, 3, 8,9, 10, and 11) from the images. In the
index mosaics, the Idepix algorithm (Wevers et al.,
2021) was used for cloud masking.

Synthetic aperture radar

As an active data acquisition technique, synthetic
aperture radar (SAR) provides complementary infor-
mation to optical remote sensing data by providing
data at a different wavelength range, which is less
affected by the atmosphere or variations in illumina-
tion from the Sun. In this study, operationally pro-
duced Level 2 S1 polarimetric and coherence products
were used. Up until December 2021, two satellites of
the Sentinel-1 constellation were orbiting 180° part,
each acquiring data in the C-band (5.405 GHz) and
with two polarisations: cross-polarisation VH and co-
polarisation VV (Torres et al., 2012). After the failure
of S1B, the number of S1 images available within the
TOI dropped in 2022 and 2023, as the revisit fre-
quency decreased by half (see Table 1). This partly
guided our study design.

Table 2. The formulae of indices employed in the Sentinel-2 monthly mosaics.

Index Formula with Sentinel-2 bands Reference
B11 gz —B08 BO8g—BO4

NDBI B o Zha et al. (2003)

NDMI (BOBNIR — B1 15W/R1 )/(BOBNIR + B1 1$WIR1) Gao (1 996)

NDTI (B Tswir — B12swirz )/ (B1 s + B12swim)
NDVI (BO8N/R — BO4RED)/(BOSNIR + BO4RED)

Van Deventer et al. (1997)
Rouse et al. (1974)
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For polarimetric features, we used 11-day mean com-
posites of VV and VH polarizations (see the acquisition
dates, Table 1). Seasonal compositing harmonises the
data across years. The composites were operationally
produced at FMI with the senlmosaic toolbox s
(Bowers, 2020) on dual-polarised S1 imagery in the inter-
ferometric wide-swath mode. In pre-processing, the
senlmosaic uses the Sentinel Application Platform soft-
ware (SNAP) (European Space Agency, 2022). The pre-
processing steps included calibration, speckle noise
reduction with a refined Lee filter, and geometric terrain
correction with the 10 m resolution digital elevation
model (DEM) from the National Land Survey of
Finland (National Land Survey of Finland, 2019). For
an improvement in radiometric resolution, multi-
looking was applied. This, however, increased the pixel
size from 10 to 20 m. See details in Supplement A.2.

For coherence features, we used 12-day coherence
products from 2023 (see the acquisition dates in
Table 1). The Finnish Meteorological Institute
Sentinel-1 Copernicus Analysis Ready Data
Coherence Processor operationally generates inter-
ferometric coherence, which indicates the phase
change of the radar signal from a pair of consecutive
overlapping measurements, 12 days apart. The Level 1
single-look complex products were pre-processed with
SNAP software through the steps of applying an orbit
file, TOPSAR! splits, geocoding, coherence calcula-
tion, and TOPSAR deburst (European Space Agency,
2022). The result was then merged and orthorectified
using the local DEM derived from the Copernicus
GLO-30 digital surface model (European Space
Agency, 2019). Both the S1 ground range detected
products for the composites and single-look complex
products for the coherence were downloaded from the
Finnish Copernicus Sentinel Collaborative Ground
Station (National Satellite Data Centre, 2023) hosted
by NSDC at FMIL.

Feature engineering

Similar to our previous work (Luotamo et al., 2022),
we considered fields as homogeneous objects, i.e. a soil
management practice is applied across the whole area
within the field boundaries. The mapped sensor values
of a parcel were treated as a spectral distribution from
which we formed a 32-bin histogram. Thus, each
sensor/feature type was represented by 32 features.
The range of values covered approximately 5%-95%
of the total distribution per feature.

In addition to having a different feature base, the
time of sensing also differs. We tested three time
representations. 1) Index features were calculated
from the observation date with the highest NDVI
value per sensing period of 30days (the best-
available-pixel approach). 2) The band features were
pooled from a 21-day sensing period as described in
Table 1. Due to overlapping orbits in the ROI, parcels
could be observed by more than one S2 tile within the
time frame. However, we only had one observation
from S2 mosaics. Therefore, we randomly chose
observations parcel-wise from one S2 tile only. See
class-wise numbers of observations for the mosaic
(index features) and pooling (band features)
approaches in Table 3 (Experiment 1). In both cases,
the data were in 2D (observations, features) and the S2
data were simply merged with the S1 data. 3) Lastly,
the sequence of sensing observations per parcel was
treated as a time series. Each parcel would have 1...10
observations from a 21-day period of sensing (see
Table 1). The data were sparse time series of shape
3D (observations, time, features). The S1 data were
artificially reshaped into 3D by zero-padding time — 1
time points.

For the rest of the experiments, we used multiple S2
tiles over a parcel. Thus we might have had several
observations from S2 per parcel, but only one from the
S1 mosaic. As a result, the S1 observations would be

Table 3. Class-wise number of observations in the training/testing set in each experiment setting. The datasets are ST—Sentinel-1;
S2—Sentinel-2; COH12—Sentinel-1 12-day interferometric coherence. CC stands for “with companion crop”, ND for “no

duplicates”.

Setting High till Low till Winter crop Grass Stubble Stubble CC Total
Experiment 1:

$152, mosaic 468/156 837/279 1,276/426 1,075/358 1,178/393 131/43 4,965/1,655
$1S2, pooling 450/150 805/268 1,209/403 1,024/341 1,170/391 130/44 4,788/1,597
Experiment 2:

$152 3D 626/299 1,245/458 1,670/810 1,905/463 1,694/573 - 7,140/2,603
S23D 694/231 1,277/426 1,860/620 1,776/592 1,700/567 - 7,307/2,436
S2 3D (ND) 450/150 805/268 1,209/403 1,023/342 1,047/349 - 4,534/1,512
$1S2, pooling 626/299 1,245/458 1,670/810 1,905/463 1,694/573 - 7,140/2,603
S2, pooling 694/231 1,277/426 1,860/620 1,777/592 1,700/567 - 7,308/2,436
Experiment 3:

$152 3D 626/299 1,245/458 1,670/810 1,905/463 1,694/573 - 7,140/2,603
Experiment 4:

$152+COH12 536/177 996/329 1,327/354 1,775/336 1,402/436 - 6,036/1,632

Terrain Observation with Progressive Scans SAR.



duplicated within parcel-wise observations. Therefore,
all duplicates were placed in the training set, so that
the testing set included only truly unseen data. For
comparison purposes, we also prepared 3D time series
data where duplicates were completely removed. See
Table 3 for the data amounts in (Experiments 2-4).

Models

We employed supervised machine learning, where the
goal is to approximate a function that learns
a mapping between an input x and an output y based
on examples for which the outputs are known. In our
case, the input x consists of satellite image data, pro-
cessed as detailed in Section 2.3. and summarized in
Table 3, while y represents the cropland management
class. We considered several alternative models that
differed in how the features are represented and com-
bined, but all models were trained for the same task.

Neural network models

We used a feed-forward neural network (Multi-Layer
Perceptron; MLP) as a baseline classifier, following the
example of Luotamo et al. (2022). MLP is typically
composed of multiple chained functions, i.e. hidden
layers. The number and dimensionality of these hid-
den layers determine the depth and the width of the
model (Goodfellow et al., 2016). MLP was applied to
static data where the time representation is reduced to
one time point.

We used a temporal convolutional neural network
(TCN) (Bai et al., 2018; Lea et al., 2017) to capture the
temporal nature of the data. Similar to MLP, convolu-
tional networks consist of multiple layers that effec-
tively learn representations of the data. TCN consists
of a configuration of one-dimensional fully convolu-
tional network and causal convolutions. The causality
constraint implies that, at each layer, the transforma-
tion at a given time step relies solely on the current
and past units of the preceding layer. For each experi-
ment, the hyperparameters and network architectures
were optimised heuristically. The Tensorflow (version
2.7.0, Abadi et al. (2015)) backend framework was
used both for MLP (Keras version 2.7.0, Chollet et al.
(2015)) and TCN (Keras implementation version
3.5.0, Remy (2020)). For interested readers, we refer
to Supplement A.3, where we provide a detailed over-
view of the network architectures and model imple-
mentations. The supporting source codes are stored in
a publicly accessible repository (see Supplemental
Online Material).

Feature importance

Albeit achieving high accuracy, the non-parametric
machine learning models used in this study lack inter-
pretability due to a complex set of non-linear func-
tions. For quantifying the strength of the relationship
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between the spectral features and the cropland man-
agement type in neural networks, we used a simple
leave-one-out approach as a measurement of feature
relevance. Each feature group is permuted, and the
loss in performance is assessed when the effect of the
feature group is negated. In this approach,
a substantial drop in performance is indicative of an
important feature group.

Another widely used method for estimating the
impact of features is to use an ensemble classifier
random forest (RF) which has intrinsic measurements
of predictor importance (e.g. Barnes et al. (2021);
Denize et al. (2019); Wei et al. (2023)). RF is
a decision-tree classifier which builds on bagging
(Breiman, 1996) and random feature selection at
each node of a tree. Successive decision trees are
induced by sampling training data with replacement,
and selecting a small number of features as predictors
at each split. In an ensemble of randomised decision
trees, each casts a vote for plurality voting for the
predicted class. The best cut at each node is selected
by optimising the splitting criterion, i.e. in our case,
the decrease of Gini impurity in the descendent nodes.
The decreased impurity due to splits over a given
feature is recorded. The total amount of decreased
impurity in the ensemble of trees is then the impor-
tance measure of that feature (Breiman, 2001).

We used the RF implementation in sklearn-library
version 1.1.2 (Pedregosa et al., 2011). The tuning para-
meter of the number of randomly selected features at
each node was set to the square root of the number of
features. We set the number of trees in an ensemble to
500. The trees were grown to the maximal depth.

Class imbalance

The distribution of the classes in the dataset was highly
imbalanced (see Table 3). In the classification task, we
addressed this issue using stratified sampling in data-
set splitting and incorporating class weights in the
model fitting (see C. Chen et al. (2004) for RF and
Pedregosa et al. (2011) for MLP and TCN). The accu-
racy of the classifiers on an unseen test set was gauged
by the balanced classification accuracy (the mean of
true positives).

Results
Preliminary data investigation (Experiment 1)

In the preliminary experiment, we instantiated the
simplest possible model, MLP, with two slightly dif-
ferent but simple feature representations that both
ignored time. The purpose was to see how the two
alternative feature representations could identify
classes. At the model level, the balanced accuracy of
the spectral band - based MLP model (0.71) outper-
formed that of the pre-calculated S2 differential
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index — based MLP model (0.68). However, at the class
level, model superiority varied (see the confusion
matrices in Figure 3(a,b)).

Differential indices were calculated from the date
where a pixel had the highest NDVI value within the
time period under observation (1-30 April).
Figure 4(a) shows the distribution of the pixel-wise
image acquisition dates in April 2023 delineated by the
parcels in the sample. Presumably, the sensing dated
from clear sky conditions at the end of the sensing
period. However, the acquisition dates already began
on April 6, and were quite evenly distributed over the
following three weeks. More specifically, 68.3% of the
image acquisition dates fell within the period of
April 1-21, which overlapped with that of the spectral
band - based approach. Figure 4(b) shows the 20th—

High till

Low till 4

Winter crop q

Grass

Predicted label

Stubble 4

0.16

Stubble CC 0.35

R
o <
MG

In situ label

(a) With differential index—based features. The bal-
anced accuracy was 0.68.

80th percentile distribution of the parcel-wise tem-
poral distances between the earliest and latest image
acquisition dates. This confirms that, within a parcel,
the majority of observations may have been dated
several days apart, causing high within-parcel varia-
bility in the differential index values.

Nevertheless, the photosynthetically active classes
winter crop and grass had a similar accuracy under
both model settings (see Figure 3(a,b)). Stubble was
slightly more confused with grass by the index-based
model. Stubble can also have quite extensive weed
growth underneath, which make it resemble the
photosynthetically active classes. The index-based
model had strikingly lower class-wise accuracy for
the high till, where the model confused low till, but
also winter crop, grass, and stubble, with high till.
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o
g
L
2 Grassq 0.00 0.00
T
Stubble{ 0.01 0.04
Stubble CCq 0.00 0.02
S S éQQ @f;’ N <
) S S ~ 3¢
D A% <2 2 &
« £

In situ label

(b) With spectral band—based features. The balanced
accuracy was 0.71.

Figure 3. Confusion matrices for multilayer perceptron models in six-class case (Experiment 1). CC stands for “with companion

crop”.
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temporal distances between the earliest and
latest image acquisition dates.

Figure 4. The normalised histograms present pixel-wise image acquisition dates in April delineated by the field parcels of the
study. The shaded area between April 1-21 in Figure (a) marks the sensing period of spectral band-based features for comparison.



Along with the advancement of the growing season,
the tilled soil may also have extensive weed growth,
beginning to resemble winter crop growth. On the
other hand, winter crop growth may suffer from win-
ter-kill and have large areas with no photosynthetic
growth.

In both settings, the stubble with companion crop
had more false positives than accurate classifications.
The misclassification was probably primarily due to
the lack of samples in that class (see Table 1).
Secondly, the class consisted of non-uniform samples
resembling either stubble or photosynthetically active
classes. The companion crop could also be either
growing excessively and totally covering the crop resi-
dues, or the crop residues might dominate the thin
dead and decomposed biomass of the companion
crop.

To conclude, when the time dimension is excluded,
both feature representations yielded high-performing
models on classes other than high till and stubble with
companion crop. For the rest of the analyses, we
simplified the study setting by excluding the stubble
with companion crop resulting in 5 distinct classes:
high till, low till, winter crop, grass, and stubble.

Static or time series model? (Experiment 2 and 3)

Next, we tested whether the time series of S2 observa-
tions outperformed the pooled observations. TCN was
harnessed to test the time series against MLP with 2D
pooled data. Table 4 shows the results for the mean
balanced accuracy and standard deviation for 20 itera-
tions. The TCN-based time series slightly outper-
formed MLP-based pooling method (0.78+0.01 and
0.77+£0.01 respectively).

We also noticed that when using only S2 observa-
tions, the accuracy was the highest of all tested settings
for both TCN (0.8540.01) and MLP (0.8440.01).
When using only S2, the modeling benefited from
the full use of the data, incl. multiple observations
per parcel from overlapping tiles (see Experiment 2
in Table 3). Merging S2 with S1 dropped some obser-
vations with no match in the borders of the ROI.
Therefore, we also tested whether the S2-based time
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series still outperformed the fusion of S1 and S2 fea-
tures when multiple observations (i.e. duplicates) were
excluded. As a result, the S2 model outperformed the
fusion model (0.80£0.01 and 0.78+0.01, respectively,
see Table 4).

We also tested improving the model architecture to
better utilise both types of time representations in the
data (Experiment 3). The tested model architecture
(TCN & MLP) did not outperform the simple fusion
of two sensors based on zero-padding the single S1
observation into an artificial time series (0.7640.01
and 0.78+0.01 respectively, see Table 4).

What is the impact of the features on accuracy?
(Experiment 4)

Lastly, we had doubts as to whether our choice of S1
product (the seasonal composite) was losing impor-
tant information. Therefore, we added S1 12-day
interferometric coherence features to the analysis.
The model scored better than the fusion model of S1
and S2 (0.8240.01). However, the S2-based TCN
remained the best-performing model.

We also studied feature-set-wise leave-one-out
iterations with TCN to find out which of the feature
sets affected the class-wise accuracy and importance
scores from RF to more precisely determine the most
important spectral ranges. The bands were grouped by
their wavelength ranges as follows: red-edge and near-
infrared (RENIR): S2 bands B05 red edge, B06 red
edge, BO7 red edge, B0O8 NIR, and B8A narrow NIR;
visible (VIS): S2 bands B2, B3, and B4; short-wave
infrared (SWIR): S2 bands B11 and B12; InSAR: S1
interferometric coherence VV and VH; SAR: S1 VV
and VH.

In the leave-one-out method, we excluded one
group of features at a time and monitored the class-
wise accuracy metrics. Table 5 shows the results for
a leave-one-out analysis with TCN. When all features
were included in the model, the accuracy was 0.82,
indicating that including the COHI12 features
improved the model performance, but did not outper-
form the purely S2-based model (at best 0.85 in
Table 4).

Table 4. The mean balanced accuracy and standard deviations of n = 20 training iterations in 3
experiments: time series vs. pooled data (Experiment 2); testing different network architecture to
include Sentinel-2 (S2) time series and static Sentinel-1 (S1) data (Experiment 3); fusion of 12-day
interferometric coherence features (COH12) (Experiment 4). TCN with S2 as a baseline. MLP
stands for multilayer perceptron, TCN for temporal convolutional network, ND for “no

duplicates”.

Experiment Time Classifier Sensor Accuracy

2 Pooled 2D MLP S2 0.84 + 0.01
2 MLP S152 0.77 £ 0.01
2 3D time series TCN S2 0.85 £ 0.01
2 TCN, ND S2 0.80 + 0.01
2 TCN S152 0.78 + 0.01
3 TCN & MLP S152 0.76 + 0.01
4 TCN S152+COH12 0.82 + 0.01
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Table 5. The class-wise accuracy and total balanced accuracy results from n = 10 iterations of a temporal convolu-
tional network classifier (TCN), when leaving one group of bands out at a time. The dataset is as in Experiment 4.

Omitted band High till Low till Winter crop Grass Stubble Accuracy
RENIR 0.67 0.78 0.86 0.85 0.76 0.78
SAR 0.76 0.77 0.90 0.81 0.76 0.80
SAR&COH12 0.77 0.76 0.89 0.81 0.77 0.80
VIS 0.76 0.79 0.85 0.86 0.78 0.81
SWIR 0.78 0.77 0.89 0.87 0.77 0.82
COH12 0.78 0.75 0.90 0.87 0.79 0.82
— 0.76 0.78 0.91 0.88 0.79 0.82

B8A Narrow NIR
B04 Red

BO8 NIR

B07 Vegetation
red edge
B06 Vegetation
red edge

B12 SWIR

B03 Green

Features

COH12VV
B11 SWIR

B02 Blue

B05 Vegetation
red edge

VH

‘A%

COHT2VH m——

Feature set
RENIR
mm VIS
mmm SWIR
B InSAR
SAR

0.00 0.02 0.04 0.06 0.08 010 0.12 0.14

Importance score

Figure 5. Variable importance from a random forest model based on the gini impurity index. Features were grouped into spectral

regions. The dataset was as in Experiment 4 (2D).

In a class-wise comparison, we see that RENIR
bands were essential for detecting high till soil; if the
RENIR bands were excluded from the model, the
accuracy in terms of detecting high till fields was
the lowest (0.67). The SAR, COH12, nor SWIR
bands did not make a difference in detecting high
till fields. However, when coherence bands were
excluded, low till was less accurately detected (0.76
or 0.75), but the overall accuracy was still quite high
(0.80 or 0.82). Omitting RENIR or VIS bands
reduced the accuracy of winter crop classification.
In fact, VIS bands seemed to have the only notable
effect on class-wise accuracy for detecting winter
crops.

Figure 5 shows the order of importance for the
spectral bands in the RF model. The most important
bands were the NIR and upper red edge bands span-
ning the wavelengths ~740-865 nm and the red band
at the mean wavelength of 665 nm. B12 (2190 nm) is
more important than the B11 (1610 nm) part of the

SWIR bands. The COHI2VV band of all the SAR
features had the highest importance score. VH, VV,
and COH12VH were the least important features of
all. The balanced accuracy of the RF model was 0.77.

Discussion

Studies on monitoring off-season cropland manage-
ment practices typically focus on one aspect, e.g. dis-
criminating the soil tillage intensity from no-tilling
(Liu et al., 2022; Watts et al., 2011) or the extent of
post-harvest biomass cover, such as the adoption of
cover crops or the amount of crop residues (Hively
et al., 2015; Nowak et al., 2021; Seifert et al., 2018). Our
study strove for high granularity in cropland manage-
ment classes driven by information needs. In similar
classification settings, Luotamo et al. (2022) and
Denize et al. (2019) have shown the highest overall
classification accuracy results of 70% and 81%,



respectively, in comparison to our best result of 85%
accuracy for 5 classes.

Both index-based approaches (Matthews et al.,
2023; Sonmez & Slater, 2016) and band-based
approaches (Wang et al., 2023) have recently been
used in similar cropland management monitoring
tasks. In this study, the band-based classifier outper-
formed the differential index — based classifier espe-
cially in discriminating bare soil from other classes, as
shown in Figure 3. This suggests that the band-based
features captured information that was omitted in the
index-based approach. In this respect, our study was
limited to four indices, none of which utilised the red
edge bands. However, a vast number of indices and
tools for smooth application (e.g. Montero et al. 2023)
exist for vegetation monitoring. A more comprehen-
sive set of indices could yield a higher class accuracy in
this task.

A limitation of indices in themselves is that they are
typically simple linear functions of different spectral
regions from a sensor. In machine learning, we let the
model learn these functions. Machine learning algo-
rithms thus have the capacity to model complex rela-
tionships from higher-dimensional data. The
differential indices have a long history in the remote
sensing of vegetation (Bannari et al., 1995; Zeng et al.,
2022). The development of indices has contained years
of modelling and experimental campaigns (see, for
example, Steele-Dunne et al. (2017); Xue and Su
(2017)). Indices compress spectral information into
interpretable proxies of a given quantity which can
be used as standalone indicators (Hively et al., 2015;
Nowak et al., 2021; Yue et al., 2022; Zheng et al., 2013)
or as variables in statistical or process models (Dong
et al., 2020; Thieme et al., 2020). They also show utility
for harmonising data between different sensors, espe-
cially in long time series (Jonsson et al., 2018; Sonmez
& Slater, 2016). Although our index-based machine
learning model had a lower overall balanced accuracy,
it had a higher class-wise accuracy for low till, grass,
and stubble than the band-based model (Figure 3).
This suggests that pre-processed features such as
indices can alleviate the learning task, especially with
shallow learners and/or small volumes of training
data.

Mosaicking approaches can have limitations when
applied across long time spans. The challenge of main-
taining class disparity becomes evident as the within-
parcel variance grows under rapidly changing growing
conditions. As shown in this study, 30-day index -
based mosaicking was suboptimal for the monitoring
task in rapidly changing conditions, although it has
been successfully applied in longer monitoring tasks
such as crop type mapping (Defourny et al., 2019) or
land cover classification (Nasiri et al., 2022).

Exploring the benefits of temporal data structures
in machine learning can enhance classification
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performance. Building on the convention of minimal
feature engineering in machine learning, we further
examined whether the learner benefited from an asyn-
chronous Sentinel-2 time series over pooled observa-
tions. Leveraging the recent developments in neural
networks for sequence data, our results showed that
the simplest single source sensor (S2) time-series
approach outperformed other attempts (Table 4).
This approach benefits from multiple observations
per parcel from overlapping tiles. Conceptually, this
is related to explicit data transformations (e.g. rotation
of image patches) used in computer vision to generate
diverse samples, but instead of augmenting existing
samples, we expand the total data volume by extract-
ing multiple observations from the same object. To the
best of our knowledge, the literature has not revealed
similar results utilising multiple time series per object
in a similar task.

The fusion of radar and optical sensor data has been
a topic of study. Interestingly, and contrary to our
results, several studies on tillage detection have
shown that the fusion of radar and optical sensor
data is superior to a single data source (Denize et al.,
2019; Liu et al., 2022; Whyte et al., 2018). Nevertheless,
these studies are limited to static 2D datasets. As an
exception, a recent tillage detection study by Azzari
et al. (2019) using temporal composites showed that
optical Landsat-based models outperformed S1-based
composite models in accuracy and robustness.
Furthermore, their feature importance analysis con-
firmed that S1 features had low contribution to the
task. Similarly, the sensitivity analyses in our study
showed that radar features had little effect on classifi-
cation accuracy (see Table 5 and Figure 5).

The techniques of data fusion from different data
platforms (Wang et al., 2023) or spaceborne sensors
(Ienco et al., 2019; Jiao et al., 2022) is a vivid research
area (see reviews, e.g. in Joshi et al. (2016); Mena et al.
(2024); Sengani et al. (2023)). Our attempt to combine
S2 time series and static S1 data was limited to two
types of network architectures. For future studies,
advances in neural networks for similar tasks (such
as Zhao et al. (2020) and Gbodjo et al. (2020)) could be
applied.

Recognising the benefits of SAR data in monitoring
vegetation dynamics (see review in Steele-Dunne et al.
(2017)), we also tested incorporating interferometric
coherence features. The choices made in producing
both backscatter and coherence features imposed lim-
itations on their informativeness. Radar features are
noisy due to scattering and geometric distortions
(Meyer, 2019). We chose to use 11-day temporal com-
posites as a simple noise-reduction solution. The
underlying assumption was that in a lapse of 11 days
the state of the actual soil cover only slightly changes.
In practice, the diurnal variation in, for example, the
moisture of the target can greatly vary from dry snow
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to a very dry soil surface and everything moist in
between (frost, dew, rain). In addition, in the ROI,
the Sentinel-1 acquisitions occur either in the morning
at 4-5 am or in the afternoon at 4-5 pm depending on
the orbit, causing further adverse variation in the
dataset. The great variation in the moisture of the
target hampers the backscatter sensing (McNairn
et al., 2001).

Interferometric coherence, on the other hand, is
produced from two consecutive images on the same
orbit, escaping the different subdaily conditions of
dawn and afternoon sensing. Coherence is typically
used to detect a drastic change in the target: e.g.
a recent study by Voormansik et al. (2020) used S1
VV and VH 6-day interferometric coherence time
series coupled with NDVI for mowing and tillage
detection. They found that the VV coherence values
were remarkably higher than VH coherence values
after ploughing. They suggested that the structure of
the exposed soil favours VV backscatter. In this study,
the target was presumptively in a stable state, i.e.
a drastic change was not expected. However, bare
clay soil in particular tends to dry out rapidly after
snow melt in the spring. As shown in Figure 5, the
COHI2VV rises notably high in the variable impor-
tance ranking, giving faint confidence that it can
detect subtle true differences in changes between
classes despite the confounding effect of the local
fluctuation in moisture conditions. However, in the
leave-one-out sensitivity analysis omitting both COH
features was invariant to classification accuracy.

Improving SAR feature quality may enhance the abil-
ity to detect tillage practices. In order to leverage the
complementary information from SAR for tillage detec-
tion, we envisage focusing on improving the quality of S1
features. Recent advances in de-speckling techniques
(Singh et al., 2021) lend confidence to improved SAR
image processing. Instead of temporal composites, we
could apply self-supervised learning to the single-look
complex SAR images within the TOI, following the
work of, e.g. Molini et al. (2020).

Our study underscored the significance of spectral
bands in classification performance. The sensitivity
analysis (Table 5) and variable importance analysis
(Figure 5) highlighted the crucial role of RENIR fea-
tures. Additionally, the importance analysis revealed
that the red band significantly contributed to overall
accuracy (Figure 5). This result corroborates previous
research where NIR, red edge, and VIS bands are
included in several differential indices particularly
sensitive to green vegetation, as shown in, for example,
cover crop biomass estimation (Swoish et al., 2022) or
leaf area index estimation (Sun et al., 2020).

The SWIR region plays a crucial role in distinguishing
vegetation; however, moisture conditions can interfere
with its effectiveness. The SWIR region of the electro-
magnetic spectrum is known to be sensitive to senescent

vegetation (Zheng et al., 2015). Proximal imaging spec-
troscopy has shown that dry crop residues have absorp-
tion features in the 2100-2350 nm wavelength region
associated with cellulose and lignin (Kokaly & Clark,
1999). However, water alters the reflectance spectra of
wet crop residues, hampering their discrimination from
soils (Daughtry, 2001). Therefore, highly dynamic moist-
ure conditions in the spring may have attenuated the
utility of the SWIR region for discriminating high till,
low till, and stubble in our study. Nevertheless, the B12
band of the Sentinel-2 SWIR bands was ranked high in
variable importance scores (Figure 5) supporting pre-
vious research as it has the central wavelength (~2190
nm) within the range of interest. However, its bandwidth
of ~180 nm is rather wide (European Space Agency,
2015). Although B12 ranked highly in the importance
analysis, the mutual relevance of B11 (~1610 nm with
the bandwidth ~90 nm) and B12 was nullified in the
sensitivity analysis. Nevertheless, narrower bandwidths
in the upper-SWIR region would provide valuable dis-
criminative information for crop residue detection
(Hively et al., 2018; Quemada & Daughtry, 2016) and
presumably improve the class-wise accuracy for high till,
low till, and stubble.

There was an interannual imbalance in dataset size.
The heavy emphasis on year 2023 in the dataset may
have reduced prediction accuracy in 2020-2022, as the
model had limited examples from earlier years with
varying climatic and soil moisture conditions to learn
from. Addressing spatiotemporal heterogeneity
requires data from multiple years and locations, and
alarger dataset would enhance the model’s robustness.

The scope of the study was limited to monitoring
soil cover status over a specific period of interest. By
extending the monitoring to cover the whole off-
season from harvest to the onset of the new growing
season, we would not only track changes in soil cover
but also the extent of the class, e.g. vegetation covered
soil during off-season. Such parcel-level information
would be valuable for applications such as nutrient
leakage assessments (Maértensson et al., 2023) and
more accurate greenhouse gas inventories (Palosuo
et al., 2025). Monitoring the amount of crop residues
would lead to more precise estimates of carbon
sequestration, as crop residues constitute the primary
source of SOC input in agricultural soils (Jacobs et al.,
2020). Moreover, data on the quantity of crop residues
would improve the accuracy of nitrous oxide emission
estimates (Olesen et al., 2023).

Looking ahead, a promising area for future research
would be to apply the model to new geographical
regions, especially those where post-harvest biomass
burning is a widely practiced cropland management
technique (Hall et al., 2024). This application could be
of particular interest to air pollution scientists, as
biomass burning significantly impacts air quality (J.
Chen et al.,, 2017), and the method could contribute to



a more comprehensive understanding of its environ-
mental effects. Expanding the model’s geographical
applicability would enhance its utility in global envir-
onmental monitoring.

Conclusions

We showed that the remote sensing-based approach can
yield information on off-season cropland management
practices on preferred spatial and temporal scales with
85% accuracy. The study used agricultural parcel delinea-
tions to extract information on S1 backscatter and coher-
ence and S2 spectral reflectance. Based on a large in-situ
dataset of 6,623 parcels, we showed that the highest
impact on model performance comes from the spectral
regions of the near-infrared and upper red edge. The
best-performing model TCN included only S2 features.
The classification performance was presumably ham-
pered by rapidly changing soil moisture conditions,
high local variation in photosynthetic activity, highly
nonuniform units within classes, and highly uneven dis-
tribution of classes in the data.

Despite these caveats discussed, our proposed
method for tillage and biomass detection generalises
well in the study area of the hemiboreal and boreal
environmental zones with dominantly mineral soils, as
confirmed by the high classification accuracy. Further
studies are needed to see how the model transfers to
other environmental zones and soil types in similar
agricultural systems and beyond. The model can be
deployed in operational agro-environmental monitor-
ing to support informed decision-making in various
environmental, scientific, and societal domains.
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