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ABSTRACT
Leaf Area Index (LAI) is a key parameter in crop growth mod-
els, and its accurate estimation is crucial for yield prediction.
However, LAI data values are often missing or incomplete
due to various reasons, such as sensor failures or cloud cover.
In this paper, we propose a set of time series data imputa-
tion methods for LAI values derived from satellite images by
radiative transfer model (RTM) inversion. The methods per-
form temporal interpolation either at the level of individual
pixels or on spatial aggregates. Our experimental evaluation
demonstrates that our approach can be applied to various crop
types and has the potential to improve the accuracy and time-
liness of yield prediction.

Index Terms— leaf area index, time series, field segmen-
tation, data imputation, yield prediction

1. INTRODUCTION

Predicting crop growth and yield development is crucial both
on the local level for farm management measures, as well
as on the regional to continental level to predict food supply
and allow early warnings for food shortages due to yield loss.
Climate change impacts on the environmental conditions for
agriculture further exacerbate the risk of yield loss and there-
fore food security. Earth Observation (EO) data combined
with modeling can provide yield predictions on different spa-
tial scales, continuously and securely using an open and inde-
pendent source. Public services usually use medium resolu-
tion EO data and bring out monthly reports on potential food
shortages on national and/or continental scale, mainly target-
ing other public service providers. Conversely, commercial
services like YPSILON®1 use high resolution optical imagery
and start their predictions 6 to 8 weeks before harvest, target-
ing commercial customers. However, for farmers, predictions
from both parties often come late in season. To effectively in-
fluence crop development with smart farming measures, pre-
dictions need to be performed early in the season while the
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crops are still in the vegetative phase. Our work in this paper
is part of our ongoing efforts to address this challenge in the
context of the EU Horizon Europe project STELAR2.

An important first step in obtaining earlier yield predic-
tions is to improve the quality of the input data. For this,
effective data imputation methods need to be developed to
close data gaps and provide input for physical modeling and
machine learning (ML) techniques that derive crop type, crop
status, and current crop growth [9]. In this paper, we focus
on the imputation of the leaf area index (LAI), which – as a
proxy for crop growth over time – is a key parameter for yield
predictions. By radiative transfer model (RTM) inversion, the
parameter can be retrieved from the multispectral reflectance
signals of satellite data [8]. Nevertheless, daily, cloud-free
acquisitions are not available, leading to uncertainties in crop
growth modeling if data are missing over long periods. There-
fore, the objective of this study is to present our current work
on missing values imputation methods for LAI time series de-
rived from Sentinel-2 via RTM inversion. The data cover mul-
tiple crop types and seasons. The methods are divided into
two approaches: temporal interpolation and temporal inter-
polation on spatial aggregates like fields. Experiments with
LAI data near Bordeaux, France are performed to evaluate
both approaches. Future work involves analyzing the impact
of improved imputation on early yield predictions.

2. RELATED WORK

Missing values imputation. Time series missing values im-
putation is a crucial task in many fields, including finance,
economics, and environmental science. A variety of meth-
ods have been proposed, including matrix-based and pattern-
based ones [5]. The former attempt to infer missing time
series blocks by representing the original data using matri-
ces and then applying decomposition. Recovering the orig-
inal time series produces values at each timestamp of each
gap. SVDImpute [12] is a popular such method, which selects
the k most significant columns of a decomposed matrix and
uses linear combination to infer the missing values. Pattern-
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based methods assume profound similarities among the time
series and attempt to fill in a gap using similar reference se-
ries. A popular pattern-based method is DynaMMo [6], which
detects and uses co-evolving patterns among the time series
in a dataset. Techniques that employ neural networks have
also been proposed [2]. However, in this paper, we focus
on matrix- and pattern-based techniques since the series in
a dataset tend to be linearly dependent on one another.
Field delineation. Agricultural land-use statistics often offer
more insightful and stable information when analyzed at the
level of individual fields rather than individual pixels [11].
However, obtaining field boundary maps covering large ar-
eas with potentially thousands of farms is a challenging task.
Field delineation, also known as crop field boundary detec-
tion, aims at developing automated techniques that can ex-
tract parcel boundaries directly from satellite images. Gen-
erally, the approaches to this problem can be partitioned into
classical computer vision (CV) methods and ML approaches.
Classic CV methods generally rely on raster analysis and em-
ploy several image processing techniques such as blurs, filter,
and edge detection algorithms to detect fields [1, 10, 11, 14].
ML approaches arose in recent years for addressing the limi-
tations of classic edge-based and region-based methods; their
sensitivity to noise and excessive parameterization requiring
manual tweaking and leading to context-specific results [4,
15]. Notably, Waldner et al. [15] addressed these issues by
mapping the task to a multi-task semantic segmentation prob-
lem and utilizing the state-of-the-art ResUNet architecture to
identify the extent, boundaries, and edge-distances of fields.
This greatly improved model generalization while essentially
being parameter-free.

3. DATA CHARACTERISTICS

The study area covers a region of about 10,004 km2 south-
west of Bordeaux, France, which corresponds to the Sentinel-
2 tile 30TYQ. The area is dominated by agricultural land use
and forests in the south-western parts. Multispectral space-
borne data of Sentinel-2 Level 1C from 2020 to 2022 are used
as input. After specific cirrus and atmospheric corrections de-
signed for agricultural parameter retrieval in Europe, cloud
and shadow masking was performed. Also, a preliminary
land cover classification for snow, water, and vegetation, and
masking of forests and urban areas was conducted. The LAI
values were received by crop type independent derivation via
RTM inversion with the Soil-Leaf-Canopy (SLC) model [13].

The above procedure outputs a set of 231 raster images
(10002 × 10002 pixels) with LAI values for every valid veg-
etation pixel in the period from Jan. 2020 to Dec. 2022. Time
series of LAI values were extracted from this array by slic-
ing over the time dimension, masking missing and faulty LAI
values with NaN tokens. Fig. 1a depicts an example time se-
ries, containing three gaps, with a total of 53 missing values.
Figure 1b shows the distribution of missing values for both
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Fig. 1: (a) Random LAI time series with exemplary missing
values.; (b) Boxplot of missing value statistics.

pixel-level and field-level time series.

4. IMPUTATION METHODS

4.1. Pixel-level Temporal Interpolation

We present a novel approach for temporal missing values im-
putation named cMVI (i.e., combined Missing Values Impu-
tation) that attempts to combine the outputs of 12 state-of-
the-art methods evaluated in [5] to yield better imputation
performance. These include SVDImpute, SoftImpute, SVT,
CDRec, GROUSE, SPIRIT, ROSL, TRMF, TeNMF, TKCM,
DynaMMo, and STMVL. They take as input a set of time
series and attempt to fill in gaps in each one based on both
temporal information and other time series values in the set.

To optimize information sharing between time series, we
initially apply k-means clustering, to obtain N clusters of
similar time series (we found 5 to be optimal in our case).
Then, for each cluster, we split the set of time series (in the
time domain) into a training and a validation set and intro-
duce custom gaps in the training set. Consequently, we apply
the 12 imputation methods on the training set and use an XG-
Boost regressor to compose a final prediction based on the
obtained estimations, using the actual LAI value as a ground
truth. This way, we effectively create an ensemble of imputa-
tion methods.

4.2. Field-level Temporal Interpolation

As discussed in Section 2, processing regional crop and land
use statistics on a field-level makes sense from both an ef-
ficiency and quality perspective. First, clustering pixels can
heavily reduce the computational cost of all downstream tasks
(e.g., imputation) as it decreases the number of time series
to be processed. Second, the effectiveness of classification
and prediction methods can be enhanced when fields are pro-
cessed together as a single entity, since they can be character-
ized more robustly by its average reflectance and additional
characteristics like size, shape, and texture [11].
As such, a second temporal interpolation approach was devel-
oped, including field delineation as a pre-processing step to
extract clusters of pixels corresponding to crop fields. Then,



the methods of Section 4.1 are performed on the aggregated
LAI values of the cluster over time. We opted for using the
median values, but note that other aggregation methods could
also work in certain contexts. For field delineation, the Re-
sUNet model architecture of Waldner et al. [15] was used as
it provided robust results and proved to generalize over multi-
ple countries in the EU. The segmentation model was trained
and validated on the AI4Boundaries dataset [3], which is an
open AI-ready dataset for field delineation on Sentinel-2 data,
including ground truth vector shapes.
Performing inference with our model on the study area re-
sulted in a dataset of 133,382 fields with corresponding (ag-
gregated) time series. This implies a 750x reduction of the
total search space, compared to pixel-level imputation. Fig-
ure 2c shows the output of the model for an image patch.

5. EVALUATION

In this section, we present our preliminary results of temporal
missing values imputation on individual pixels and on spa-
tially aggregated data.

5.1. Experimental Setup

The following imputation approaches are compared on sets of
time series extracted from the data described in Section 3.
Baseline. Simple linear interpolation (SLI).
Pattern-adjusted SLI. We perform weighted linear inter-
polation between supporting data points. On this, reference
time series of different crop types (spring barley, winter rape-
seed, and winter wheat) of the years 2020-2022 are used for
weighted adjustment of the linear interpolation. The refer-
ence time series come from numerical model assimilation
with the crop growth model PROMET [7] of selected aggre-
gated 4×4 km pixels in the study area. The supporting data
points are not modified within this approach, while a moving
average smoothing is performed afterwards.
cMVI-Plain. We apply our cMVI algorithm on the whole
length of plain LAI time series, without any pre-processing.
cMVI-Smooth. We apply our cMVI algorithm on the whole
length of LAI time series, after applying Savitzky–Golay
smoothing on each one.
cMVI-PastYear. Due to climate change, LAI timeseries gen-
erally have decreased autocorrelations, making recent values
less related to the values from previous years. To investi-
gate this impact, we apply our cMVI algorithm only on the
last year of LAI time series, after applying Savitzky–Golay
smoothing on each one.
The approaches were evaluated on two datasets; one includ-
ing the LAI values over time for 1000 individual pixels (i.e.,
pixel-level), and one including the aggregated LAI values
of 1000 fields (i.e., field-level). The field-level data were
constructed by extracting the top-1000 fields with the least

Pixel-level Field-level
Method MAE RMSE MAE RMSE
cMVI-Plain 0.69 0.95 0.69 0.92
cMVI-Smooth 0.47 0.68 0.45 0.68
cMVI-1Year 0.39 0.61 0.37 0.59
Pattern-adjusted SLI 0.48 0.71 N/A N/A
Baseline 0.49 0.74 0.51 0.76

Table 1: Accuracy metrics for both imputation methods

amount of missing values. The pixel-level data were con-
structed by extracting the pixel with the least amount of
missing values for each field in the field-level data. This
was to ensure a fair comparison between pixel-level temporal
imputation and field-level temporal imputation.

5.2. Interpolation results

Fig. 2a depicts the imputed time series (the gap is illustrated
using a red-shaded rectangle) of an example pixel using the
different temporal imputation approaches, along with the
ground truth. Notice that, all approaches correctly estimate
the LAI value decrease. Compared to the baseline, the rest
of the methods manage to follow the overall trend of the
original time series, with cMVI-1Year performing the best.
The cMVI-Smooth approach also outperforms cMVI-Plain,
indicating that smoothing the data can improve accuracy, as
possible outliers are ignored.

Fig. 2b shows an imputed time series containing the me-
dian LAI values of an evaluation field. In this case, the cMVI-
Smooth approach manages to closely match the original se-
ries. Interestingly, cMVI-1Year overestimates the LAI value
rise after 2022-05-26, possibly due to the fewer data available
for imputation. Note that the pattern-adjusted SLI method
was not used for imputation at the field level, since it was not
feasible to find patterns for aggregated synthetic pixels.

Table 1 contains the overall results of our study; specifi-
cally, the average mean absolute error (MAE) and root mean
squared error (RMSE) over all pixels and fields for pixel-level
and field-level imputation, respectively. In the case of pixel-
level imputation, the cMVI-1Year approach outperformed the
competition, indicating that the data from the previous year
may be more suitable for imputation, since more similarities
are expected in the crop type, weather conditions, etc. Note
that, the cMVI-Plain approach performed worse than both the
baseline and pattern-adjusted SLI; this confirms the advan-
tage of performing a priori smoothing on the data. On the
field-level, the results are similar but slightly improved in al-
most all cases. This might be attributed to the dampened noise
resulting from aggregating the individual pixel values, which
increases the accuracy of the imputation methods.

6. CONCLUSIONS AND FUTURE WORK

This paper presents our work on pixel-level and field-level
missing values imputation for time series of LAI data. The
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Fig. 2: (a) Pixel-level imputation (b) Field-level imputation (c) Field delineation through image segmentation.

proposed approaches showed superior performance compared
to simple imputation methods, potentially impacting the ac-
curacy and timeliness of yield prediction, which is critical for
effective crop management and food security.

The presented results indicate that ensembles of impu-
tation techniques can improve performance. By aggregating
time series the imputation performance was further improved.
While these techniques extract patterns from the (training)
data to improve imputation, they are inherently temporal,
meaning they only consider temporal patterns in the time
series they ought to impute. Spatio-temporal imputation, on
the other hand, extends this concept by also leveraging spatial
patterns in the data by including other, neighbouring time
series. Due to the usage of field delineation leading to a stark
search space reduction, these methods become feasible and
should be considered in future work. Furthermore, future
work can also focus on exploring the integration of other data
sources, such as weather, soil data, and hyperspectral satellite
data, to improve imputation performance of LAI values. This
task is often referred to as multiple imputation or data fusion.
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