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Abstract

An hybrid machine learning model that detects anomalies in canopy reflectance and identifies their
cause in potato crops was developed. The model was created by training a long-short-term-memory
neural network on synthetic crop NDVI data generated by coupling a potato growth model (Tipstar)
and a canopy reflectance model (PROSAIL). The following stress factors were considered: no stress
(control), N deficiency, presence of weeds, poor potato emergence. The model was validated against
field experimental data - collected for two years — where the different stresses were imposed. The
balanced model accuracy on the experimental dataset ranged between 50 and 100%, depending
on the year and the stress factor.
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Introduction

Anomaly detection is defined as “the problem of finding patterns in data that do not conform to
expected behavior [...] The importance of anomaly detection is due to the fact that anomalies in data
translate to significant (and often critical) actionable information in a wide variety of application
domains” (Chandola et al., 2009). In the domain of open field crops management, detecting
anomalies practically translates into detecting anomalies in the canopy, since canopy information
can be automatically retrieved through several sensors (satellites, tractor mounted cameras, hand-
held sensors). Detecting anomalies (i.e. deviation from potential growth) is a relevant topic since
they are caused by stress factors, thus identifying and classifying stresses represent the first step in
the smart crop management (measure, act, monitor) cycle.

While most anomaly classification are carried out at leaf scale, this study focuses on classification
at canopy scale. An example of anomaly classification at canopy scale is the model by Khanna et al.
(2019) that takes as input spatiotemporal spectral data (i.e. time series of hyperspectral images),
extracts plant traits such as height and canopy reflectance and classifies the following stress factors:
drought, nitrogen (N) deficiency and weed.

The aim of this study is to develop a model that takes as input a time series of multispectral
measurements of canopy, e.g. from satellite, and classifies the time series in one of four possible
causes of anomaly: no anomaly (control), N stress, low emergence, presence of weeds. The model
makes use of time series of Normalized Differential Vegetation Index (NDVI), since this is a well-
known and robust vegetation index.

The expectations about the shape of vegetation index time series prior experimental and modelling
work were the following: (1) weeds increase NDVI throughout the season, except when the NDVI
is saturated in the middle of the season, (2) lower tuber emergence would decrease NDVI at the
beginning of the season and (3) N stress would decrease NDVI in the middle of the season, as base
soil and tuber N supply is usually sufficient to cover the very early stages of the crop growth.
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Materials and methods

The model was built using an hybrid machine learning approach where process-based models
(crop growth models in this case) and machine learning are integrated (Maestrini et al., 2022). The
workflow was the following: a synthetic dataset of time series of crop canopy NDVI was generated
by imposing the stresses on simulation scenarios produced using the crop growth model Tipstar
(van Oort et al., 2024) coupled to the radiative transfer model PROSAIL (Jacquemoud et al., 2009).
A long-short term memory neural network (LSTM) was trained using the synthetic dataset, its
input is the NDVTI time series of variable length and the output an anomaly cause class (no stress,
weed, N stress, low emergence). The model was tested against observations from an ad-hoc two
years field experiment.

Synthetic dataset

The scenarios used for the simulations of the synthetic dataset were imposed in the Tipstar-PROSAIL
coupled models. Tipstar (van Oort et al., 2024) is a dynamic potato growth model with daily time
steps that includes N and water limitations and simulates water movement in the soil using a tipping
bucket approach. Leaves development and senescence is simulated using a leaf cohort approach,
where leaves die as they reach the thermal time set by leaf age max parameter and photosynthesis is
modelled using a radiation use efficiency coefficient that is a function of daily PAR and temperature
(Rodriguez et al., 1999). Tipstar takes, as input, time series of weather, soil physical and chemical
parameters, management, e.g. N fertilization and irrigation events, emergence date and density, and
cultivar earliness, and returns time series of crop state variables such as yield, LAI, soil moisture.
The weather data used for the simulations were obtained from the Weather Company (https://
www.weathercompany.com/) and the soil physics characteristics (van Genuchten parameters; van
Genuchten, 1980) were derived from Bofek 2020 Dutch soil maps (Heinen et al., 2022). PROSAIL
is a radiative transfer model that takes as input both leaf level parameters (e.g. chlorophyll content,
water thickness) and canopy level parameters (leaf area index, leaf angle distribution). The R
implementation of PROSAIL was used (version 2.2.2; Feret and de Boissieu, 2023). PROSAIL is a
model resulting from the coupling of a leaf optical properties model and a canopy radiative transfer.
In this study PROSAIL by coupling the models PROSPECT-PRO and 4SAIL2 was used. Some of
the PROSAIL parameters were made a function of the output of Tipstar. The parameters that were
varied were: leaf area index (output of Tipstar), ground coverage, calculated as a function of LAI
following Hui et al., (2013), solar zenith angle (calculated under the assumption that observations
were taken at 11 am local time), leaf chlorophyll content, calculated as a function of leaf N content
(an output of Tipstar), following Vos and Bom (1993), brown fraction, calculated as the ratio between
dead LAI and alive LAI (both output of Tipstar). The remaining parameters, were set following
Roosjen et al. (2018) who used PROSAIL to simulate the reflectance of a potato crop canopy in the
Netherlands, whereas for the characteristics of brown leaves the parameters provided in PROSAIL
examples of R implementation were used (Feret & de Boissieu, 2023) and bare soil reflectance was
set to the default wet soil reflectance spectra. The hemispherical-directional reflectance factor in
viewing direction simulation (rdot) was used.

A factorial experiment with 8 sitesx44 years (1980-2023)x4 treatmentsx2 varieties, for a total of
2800 runs was simulated. The 8 Dutch sites correspond to the experimental farms of Wageningen
University and Research, and the simulated varieties were a late and an early maturity variety, with
earliness score 3 and 8 respectively. The earliness score refers to the score used to describe the
phenology of Dutch potato varieties (Tiemens-Hulscher et al., 2013),which is a measure of canopy
cover duration. Model inputs were varied using inputs described in Table 1.
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Table 1. Model input variability by treatment.

N fert No.of irrig  Amountirrigation/event Planting density

(kg N/ha) events (mm) (plants/ha)
Control U (min=170, max=300)  Pois (A\=6) logN (p=5, 0=1.5) U (min=40000, max=50000)
N stress U (min=0, max=130) Pois (A\=6) logN (p=5, 0=1.5) U (min=40000, max=50000)
Rainfed U (min=170, max=300) O 0 U (min=40000, max=50000)
Low emergence U (min=170, max=300) Pois (A\=6) logN (u=5,0=1.5) U (min=40000, max=50000)

N (u=0.5,SD=0.1)

Weeds U (min=170, max=300)  Pois (A=6) logN (u=5,0=1.5) U (min=40000, max=50000)

The letter before the parenthesis indicates the distribution from which the parameter was drawn; U indicates a
uniform distribution, Pois a Poisson distribution, logN a log normal distribution. The different distributions were
chosen to reflect the domain of the input, for example the number of irrigation events needs to be a positive
integer thus the Poisson distribution was chosen. For each of the 2800 simulation a number from each of the 4
distributions described in the column was drawn depending on the simulation treatment.

The difference in earliness was simulated by modifying the leaf age max parameter, a parameter
that regulates the thermal life span of a cohort of leaves. While the treatments of no stress (control),
lack of N (N), poor emergence and water stress could be simulated by modifying the input to the
crop growth model, the presence of weeds treatment could not be simulated through Tipstar, as
weeds competition is a process that is not included in the model. To simulate the effect of weeds
on NDVI, the weed leaf area index (LAI) simulated value was added to the crop LAI The LAI of
weeds was simulated using a second-degree polynomial, that had, at the beginning of the season, a
minimum LAI between 0 and 0.5, in the middle of the season, an LAI between 0.2 and 2, and, at the
end of the season, an LAI between 0 and 0.5. The effect of weeds on crop growth, i.e. competition
for resources, was not simulated.

LSTM anomaly classifier

The architecture of the neural network trained to classify canopy was a long-short term memory
(LSTM) neural network. The trained LSTM takes as input, the time series of the relative difference
between the NDVT of a control field and the NDVTI of the observed field (ANDVIr) calculated as:

dNDVIr=((NDVI_target -NDVI_control) /NDVI_control)*100 (D

The control field would represent a field that the farmer considers free of anomalies (potential
growth). The LSTM model was a many-to-one classifier, meaning that it would take, as input, daily
dNDVTIr and return one label for the entire time series. The duration of the time series input is
variable, so that a farmer could use the time series at various periods of the season. The time series
fed to the model are initialized at emergence, so that the first day after emergence would represent
the first element of the time series. The LSTM was composed of 3100 parameters and trained on a
set of 2000 time series observation, it was validated on 220 synthetic time series and tested on 560
time series. It is important to note that validation on the 220 synthetic time series was only for the
sake of preventing model overfitting during the training procedure. A stationary zero mean random
noise with a standard deviation of 2% was added to the control treatments during training to simulate
the fact that controls where not always 0 since the ANDVIr was calculated for each ground truth
plot using as baseline the average of the control for a combination of year and cultivar (otherwise
it would be unrealistically always 0).
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The validation on the ground-truth observations was carried out independently after model training.
The model was trained for 100 epochs and batch size of 100 samples.

Ground truth dataset for validation

A ground truth dataset for validation was collected through a specific field experiment in 2023 and
in 2024. In both cases, two cultivars were cultivated on a sandy soil in Wageningen (NL). The sowing
distance was 25 cm and the row distance 75 cm. The cultivars cultivated were Avenger (late starch
cultivar) and Frieslander (early consumption cultivar). Both years were wet years so the rainfed
treatment did not differ from the irrigated treatment as irrigation was actually not needed, thus it
was considered an additional control.

All plots received 45 Mg/ha of cattle slurry (estimated N concentration of 4 kg N/Mg, short-term
nitrogen fertilizer replacement value 50% Schroder et al., 2007) and 24 kg N/ha in the form of urea
(Nutri-Carb N, NTS). The sowing rate was 53 000 seed-potatoes/ha and, in the low emergence plots,
2/3 of the standard amount was sown. For the weed treatment, about half of the normal herbicide
dosage was applied until canopy cover. In 2023, the potatoes were planted on 24 of May. The early
cultivar (Frieslander) emerged on 12 June, whereas the late cultivar (Avenger) emerged on 26 June.
The emergence of the late cultivar was late and poor because potatoes had to be brought back to
the shelter since, right before planting, a long rainy period started. This is a problem that generally
affected a lot of potato farmers in the NL in 2023. In 2024 potatoes were planted on 28 May and
emerged on 14 June.

The plots reflectance (used to calculate NDVI) was measured approximately every 10 days (see
Figure 1). The measurements of canopy reflectance were carried out using a TEC5 HandySpec
Spectrometer (TEC5 Steinbach, Germany), providing no image but hyperspectral canopy signatures,
and a multispectral camera, Altum 5 (AgEagle, Wichita, KS, USA), mounted on a drone. The images
from the drone were stitched using Metashape (Agisoft, St. Petersburg, Russia) and NDVI values
averaged by plot.

Results

The synthetic data were reasonably close to the observations, as shown for absolute NDVT of control
treatment (Figure 1) and for the relative NDVI differences (ANDVIr; Figure 2). There is a discrepancy
in NDVT time series of control treatment for the late cultivar of 2023 (Figure 1, 2nd plot from the
left) that was probably due to the emergence problem described in the material and methods section.

— Measured O Hypespectral point measurement
fffff Simulation Tipstar-PROSAIL A Multispectral drone

2023 early 2023 late 2024 early 2024 late
Qe ] Qe ] Q] Q]
] @ _| ] ]
o o o o
© © ] © ©
= o = o = o = o
= 3 3 =
zZ < Z < zZ < zZ <
IS} c 7| ) IS}
N N o ] N ]
o o o o
o | o | o | o |
e L B — e L e — < T T T e T T T
Jul Aug Oct Jul Aug Oct Jul  Aug Sep Jul  Aug Sep

Figure 1. Comparison of NDVI time series simulated and observed for control treatment by year and
cultivar.
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The relative differences in NDVI time series between treatments reflected the expectations (Figure 2)
as described in the introduction section. Weeds showed a higher NDVT at the beginning and at the
end of the season, low N treatments had a lower NDVI throughout the season and low emergence
treatments had alow NDVT at the beginning of the season, but caught up with the control treatment
as the season proceeded. A similar pattern was observed for the synthetic data (Figure 2).

The model was evaluated using balanced accuracy, which is the average between specificity and
sensitivity calculated by class. The balance accuracy measure was chosen since there were more
controls than the other treatments in our experiment. This was implemented using the R package
caret (Kuhn, 2008). The balanced accuracy of the predictions is reported in Table 2.
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Figure 2. dNDVIr (relative difference NDVI) of synthetic and observed dataset by treatment and
cultivar earliness.

Table 2. Balanced accuracy by class, year and earliness.

Year Cultivar Weeds N shortage Low emergence Control Average
2023 Early 0.80 0.80 0.50 0.5 0.65
2024 Early 0.88 0.67 0.79 0.5 0.71
2023 Late 0.90 1.00 0.80 0.5 0.80
2024 Late 0.71 0.79 0.62 0.5 0.66
Average 0.82 0.82 0.68 0.5 0.70

Balanced accuracy is the average between sensitivity (true positive rate) and specificity (true negative rate)
calculated by class.
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Discussion

The model has an accuracy (cases correctly classified over the total number of cases) that varied
between 0.5 (50%) and 1 (100%). The misclassification by class (Table 2) indicates that the most
difficult classes to predict were control and low emergence. It is possible that the control treatments
were harder to predict because, in the synthetic data, the INDVIr control was on average 0 (despite
having a stationary zero mean noise) whereas in the observed dataset, this could have been non-
stationary noise, meaning that a control plot could have consistently lower throughout the season
than the average of the control plots. Low emergence was difficult to predict because NDVTI is lower
than the control only at the beginning of the season and it can be confounded with lack of N, which
instead shows its effect throughout the season.

The main challenge to the success of this approach is the construction of a synthetic dataset that is
representative of reality. At the moment, the model overestimates the duration of canopy growth
specially for the early cultivar. Once a more representative synthetic dataset will be established,
it will be possible to move away from the current approach that requires the farmer to indicate a
stress-free field (i.e. a control field). The models themselves or their coupling also require further
improvements like a weed growth feedback mechanism on crop growth (weeds compete with crop
for resources), or a function to predict ground coverage (a parameter of PROSAIL) that includes
plant density among the predictors. The current neural network structure can predict multiple
stresses or even stress severity at the same time (since it has 4 terminal nodes). However, for the
sake of simplicity in this first round, it was trained as a classifier.

Conclusions

A hybrid machine learning approach was applied to the problem of anomaly classification in
agriculture and results are encouraging despite the model is far from being precise enough to be
deployed in practice. The model has two main advantages, it uses time series of NDVI (a robust
vegetation index that can be estimated from satellite images globally) and it can classify the canopy
anomalies also in the middle of the season.
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