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The high spatial, spectral, and temporal resolutions of the Vegetation and Environment monitoring New MicroSatellite (VENµS) satellite data facilitate field-level phenological analysis of crops. This study proposes deep
learning (DL) based approaches to resolve the issues prevalent in crop phenology-based fingerprint estimation at
field-level using VENµS satellite data. An encoder-decoder-based framework, called piece-wise kernel encoding
network (PKNet), is proposed for missing data imputation of the vegetation index (VI) curves derived from timeseries image data. PKNet adopts interpolation-based convolution, dynamic time wrapping (DTW) based layer
formulation, and imputation-specific constraints for optimal smoothing of the irregularly sampled VI curves.
Besides, PKNet learns kernel parameters dynamically. A variational encoding framework called a dynamicprojection-based generalization network (DPGNet), is proposed to generalize the pixel-level VI curves to syn
thesize a representative VI curve for a given field. DPGNet is more effective than the use of multiple moments as
it is resilient to outliers and learns normally distributed latent space with a small number of samples. The current
research also proposes a classifier, called dynamic time wrapping based capsule network (DTCapsNet), which
learns a discriminative latent space and accurately models the VI curve features. The DTCapsNet considers the
time-series nature of the input using DTW-based convolution layers. The feature characterization improves
generalizability and gives good results, even with a limited number of training samples. Experiments using the
ground truth information and satellite images, acquired over two farms in Israel, illustrate that the proposed
frameworks give better results than the commonly-used existing approaches.

1. Introduction
In the agriculture domain, Earth observation (EO) data is widely
explored for detailed and timely information on crop type, condition,
production, and yield for several applications (Gebbers and Adamchuk
2010). Forecast of crop yield and production requires information about
the surface coverage of different crops. Automatic mapping using EO
imagery is the most popular and convenient approach for sampling large
areas (Foerster et al. 2012; Kamir et al. 2020). EO data-based pheno
logical analyses use vegetation index (VI) curves (e.g., normalized dif
ferential vegetation index (NDVI)), estimated from temporal images
over a given season, as phenology fingerprints to model seasonal vari
ations of different crops (Xiang et al. 2019).
Deep learning (DL) approaches, which transform inputs to intrinsic

manifolds in an unsupervised manner, have reported better results than
the conventional machine learning approaches for various EO data ap
plications (Zhu et al. 2017; Ma et al. 2019; Patterson et al. 2020). DL is
powerful for mining features or relationships from data as it extracts
hierarchical information from vast volumes of data (Chai et al. 2020).
Convolutional neural network (CNN) based deep architectures strive to
learn abstract feature representations for a given set of data, and the use
of shared weights resolves the issue of overfitting. The current study
investigates DL approaches for addressing different issues prevalent in
the phenological analysis of crops. Although the proposed approaches
adopt deep convolutional architectures, the loss functions, architec
tures, regularizations, optimization strategies, and even the type and
strategy of convolutions vary significantly in accordance with the spe
cific issue being resolved.
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A major issue in the EO data-based phenological analysis of crops is
the effect of clouds, aerosols, and sensor malfunctions resulting in
irregular VI curves (Richardson et al. 2012). Most of the existing
denoising approaches adopt window-based regression techniques or
static-kernel-based convolution approaches requiring the parameters to
be manually fine-tuned (Cao et al. 2018; Yan and Roy 2020). Also, the
used approaches are sensitive to the cross-domain and cross-modality
shifts (Chen et al. 2004). This study explores DL-based unsupervised
feature learning to smoothen the VI curves in a learned manifold using
dynamically learned kernels.
Another issue in the phenological analysis where the application of
DL can have significant improvement is the generation of field-level
representation of VI curves. The field-level crop phenology monitoring
requires multiple VI curves obtained at the pixel level to be transformed
to field level. Usually, statistical moments such as mean, mode, median,
covariance, and standard deviation are used. However, the effect of
outliers and increased computational complexity in considering multi
ple moments affect the practical utility of the approach. Also, consid
ering specific features or trends in the curves, rather than values alone, is
significant in achieving proper generalization (Zhao et al. 2019). The
current study employs DL-based approaches to project the pixel-level VI
curves to a normally distributed latent space. Although different avail
able encoding–decoding approaches are applicable for reconstructing VI
curves, the specific nature and irregular sampling of the VI curves need
to be considered to get an effective characteristic representation. The
field-level VI curve generation proposed in this study can also be
employed to generate the phenology fingerprint (of a given crop) from
the representative VI curves of multiple fields.
Comparing the phenology fingerprint of a crop with a group of VI
curves is crucial in identifying the crop type or anomalies (caused by
different disturbances) and thereby infer certain conditions, such as pest
or disease infection, water stress, desertification, etc. The substantial
shift in the phenological curves of a single crop and the inter-seasonal
variations affect the use of simple Euclidean distance measures in esti
mating the similarity between VI curves and baseline diagnostic ones. In
this regard, classifiers designed to compare the phenology using tem
poral VI curves need to adopt relaxed one-to-many matching strategies.
The dynamic time wrapping (DTW) based similarity measures optimize
the alignment of two time series by establishing one-to-many associa
tions between data points and are tolerant to both shifts and distortions.
Although these approaches account for the relative importance
regarding the phase difference between reference and testing points, the
weights are usually pre-defined based on prior knowledge rather than
learned (Baumann et al. 2017). The current study proposes a DL-based
approach that can model the features of VI curves accurately and can
incorporate learnable DTW-based similarity computations in layers.
In summary, the current study strives to investigate the use of
advanced DL approaches for resolving the issues concerning withinseason field-level monitoring of crop phenology. The main contribu
tions of this study are (1) development of a DL-based approach, called
piece-wise kernel encoding network (PKNet), for effective smoothing of
VI curves; (2) development of an approach, called dynamic-projection
based generalization network (DPGNet), to derive generalized fieldlevel representation from pixel-level representations; and (3) develop
ment of a VI curve classifier, called dynamic time wrapping based
capsule network (DTCapsNet), to effectively model the features of VI
curves taking in to account the shifts, distortions and scale differences
prevalent in them. The performance of the above-listed proposed ap
proaches is compared with some benchmark approaches tested on the
same domain.

smoothing of VI curves. Different encoding-based reconstruction tech
niques, which can be used to generalize a given set of VI curves, are
reviewed in Subsection 2.2. Finally, different similarity measures and
classifiers relevant in estimating the crop labels are presented in Sub
section 2.3. The specific contributions of this research and the novelty of
each of the proposed frameworks concerning the corresponding existing
approaches are discussed in each of these subsections.
2.1. Machine learning and deep learning approaches applicable for
smoothing/denoising
Different recent machine learning approaches applicable for
denoising or smoothing vegetation VI curves are reviewed in Cai et al.
(2017) and Zeng et al. (2020). Most conventional smoothing approaches
adopt local regression for smoothing or filling gaps of a given series data,
such as VI curves. Weil et al. (2017) employed a locally weighted scat
terplot smoothing function for data imputation with noisy phenological
patterns. The fitting of nonlinear least squares to the asymmetric
Gaussian model for NDVI smoothing is discussed by Al-Nahhal et al.
(2019). Yang et al. (2019) used a weighted double-logistic function to
produce gap-free NDVI time-series from original contaminated obser
vations. Spline-based smoothing has also been employed to identify
coarse resolution temporal patterns, such as the distinction between
annual wet and dry season while removing the signal noise caused by
individual storm events (Patterson et al. 2020). Although these
regression-based smoothing approaches have been quite popular, static
smoothing kernels ignore local variations and affect reconstruction ac
curacy. The Savitzky-Golay-filter-based approaches employ linear
regression to fit adjacent data points with a low-degree polynomial to
improve VI curves (Shekhar 2016; Cao et al. 2018; Kong et al. 2019).
However, these approaches require polynomial order and filter length to
be selected appropriately to preserve spectral characteristics of VI curves
and avoid extraneous oscillations. Deep convolutional autoencoderbased denoising approaches learn nonlinear feature spaces to avoid
linear events, sparsity, and low-rank assumptions of the traditional
interpolation methods (Wang et al. 2019; Li et al. 2019; Lai et al. 2019;
Kolbæk et al. 2019). However, generally, these approaches do not
consider the irregular sampling of the data and series-specific features.
DL-based approaches that attained success for processing irregularly
distributed point data exploit local structures using permutation
invariant feed-forward network to aggregate local features (Li et al.
2015; Qi et al. 2017; Mao et al. 2019; Guo et al. 2020; Chai et al. 2020).
Although these approaches are applicable to denoising VI curves, the
effective partition and selection of point clouds remain challenging.
Graph convolutional network (GCN) based point cloud processing,
which builds local graphs and aggregate local features through convo
lution or pooling, are also helpful in the reconstruction of VI curves (S.
Wang et al. 2018; Wang et al. 2018; Wang et al. 2019). However, the Knearest neighbors (KNN) based strategy, employed by most of these
approaches, is sensitive to point cloud density.
Moreover, the multi-layer-perceptron-based learning of point co
ordinates ignores some explicitly defined geometric relations. In sum
mary, most of the existing DL-based reconstruction techniques,
applicable to the smoothing of VI curves, cannot adequately handle
irregular sampling and rely on uniformly and densely sampled unaliased
input data. Besides, simple convolutional encoder-decoder frameworks
ignore the point nature of the data and cannot be effective in modeling
local VI curve features. We hypothesize that effective smoothing or
denoising requires latent space projection using interpolated convolu
tion to consider the point nature and irregular sparse sampling of the
data. Additionally, the data imputation should also consider the local
features as well as the piece-wise reconstruction similarities.

2. Related studies

2.2. Generation of field-level representation

This section reviews the main commonly-used approaches related to
the different issues prevalent in crop phenology-based analysis. Sub
section 2.1 presents different prominent approaches that apply to the

DL-based encoding–decoding approaches, applicable for image and
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signal reconstruction tasks, are relevant in generating a field-level rep
resentation of a group of pixel-level VI curves. Recent advances for
learning unsupervised representations are summarized in (Bengio et al.
2013; Cheriyadat 2014; Girin et al. 2020). Generative adversarial net
works (GANs) and alternatives learn useful latent representations for
different image processing applications such as multi-view image gen
eration, image translation, and style transfers (Tian et al. 2018; Gui et al.
2020). Wang et al. (2018) combined generative adversarial and
perceptual adversarial losses to train two feed-forward CNNs to solve
image-to-image transformation tasks. Anirudh et al. (2020) used a sur
rogate network to approximate observation variability without the need
for additional supervision or data augmentation. Emami et al. (2019)
employed a spatial attention mechanism in the discriminator to help the
generator focus on the discriminative regions between the source and
target domains for achieving a lightweight model. However, the latent
representations learned in these GAN-based approaches do not accu
rately model the VI curve features, and the approaches generally require
a large number of training samples. Discriminative and generative var
iants of autoencoders are also employed for learning optimal feature
representations (Tschannen et al. 2018; Girin et al. 2020). Hoshen
(2018) used a stochastic function to map input samples to latent codes
where multiple analogies of samples were parameterized. Although the
method is much faster at inference time and leverages on large datasets,
the irregular sampling and the importance of local features are not
considered. Zufan Zhang et al. (2019) proposed a signal signal-specific
feature fusion approach. However, the approach emphasizes feature
modeling for classification rather than reconstruction. Peng et al. (2019)
employed a fully connected neural network to jointly learn a collection
of hierarchical representations and cluster assignments in an end-to-end
manner by exploiting the prior invariant sample assignment. An unsu
pervised deep metric learning model designed by Kang et al. (2020) used
a spatial augmentation criterion to uncover semantic relationships
among land cover tiles. Kang et al. (2020) proposed a representation
learning method that explicitly modeled and leveraged sample relations
to encode real data manifold. However, these approaches ignore the
irregular sampling and sequential nature of the VI curves. Graph-based
encoding strategies have recently been proposed to encode graphs pre
serving their contextual and geometric information (Kipf and Welling
2016; Hasanzadeh et al. 2019). Although different generative and
discriminative encoding approaches have been widely employed for
various applications, we hypothesize that for proper generalization of a
group of VI curves, encoding to a normally distributed space should
preserve the characteristic features of the VI curves and consider irreg
ular sampling and time-series nature. To the best of our knowledge, DL
has not been used for generalizing VI curves for deriving effective fieldlevel representations or phenology fingerprints.

limited number of training samples. Mou and Zhu (2020) proposed a
spectral attention module that used a gating mechanism to recalibrate
spectral bands adaptively. Jiang et al. (2020) proposed an unsupervised
discriminative reconstruction constrained GAN for hyperspectral
anomaly detection, but the approach assumes class imbalance of lesser
abnormal samples. In order to address the issue of limited availability of
training samples, Jia and Liu (2020) proposed eigenmap-based feature
extraction and dimensionality compression to significantly reduce the
number of parameters in the DL model. However, most of these ap
proaches yield limited results for VI curves, where shape similarity is a
major consideration for accurate recognition. Moreover, most of the
existing classifiers consider VI curves as vectors ignoring the charac
teristic features that are physically significant in estimating the pheno
logical similarity of crops. The capsule-based approach, proposed in
Arun and Karnieli (2021), addressed the modeling of crop-specific
phenological events. However, the approach is computationally com
plex and requires a large number of training samples. DTW-based
approach, proposed in Grabocka and Schmidt–Ieme (2019), used a
wrapping function as an upper-level neural network to model the
alignment of time-series indices in deep representation space. Another
similar approach leveraged DTW to better feature extraction by
employing a stochastic backpropagation scheme (Cai et al. 2019). The
approach by Iwana et al. (2020) employed a DTW-based neural unit but
did not explore it for convolutional frameworks and also had the
requirement of fine-tuning the slope constraint. Although DTW-based
approaches have yielded acceptable results, the parameter tuning re
quirements affect their effectiveness and generalizability (Iwana et al.
2020). We hypothesize that DTW-based convolutional layers and
capsule-based feature learning can model sequential nature and char
acteristic features of the VI curves effectively. The convolutional
implementation of time wrapping is hypothesized to dynamically learn
kernels for estimating feature-specific shape similarity correspondences
of VI curves.
3. Materials and methods
This section discusses the datasets used, proposed approaches, and
implementations. A brief discussion of the study area and datasets used
are presented in Subsection 3.1. The proposed approaches for resolving
each of the issues are discussed in Subsection 3.2. The implementation
details of the proposed approaches regarding the data considered in this
study are presented in Subsection 3.3.
3.1. Datasets
The current study employs the Vegetation and Environment moni
toring New Micro-Satellite (VENμS) data collected over two agricultural
farms in Israel for field-level phenology assessment and crops moni
toring (https://karnieli-rsl.com/ven%C2%B5s). The VENμS sensor is
characterized by a high spatial resolution of 5 m, a high spectral reso
lution of 12 narrow bands in the visible to near-infrared regions of the
spectrum, and a high revisit time of 2 days at the same viewing and
azimuth angles. The NDVI values of barley, wheat, and potato crop fields
computed over the crop years 2017–2018 and 2018–2019 are used for
various analyses. The study area consists of different fields, among them
23 fields of barley, 90 fields of wheat, and 20 fields of potato. Analysis of
the proposed frameworks is conducted for both years. The image met
adata provided the cloud cover, and cloud masks were applied in the
VENμS level-2 image data.. The actual cloud affected VI curves are used
to evaluate the proposed smoothing approach. The shapefiles of crop
fields, along with the cropping and harvesting information obtained
from framers, serve as ancillary data for labeling the VI curves.

2.3. Classification and fractional area estimation
Long short-term memory (LSTM) and variants, which are optimal for
the classification of time-series data, are relevant for VI curve classifi
cation. Recently, Karim et al. (2018) proposed an attention mechanism
for LSTM-based classification by augmenting convolutional blocks with
squeeze-and-excitation blocks to improve accuracy. However, most
LSTM-based approaches ignore the characteristic features of VI curves,
and the Euclidean losses are prone to sampling biases. Among the recent
GAN-based approaches applicable for classifying VI curves, Hang, Zhou,
Liu, and Ghamisi (2021) proposed simultaneous optimization of
reconstruction and misclassification losses to take advantage of unla
beled samples. However, the approach uses one-to-one correla
tion-based similarity measures and is prone to shifts and distortions
prevalent in VI curves. Continual learning, CNN, and elastic weight
consolidation loss were employed by Shi et al. (2019) to classify radi
ofrequency signals considering the phase shifts. Although Han et al.
(2020) illustrated CNN to generate task-specific features, the architec
ture failed to effectively process irregularly sampled point data with a

3.2. Proposed approaches
The overall workflow involved in the phenology fingerprint
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generation and analysis is summarized in Fig. 1. The shaded blocks
indicate the use of the proposed approaches in resolving the issues
prevalent in related analyses. The proposed smoothing framework,
PKNet, adopts a dynamic kernel-based strategy to learn filter parameters
from the data. The generalization framework, DPGNet, proposed in this
research, is employed for obtaining representative characteristic curves
for each field. DPGNet is also employed for generating phenology fin
gerprints of each crop from the representative curves of multiple fields.
The proposed DTCapsNet classifier uses DTW layers and features specific
transformations to assign crop labels to a given VI curve or detect the
anomaly.
3.2.1. DL-based smoothing of VI curves
In the proposed PKNet framework, presented in Fig. 2, the vectorized
input VI curve is encoded to multiple scales and abstraction levels,
resulting in multi-level, multi-resolution feature representations. The
decoder successively synthesizes the complete data, based on the prior,
starting at low-resolution feature maps (denoting large-scale structures)
up to high-resolution feature maps (representing fine-scale structures).
PKNet uses interpolation-based convolutional units instead of regular
ones, thereby addressing the problem of the irregular nature of VI curves
and modeling of local features. The interpolation-based convolution of
vectorized VI curve ʋ with a kernel κ(.), centered at a location x, is
implemented as:
v*κ(x) =

∑ 1 ∑
φ(κα , x’ )v(x + xα ).κ(x’)
Nx’ kα
x’

Fig. 2. Architecture of the proposed PKNet for index curve smoothening and
reconstruction (Size and shape of feature blocks represent relative differences in
feature dimensions).

wise similarity, a multiscale version of the structural dissimilarity loss
is also employed as:
∑
1 − Ω(p)
LSD =
p∈P

Ω(p) =

2μp μ’p + C1
’2
p

.

2σp σ ’p + C2

μ2p + μ + C1 σ2p + σ ’p 2 + C2

(2)

where P ⫅ R denotes the set of all relative locations on the VI curve,
C1 and C2 are constants, µp and µp’ respectively represents the means of
the patches of the reconstructed and ground-truth VI curves while σp and
σp’, respectively, denote the corresponding standard deviations. The
means and standard deviations are computed in neighborhoods
(context) of varied extents to implement multiscale measurements of
structural dissimilarity.
A back-projection-based refinement is proposed to further refine the
results for missing or erroneous value imputation (not applicable for
improving sparsely sampled VI curves). The errors in the reconstruction
of known values of the VI curve are estimated. The weighted average of
the reconstruction error is computed for the known values in the context
of each missing value. The weights are determined based on the spatial
distance and spectral similarity of the given value with respect to the
missing one. The weighted error estimated for the missing value at the ith
position of the VI curve is computed as:
∑(
)
δEi =
(3)
e− ((pi − pj )+λ(vi − vj )) δEj

(1)

where φ(.,.) is an interpolation function that computes the weights
based on a filter weight vector kα and a given input point x’, and Nx’ is the
density normalization term to make the convolutions sparsity invariant.
Apart from conventional hyper-parameters, interpolation-based convo
lution uses kernel length defined as the distance between two adjacent
weight vectors to control the receptive field.
The convolution units in the encoder employ padded convolutions
followed by leaky-Rectified Linear Units (leaky-ReLU) activations and
pooling operations. Convolutional units following the down-sampling
steps increase the number of feature maps where the stride selection
and sampling factor depends on the application and the data. The
decoder consists of up-sampling of the feature maps followed by a
concatenation of the same with the copied encoder feature maps at the
corresponding resolution. The use of skip connections resolves the issue
of vanishing gradients, and the concatenated feature maps are repro
jected using convolution layers. The final layer employs 1 × 1 convo
lutions to map multiple feature maps to the desired output. For training
the network, in addition to the L2 regularization loss, to ensure piece-

j∈Ci

where δEj is the reconstruction error of the known value at the jth
location of the VI curve, λ is the normalizing factor, Ci denotes the
spatial context of the ith position on the VI curve, pi and pj are the ith and
jth positions, and vi and vj are the values on the reconstructed curve at
the ith and jth locations.
3.2.1.1. Generation of field-level representation. This study also in
vestigates the application of DL in learning a generalized or abstract
representation of a group of VI curves in the context of crop classifica
tion. In this regard, DPGNet employs a variational autoencoder (VAE)
based network to estimate the generative and encoding models GΘ and
Dϕ , respectively, for a group of VI curves. The nonlinear encoder func
tion Dϕ maps the group of VI curves to a low-dimensional manifold
representation while GΘ decodes the latent vectors back to the corre
sponding VI curves. It may be noted that the approach employs
interpolation-based convolution (Subsection 3.2.1) instead of normal
convolution. The architecture of DPGNet adopted in this study is pre
sented in Fig. 3. The skip connections are employed to resolve the
vanishing gradient problem. As shown in the figure, mean (µ) and
standard deviation (σ) vectors are used to sample the latent vectors
using the reparameterization trick, ensuring that the latent vectors

Fig. 1. Workflow of phenology-based crop analysis (Shaded boxes denote the
applicability of the proposed approaches).
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considers the VI curve features. The estimation of fractional area
coverage is also investigated based on the anomaly of a given VI curve
from its representative curve. The proposed DTCapsNet classifier uses
DTW-based convolutions and capsule units instead of normal neural
units. Capsules are a group of neurons that model characteristics of
features as the orientation of their output vectors. The architecture of
DTCapsNet, adopted in this study, is presented in Fig. 4.
As shown in Fig. 4, the input VI curves are fed to successive con
volutional units, where max-pooling layers follow the second and third
convolutional units. Unlike regular convolutional units, DTW-based
nonlinear units (Iwana et al. 2020) are implemented in a convolu
tional framework for feature extraction. The activation of a given DTW
node n is computed as:

Fig. 3. Architecture of the proposed DPGNet for representative index curve
generation (Size and shape of feature blocks represent relative differences in
feature dimensions).

(
)
∏d
)]
]
( ⃒
[
[
( )
LVAE = Ev Eqτ (z|v) [ − log(pḮ (v|z))] − Ev DKL (qτ (z|v)||N z⃒μy , I ) − βDKL qτ (z)|| j=1 qτ zj

follow a unit Gaussian distribution.
The learned models (GΘ and Dϕ ) will be able to describe the manifold
of the VI curve variability accurately. Any arbitrary observation vi of an
{
}
VI curve belongs to the set vi ∈ GΘ (z) : z ∈ Rk and thus can be
equivalently represented by a corresponding low-dimensional vector z
∈ RK in the latent space of the generative model GΘ . As the output of
VAEs varies smoothly with changes of the latent variables (Kingma and
Welling 2014), the latent representations generalize the group of VI
curves effectively and are robust to outliers. Unlike the existing VAEs,
the loss function of DPGNet is composed of a fitting data term (maxi
mizing the data likelihood) and a latent compression term (enforcing
that q(z|v) stay close to the latent prior pθ(z)) along with label infor
mation embedding factor as:

(
an = ϕ

(4)

∑⃦
⃦
⃦wn,i − xj ⃦

)
(5)

(i,j)∊M

where × is a vector of the input values x1,…,xm and wn is a vector of
the respective weights wn,1,…, wn,m to the node n. The function ϕ(⋅) is a
nonlinear activation function applied to the result, and M is a set of all
the matched pairs between × and wn computed using the dynamic
wrapping approach discussed in (Iwana et al. 2020). In addition to
modifying the neural units, the convolution operation is also modified to
consider the specific characteristics and noisy nature of the VI curves. An
interpolation-based convolution (Subsection 3.2.1) is employed instead
of the normal convolution.
The feature tensors from convolutional layers form the feature cap
sules (FCs) (as shown in Fig. 4) and are connected to each of the class
capsules. The length of FC’s output vectors denotes the likelihood of
finding the corresponding feature/pattern, while the orientation denotes
the instantiation parameters. Unlike the regular Capsulenet (Sabour
et al. 2017), DTCapsNet appends the features derived at different hier
archies (for modeling the local and global features) to obtain the feature
capsules. The capsule layers employ a DTW-based dynamic routing to
refine the transformations in conjunction with the back propagations.
Unlike in the regular capsule network implementations, the dynamic
routing is modified to consider the shape and characteristic features of
the VI curves. In this regard, the log priors that measure the similarity
between the output of the jth spectral class capsule (ej) and the predic
tion vectors ̂
u j/i is computed as:
∑
k− 1
k
k− 1
bij = bij +
u j/i n ‖2
(6)
‖ej k− 1 m − ̂

where v is the input VI curve, µy is the posterior mean of class y, z is
the latent representation, qτ (z|v) is the encoding distribution, pḮ (v|z) is
the decoding distribution, d is the dimension of the latent space modeled
by the encoder, β is the entanglement penalty factor, and
DKL (.||.) is the Kullback–Leibler divergence. Although penalizing
⃒
)
(
⃒
DKL qτ (z|v)||N(z⃒μy , I) facilitates disentanglement amounts to the loss

of the information about v stored in z resulting in a poor reconstruction.
The reformulation adopted in equation (4) resolves the effect of the
stochastic sampling in the latent code, where the last term measures the
dependence for multiple variables. In addition, pḮ (z) is considered as a
mixture of unit Gaussians and is conditioned on the label information to
refine the latent space based on the class label information. The
embedding of label information obviates the need to marginalize over
all classes to compute the K-L divergence.
The DPGNet constraints latent representations of the given group of
pixel-level VI curves to be in unit Gaussian, preserving the crop-specific
information. The mean of the distribution is sampled and decoded to
yield the representative VI curve for the given field. A similar approach
is used to obtain the phenology fingerprint of a given crop from a group
of characteristic curves. Instead of sampling the mean value, a bundle of
curves in the range of one standard deviation around the mean is also
averaged to get an alternate characteristic representation.

m,n∈M

where bij k denotes the logits at each iteration k, and M is the set
containing the indices of elements along the warping path between the
k− 1
ej k− 1 and ̂
u j/i . The wrapping path between two vectors is computed
according to the discussions in (Cuturi and Blondel 2017; Iwana et al.
2020).
The 1D capsules, shown in Fig. 4, learn features of VI curves and their
characteristics in conjunction with the objective of crop classification.
The DTW-based shared convolution weights and GAN-based data
augmentation, coupled with a reduction in the number of hyperparameters are the characteristics of the proposed approach. The

3.2.1.2. Feature-based similarity estimation. This subsection proposes a
VI curve classifier that estimates shape-based similarity and effectively
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Fig. 4. Architecture of the proposed DTCapsNet classifier (Size and shape of feature blocks represent relative differences in feature dimensions).

cross-entropy loss is minimized to train the network weights. To model
DTCapsNet for estimating fractional abundances from field-level VI
curves, the normalized length of the output vector of each class is used as
an estimate of the fractional abundance.

hyperparameters for the approach by Lai et al. (2019), such as learning
rate, momentum rate, and training epochs, are respectively set to 0.3,
0.1, and 800. A total of 6 hidden layers are employed with respective
dimensions as 36, 18, 12, 12, 18, and 36. The approach by Chai et al.
(2020) is implemented as a fifty layer framework including 19 con
volutional (with ReLU activation), max-pooling, up-sampling, and
concatenate layers. In all the DL-based approaches, adopted as bench
marks in the current study, max-pooling and upsampling layers
respectively downscale and upscale the resolution of the features by a
factor of 2. Also, a hyperparameter optimization technique, discussed in
(Gulcu and Kus 2020), is employed to optimize the network parameters.

3.3. Implementation details of the frameworks considered in the current
study
This subsection discusses the design and optimal hyper-parameter
settings of each of the architectures and approaches proposed and
compared in the current study. It is worth noting that the architectures
and hyper-parameters need to be fine-tuned concerning the input data.
The configurations adopted are discussed in the following subsections.

3.3.0.2. Generation of field-level representation
The generative and encoder models of the proposed DPGNet are
learned from the given group of VI curves. The latent space dimension is
empirically set to be 10 (K = 10) as it adequately captures the variability
of the VI curves of different crops (potato, barley, and wheat) considered
in this study. The encoder network constitutes of two convolutional
units where downscaling halves the resolution of the feature maps and
convolution doubles the number of features. The number of filters of the
first convolution unit is set to 32. All the layers employed multi-sized
kernels of sizes 1 × 2, 1 × 3, 1 × 4, 1 × 5, 1 × 7, and 1 × 9 pixels. A
fully connected two-layer network is found to be optimal for sampling
(through reparameterization) the 10-dimensional latent space. The
decoder network employs three convolutional units, of which two are
followed by upsampling layers (scale factor = 2). The decoding con
volutional layers, except the last layer, halve the number of features. The
last decoding convolution layer combines all the features to reconstruct
the VI curves and uses tanh activation function.
Hyper-parameter optimization, proposed in Bochinski et al. (2018),
is employed to optimize the parameters of DPGNet. The MSE-based loss,
cosine dissimilarity loss, and the proposed piece-wise dissimilarity loss
are minimized to learn the network weights. The context extents are
varied from 1, 3, 5, 7, and 9 for implementing the multiscale measure
ments of structural dissimilarity. The network is trained for 250 epochs
using batch optimization with a mini-batch size equal to one-third of the
total amount of training data for each field.
Different benchmark reconstruction approaches discussed in this
study are implemented based on the descriptions in the corresponding
research papers. The optimization approach, proposed in Gulcu and Kus
(2020), is adopted to fine-tune the hyper-parameters of the DL-based
reconstruction models. For implementing the approach by Hoshen
(2018), the settings of unconditional generative model, VAE encoder
and mapping module are adopted from the literature with the latent
code dimension set to 36. Besides, a learning rate of 0.3 is used across all
parameters that are updated with every training batch.
The method by Wang et al. (2018) is implemented by alternatively

3.3.0.1. Smoothing of NDVI curves
The encoder-decoder-style PKNet, employed for solving missing data
imputation as shown in Fig. 1, uses multi-size kernels of sizes 1 × 2, 1 ×
3, 1 × 5, 1 × 7, and 1 × 9 in the encoder and decoder streams. The
padded convolutions are followed by ReLU activations in all layers
except the last two decoding layers that use tanh activation. The stride of
pooling and unpooling layers is kept to two for respectively halving and
doubling the resolution of the resulting feature maps. Convolutions
following down-sampling steps double the number of feature maps
while is halved by the convolutions following upsampling. The convo
lution kernels use Gaussian interpolation (as the interpolation function)
and the Gaussian bandwidth (3σ) is fixed to 0.1. The number of filters in
the first encoding unit is empirically set to 32.
The input data is jittered by a zero-mean Gaussian noise with 0.02
standard deviation at selected random locations. The network is trained
for 480 epochs with an initial learning rate of 0.001 and a decay rate 0.7
every 80 epochs with batch size 30. Hyper-parameter optimization,
proposed in (Bochinski et al. 2018), is employed to optimize the pa
rameters of the proposed network. The mean squared error (MSE)-based
loss and cosine dissimilarity loss (Arun et al. 2019), along with the
proposed piece-wise dissimilarity loss, are employed to learn the
network weights. For implementing multiscale structural dissimilarity
measurements, the context extents are varied from 1, 3, 5, 7, and 9.
The implementations of benchmark denoising approaches are
directly adopted from the corresponding literature. In the least-squarebased fitting approaches (Yang et al. 2019; Al-Nahhal et al. 2019), the
key temporal points and parameter sets are decided based on the
phenological growth transitions, planting, heading, and harvesting in
formation obtained from the farmers. For the spline-based (Patterson
et al. 2020) and Savitzky-Golay-filter-based (Cai et al. 2017) ap
proaches, the smoothing parameter, upper-envelope iterations, upperenvelope strength, and stiffness adaptation strength are respectively
set to 2.34, 3, 7, and 0.49 using 10-fold cross-validation. The
6
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optimizing the discriminator and transformation networks using Adam
solver with a learning rate of 0.001 and a momentum of 0.5. The hyperparameters for balancing the influence of generative and perceptual
adversarial losses are empirically set to 1. The results reported for
Anirudh et al. (2020) are obtained using a 12-layered network that is
optimized using RMSProp with learning rates set as 0.01 and 0.03,
respectively, for the first and second inner loop iterations. The encoderdecoder approach, proposed in Kang et al. (2020), is implemented as a
10-layer framework with a fully connected mapping layer separating the
encoder and decoder. The filter sizes are empirically set to be 1 × 3 and a
number of filters are set to be 256 in all layers except the last layer.

study, Dou et al. (2020) is implemented as an autoencoder framework
where the encoder and decoder are trained alternatively. An Adam
optimizer is employed with a learning rate of 0.008 and momentum of
0.7. Besides, the hyperparameters such as neighborhood are set to 1, and
the scale factors of loss functions are respectively set to 0.5, 1, 1, and 10.
For the approach by Qian et al.(2020), a 6-layered feed-forward network
is used to implement linear mixing for blind unmixing. The RMSprop
algorithm is employed, with a learning rate of 0.07 and weight decay of
0.002, to optimize the framework. For implementing the unmixing ar
chitecture discussed in Borsoi et al. (2019), a 6-layer network with ReLU
activations is trained using Adam optimizer with a mini-batch size equal
to 100. The scaling factors to constrain the latent representations are
empirically selected to be 0.3 and 0.01. Su et al. (2019) proposed the
benchmark unmixing approach, which is implemented with the hyper
parameters for the regularizations on the mixing matrix and abundance
fractions both set to 0.1.

3.3.0.3. Classification and fractional area estimation
In the proposed implementation of DTCapsNet, the cross-entropy
loss is minimized for training the network. The features used as
‘feature capsule-1′ are not translation invariant as they are derived
before pooling. The max-pooled features used for ‘feature capsule-2′ and
‘feature capsule-3′ capture the feature hierarchies for effectively
modeling the VI curves. For crops having similar VI curves, consider
ation of pooled features improves the separability and classification
accuracy. Instead of using max pooling for capsule-2 and capsule-3, the
dilated convolution has also been experimented with.
DTCapsNet has 32 1D-filters in the first, second, and third convolu
tion units in the current implementation. The sizes of filters in each layer
are 1 × 3, 1 × 5, 1 × 7, and 1 × 9, and for each size, there are 16 filters in
each unit aggregating to 64. For the NDVI curves, having a length of 42,
the dimensions of the output of the first, second, and third convolution
units are 64 × 42, 64 × 20, and 64 × 10, respectively. The final feature
vector, having a length of 72 (42 + 20 + 10), comprises features (of the
NDVI curves) at different hierarchies. In other words, the feature cap
sules have nine channels of convolutional 8D-capsules. The mini-batch
size for training is set to 80; the momentum for backpropagation is set
to 0.3 (obtained through cross-validation); the learning rate is initially
set to 0.4 and is depreciated by a factor of 2 after every 50 epochs.
Hyper-parameter optimization, proposed in Bochinski et al. (2018), is
employed to optimize the parameters of DTCapsNet. As the length of the
class capsule’s output vector is used as an estimate of the fractional
abundance, no further network modification is required to estimate the
fractional area covered by each crop in a given field (represented by the
field-level VI curve).
The implementation of baseline classifiers applicable to the classifi
cation of VI curves is adopted from the corresponding literature. The
approach, proposed by Rubwurm and Korner (2017), is implemented as
an 8-layer cascaded LSTM classifier trained using Adam optimizer. The
framework, discussed in Jia and Liu (2020), is adopted as constituting 3
dual-scale convolution and bi-channel fusion units. The RMSprop algo
rithm is employed, with a learning rate of 0.006 and weight decay of
0.005, to optimize the framework. As for all the DL-based benchmark
approaches, the hyperparameter optimization in Gulcu and Kus (2020)
is employed to fine-tune the hyperparameters such as the number of
filters, network depth, and size of filters. The approach proposed in Mou
and Zhu (2020) is implemented as an end-to-end trainable 10-layer CNN
framework consisting of a spectral attention module. The parameters
and optimization settings as recommended in the corresponding litera
ture along with a with learning rate of 0.006 are adopted to train the
network. The GAN-based approach proposed by Hang et al. (2021) is
implemented as composed of a 4-layered encoder module, 4-layered
decoder
module,
and
4-layered
classifier
module.
The
hyper-parameters for balancing the influence of generative adversarial
loss and perceptual adversarial loss are empirically set to 0.2 and 0.06,
respectively, while the fusion weights are set to be 0.26, 0.34, and 0.40.
A similar GAN-based approach, discussed in Jiang et al. (2020), is
implemented as an 8-layer autoencoder framework. The framework is
trained using adversarial loss constrained by enhanced representation
and shrink constraints, each having a scale factor of 1.
Among the baseline spectral unmixing approaches considered in this

4. Results
To verify the effectiveness of the proposed methods, extensive ex
periments have been conducted using VI curves derived from VENµS
satellite images. The ablation analyses of the proposed frameworks are
discussed in Subsections 4.1.1, 4.2.1, and 4.3.1, and Subsections 4.1.2,
4.2.2, and 4.3.2 present comparative analysis of the proposed ap
proaches with the benchmark approaches in the corresponding domain.
Peak signal to noise ratio (PSNR) is used to evaluate the effectiveness of
the reconstruction methods (denoising and generalization approaches).
Confusion-matrix-based Kappa statistics is applied to evaluate the clas
sification results. High values of PSNR and Kappa statistics indicate high
accuracy. The Z-score-based test statistics (discussed in Herrmann et al.
(2013)) is employed to analyze the significance of the results presented
in this study.
4.1. Smoothening of field-level NDVI curves
The pixel-level NDVI curves are used to train PKNet. Different
downscaling strategies such as bilinear, bi-cubic, and nearest neighbor
interpolations are employed to generate training and testing samples.
Multiple downscaling strategies are adopted to avoid the bias of the
trained network towards a particular approach. A GAN-based augmen
tation, similar to the one adopted in Zhiwen Zhang et al. (2019), is also
used to increase the number of training samples. Besides, a random
approach is employed to remove values or add Gaussian noise at irreg
ular intervals. The effectiveness of denoising is also tested on samples
affected by the cloud. PKNet is extensively analyzed over the data of
three crops over two consecutive crop years. The reconstruction PSNR,
measured between the original ground truths and the corresponding
smoothened (reconstructed) VI curves, is used to evaluate the missing
data imputation/denoising approaches.
4.1.1. Ablation analysis of PKNet
Analyses of the effect of the different modules on PKNet are pre
sented in Table 1. As is evident, the interpolated convolution (Subsec
tion 3.2.1), instead of the normal convolution, significantly improves
the PSNR. The improvement in accuracy can be attributed to the
Table 1
Comparative analysis of the effect of architectural variations for PKNet for 60%
of training samples.
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Architectural variations

PSNR

PKNet without using interpolated convolution
PKNet without using DTW-based convolution
Stacked denoising autoencoder
Stacked denoising variational autoencoder
PKNet without back-projection-based refinement
Proposed PKNet implementation

29.63
30.76
23.12
25.47
32.53
35.81
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Table 2
Analysis of the effect of proposed losses/constraints on PKNet.
Losses/Constraints

PSNR

PKNet without piece-wise loss
PKNet without cosine dissimilarity loss
Proposed PKNet implementation

32.19
33.53
35.81

Table 3
Comparison of PKNet with benchmark smoothing approaches for 60% of
training samples*.

learnable interpolation implemented through convolution. In addition,
the proposed strategy facilitates an adaptive receptive field (Subsection
3.2.1), unlike in conventional CNNs, which further improves the
handling of missing data. The better performance of the PKNet,
compared with the stacked denoising autoencoder (Ca et al. 2010) and
stacked denoising VAE (Im et al. 2015), is due to the use of upsampling
layers in conjunction with the skipped connections. The VAE requires
more training samples and also suffers from reconstruction blur as it
attempts to learn the true posterior distribution through optimization of
the variational lower bound. The proposed back-projection-based
refinement (Subsection 3.2.1) exploits the prior information about the
input to give a significant improvement in reconstruction PSNR.
An analysis of the effect of proposed constraints on reconstruction
accuracy is summarized in Table 2. As is evident, the use of piece-wise
loss (Subsection 3.2.1) significantly improves the reconstruction
PSNR. It is also observed that the proposed constraints (Subsection
3.2.1) significantly reduce the training sample requirement as they
facilitate learning the intrinsic manifold of the data. The performance of
PKNet can be attributed to the proposed constraints, losses, and
interpolation-based convolutions.
Analysis of the sensitivity of PKNet shows that an increase in network
depth, number of filters, and filter size improves the accuracy to a limit
beyond which it deteriorates or saturates. The use of multi-sized kernels
and skip connections significantly improves the results without mainly
affecting the execution time. An illustration of the sensitivity analysis of
the network layers toward network parameters is presented in Fig. 5.
The higher the PSNR, the better the reconstruction. Experiments indi
cate that the proposed back-projection makes PKNet less sensitive to the
change in network depth. The increase in kernel size and the number of
kernels improve the accuracy to a limit, but the trend saturates or de
teriorates gradually. The variational encoding results in better accuracy

Benchmark smoothing approaches

PSNR

Least-squares fitting to double logistic functions(Yang et al. 2019)
Spline smoothing (Patterson et al. 2020)
Autoencoder-based (Lai et al. 2019)
Savitzky-Golay filtering-based(Cai et al. 2017)
Deep learning-based (Chai et al. 2020)
Proposed PKNet implementation

27.34
28.68
30.45
29.42
31.36
35.81

*Benchmark methods are implemented based on the available GitHub imple
mentations and are fine-tuned based on the related publications.

as compared to the normal autoencoders. Also, PKNet is less sensitive to
slight changes in the depth of the reparameterization stream.
4.1.1.1. Comparison of PKNet with the commonly-used smoothening/
denoising approaches. The commonly-used denoising approaches,
applicable to VI curve smoothing, are compared with the proposed
PKNet. The selected benchmark approaches are improved versions of the
ones that reported the state-of-the-art results in Cai et al. (2017) and
Julien and Sobrino (2019). Additionally, some of the DL-based ap
proaches are also considered. Some of the benchmark approaches are
modified for the one-dimensional VI curves. The result of the compar
ative analysis is summarized in Table 3 and Fig. 6. Table 4 confirms the
significance of the comparison at a confidence level of 95%. As is evident
from the results, PKNet gives higher PSNR (better reconstruction accu
racy) than the existing approaches. An illustration of the denoising re
sults of PKNet is presented in Fig. 7. Among the conventional smoothing
approaches, the local filtering methods (Savitzky-Golay fitting and
locally weighted scatterplot smoothing) have given better performance
with optimized parameter settings. However, fitting methods (asym
metric Gaussian function fitting and double logistic function fitting) are
less sensitive to the parameters. DL-based approaches give better results
than the conventional approaches except Savitzky-Golay fitting, where
the latter give comparable results when the training samples are scarce.
The better results of PKNet as compared to the conventional and
other prominent approaches (including the existing DL-based ones) can

Fig. 5. Analysis of the sensitivity of PKNet towards (a) depth of the network layers; (b) size of filters; and (c) number of filters for 80% of the training samples.
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analyze different approaches regarding the generation of representative
VI curves, reconstruction accuracy (in terms of PSNR) is estimated. A
GAN-based augmentation (Sandfort, Yan, Pickhardt J, & Summers M,
2019) is used to generate enough training samples for the fields having a
limited number of samples.
4.2.0.1. Ablation analysis of DPGNet
An analysis of the adopted architectural choices for DPGNet is
summarized in Table 5. It is observed that the projection of VI curves to a
normally distributed latent space, guided by adversarial loss, improves
the generalizability of DPGNet. The use of skip connections and
upsampling layers improves the results. DPGNet outperforms the use of
stacked denoising autoencoders and stacked denoising VAEs (in terms of
the reconstruction PSNR). The proposed interpolation-based convolu
tion (Subsection 3.2.1) also resolves the issues of irregular sampling and
data biases.
The effect of proposed loss functions on the reconstruction accuracy
of the DPGNet is presented in Table 6. The use of piece-wise constraints
(Subsection 3.2.2) and interpolation-based convolutions (Subsections
3.2.2 and 3.2.1) significantly improve reconstruction accuracy. The use
of adversarial loss along with the other proposed constraints in
conjunction with the skip connections resolves the issue of reconstruc
tion blur prevalent in VAEs.
Analysis of the sensitivity of DPGNet shows that an increase in
network depth improves the accuracy to a limit beyond which it de
teriorates. The use of multi-sized kernels and skip connections signifi
cantly improves the results without significantly affecting the execution
time. The increase in kernel size improves accuracy to a limit beyond
which the trend saturates. If the number or size or kernels are further
increased without increasing the training samples, the approach gives a
poor reconstruction PSNR. An illustration of the sensitivity analysis of
the network layers toward network parameters is presented in Fig. 8.

Fig. 6. Accuracy analysis of PKNet and benchmark smoothing approaches with
respect to the change in the percentage of training samples.
Table 4
Z-score-based significance analysis of the results of PKNet *.
Benchmark smoothing approaches

Z-score with respect to
PKNet

Least-squares fitting to double logistic functions(Yang
et al. 2019)
Spline smoothing (Patterson et al. 2020)
Deep Learning -based (Lai et al. 2019)
Savitzky-Golay filtering-based(Cai et al. 2017)
Deep learning-based (Chai et al. 2020)

2.32

4.2.0.2. Comparison of DPGNet with the commonly-used reconstruction
approaches
The proposed DPGNet is compared with the main signal/image
reconstruction approaches. The results are summarized in Table 7 and
Fig. 9. The approval of the significance of the proposed results at a
confidence level of 95% by baseline approaches is illustrated in Table 8.
An illustration of the field-level fingerprints generated by DPGNet for
randomly selected potato, wheat, and barley fields are presented in
Fig. 10. Most of the reconstruction approaches selected for comparison
with DPGNet, are DL-based methods and give state-of-the-art accuracies.
As is evident, DPGNet outperforms other approaches in terms of PSNR.
The approved results of DPGNet can be attributed to its ability to project
the VI curves to well-distributed latent representations that follow unit
Gaussian. The proposed use of variational encoding and the adversarial
loss significantly improves the results and yields better generalization.
Similar VI curves are observed to be distributed very near to the mean in
the latent space. Hence, the proposed approach of using the mean from
the latent space results in better generalization than using moments
derived from the VI curves. The use of multiple moments (such as mean,
mode, median, and standard deviation), derived from pixel-level VI
curves, increases the number of parameters and thereby computational
complexity of further analyses. The spectral dissimilarity and piece-wise
dissimilarity losses improve the generalizability and give better results
even with limited training samples. The crop-specific feature-based
latent space, learned from the data, resolves the issues of domain bias
and inter-field variability of VI curves.
Although the use of variational encoder, as discussed in Hoshen
(2018), facilitates the generalization of a group of VI curves, the DPGNet
is preferred due to skip connections and DTW-based units in addition to
the interpolated convolution. It is also observed that the use of the piecewise similarity consideration preserves the features more accurately
than the use of MSE-based losses. Besides, the embedding of label in
formation before the latent space transformation and the use of

2.71
2.18
2.23
1.99

* Z-score > 1.96 shows a significant (>95 %) improvement by PKNet.

be attributed to its ability to address the irregular data sampling and the
use of learned feature space for data imputation. Besides, PKNet also
addresses the issue of fine-tuning the context and weight parameters as
the same is learned dynamically. The spectral dissimilarity loss and the
proposed piece-wise back-projection, significantly improve the gener
alizability and give better results even with limited training samples.
The feature-based latent space resolves the issues of domain bias and
inter-field variability of VI curves.
Although least squares-based approaches, such as Yang et al. (2019)
and Al-Nahhal et al. (2019) are computationally efficient, these ap
proaches do not consider the crop-specific features. Similar is the case
with the spline-based (Patterson et al. 2020) and weighted regressionbased (Weil et al. 2017) approaches. The Savitzky-Golay filteringbased (Kong et al. 2019) smoothing approaches give good results but
require finetuning based on the prior information regarding the crop
phenological events. In contrast to the DL-based approaches such as Chai
et al. (2020) and Lai et al. (2019), the proposed use of DTW-based neural
units along with the interpolated convolution significantly improves the
denoising results of PKNet. Besides, the proposed constraints and losses
along with the skip connections can also be attributed to the improved
performance, especially when the availability of training samples is
limited.
4.2. Generation of field-level representation
The DPGNet, which attempts to find a feature-based latent space for
generalizing a group of VI curves, is trained to reproduce the inputs. To
9
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Fig. 7. Illustration of the denoising results for PKNet.

proposed DTCapsNet, presented in Fig. 4, is analyzed concerning the
classification of VI curves. The ground truth ancillary data is used to
generate labels for VI curves and train the network. For the crops with a
limited number of training samples, a GAN-based augmentation (Cubuk
et al. 2019) generates more training samples. The confusion-matrixbased Kappa statistics is used to evaluate the effectiveness of different
classifiers, while RMSE is used for comparing fractional area estimates
by different unmixing approaches.

Table 5
Analysis of the effect of the losses/constraints on DPGNet for generating fieldlevel representation.
Architectural variations

PSNR

DPGNet without interpolated convolution
DPGNet without DTW-based convolutional units
Stacked denoising AE
Stacked denoising VAE
Proposed DPGNet implementation

37.85
36.93
33.98
34.43
38.94

4.3.0.1. Ablation analysis of DTCapsNet
An illustration of the analysis of the architectural variations for
DTCapsNet is presented in 9. The use of DTW-based network layers
(Subsection 3.2.3) significantly improves the results (in terms of the
Kappa statistics) as it effectively estimates the similarity between two
given VI curves (Table 9). In addition, the consideration of
interpolation-based convolution (Subsection 3.2.3) has improved the
classification due to its capability in handling the irregularly sampled
data.
Analysis of the sensitivity of DTCapsNet with respect to the network
parameters is summarized in Fig. 11. As is evident from the results, an
increase in network depth improves the accuracy to a limit beyond
which it deteriorates. The reduction in accuracy at increased network
depth can be attributed to over-/under-fitting. Hence, the network’s
depth needs to be tuned in conjunction with the input’s spectral
dimension. Generally, deeper networks increase computation time.
Empirically, for input curves having a length of 24–48, a 2–6 layered
network yields the best results.
The increase in the number of kernels improves the accuracy to a
limit, but the trend saturates gradually. The size of filters is a critical
factor and needs to be tuned following the data. As the length of spectral
features can vary from even one to a few pixels, too big-sized kernels
may sometimes ignore essential features. Also, very small-sized kernels
may capture the noise instead of actual spectral features. Besides, the
increase in size and number of filters exponentially increases the

Table 6
Analysis of the effect of the losses/constraints on DPGNet for generating fieldlevel representation.
Losses/Constraints

PSNR

DPGNet without piece-wise constraint
DPGNet without cosine dissimilarity constraint
DPGNet without adversarial loss
Proposed DPGNet implementation

36.29
36.88
36.42
38.94

adversarial loss for improving the latent distribution with respect to the
input further improves the performance. These proposed strategies
make the DPGNet more preferable as compared to the GAN-based ap
proaches (Wang et al. (2018) and Anirudh et al. (2020)) that do not
account for the crop-label information and require more training sam
ples. The representation learning approach, proposed by (Z. Kang et al.
2020), did not yield as good results as DPGNet due to the constraints for
leveraging the sample relations that ignore the characteristic features of
the VI curves.
4.3. Classification and fractional area estimation
The field-level NDVI curves are compared with phenology finger
prints of different crops to classify them or detect anomalies. The
10
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Fig. 8. Analysis of the sensitivity of DPGNet towards (a) depth of the network layers; (b) size of filters; and (c) number of filters for 80% of the samples.
Table 7
Comparison of DPGNet with the benchmark reconstruction approaches for 60%
of the training samples*.
Benchmark reconstruction approaches

PSNR

Variational autoencoder (Hoshen 2018)
Perceptual adversarial network (C. Wang et al. 2018)
Relation-guided representation (Z. Kang et al. 2020)
GAN based (Anirudh et al. 2020)
Proposed DPGNet

33.72
30.08
32.57
34.63
38.94

computational complexity of the network. Hence, a better trade-off
needs to be adopted. The use of multi-sized kernels is a viable alterna
tive as it significantly improves the results without much affecting the
execution time.
4.3.0.2. Comparison of DTCapsNet with the commonly-used classifiers
A comparative analysis of DTCapsNet with recently published ap
proaches relevant to the classification of VI curves, is summarized in
Table 10. The significance of the results of DTCapsNet (at a confidence
level of 95%) in comparison with the benchmark methods is illustrated
in Table 11. Based on the discussions in (Fawaz et al. 2018; S. Li et al.
2019; Imani and Ghassemian 2020), some main existing classifiers are
selected as the benchmark methods for comparison. An analysis of the
variation in the accuracy of different approaches based on the variation
in the percentage of training samples is presented in Fig. 12. Besides, an
illustration of the confusion matrices of PKNet and two benchmark ap
proaches is presented in Figs. 13 and 14. As is evident from the results,
DTCapsNet better models the VI curves as compared to other prominent
approaches. The proper modeling of features significantly improves the
generalization capability of the network and results in better classifi
cation accuracies, even with a small number of training samples. The
DTW and interpolation-based convolutions facilitate the effective
transformation of vectorized VI curves to a latent space that is more
discriminative than the original space.

Fig. 9. Accuracy analysis of DPGNet and the benchmark reconstruction ap
proaches with respect to the change in percentage of training samples.

The better performance of DTCapsNet in comparison with the con
volutional network-based approaches, such as Jia and Liu (2020) and
Hang et al. (2021), can be attributed to the effective modeling of the
characteristic features of the VI curve using capsules. In addition, the
DTW-based routing and convolution along with the proposed loss
functions significantly improve the classification results. Although the
use of spectral attention modules as in Mou and Zhu (2020) improves the
11
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curve of a given field (Table 12). The significance of the proposed results
is validated in Table 13. Instead of using an additional SoftMax layer, the
normalized length of the output vector of each crop class is used as an
estimate of the fractional abundance. Recent prominent unmixing ap
proaches such as those based on GAN (Borsoi et al. 2019), convolutional
autoencoder (Palsson et al. 2019), deep autoencoder (Su et al. 2019),
sparse autoencoder (Dou et al. 2020), iterative shrinkage thresholding
(Qian et al. 2020) and VAE (Xie et al. 2020) are chosen as the benchmark
methods for comparison. The results presented in Table 12 indicate that
the proposed approach outperforms the existing approaches. These re
sults can be attributed to the effective modeling of characteristic VI
curve features, resulting in an optimal discriminative latent space.

Table 8
Z-score-based significance analysis of the results of DPGNet*.
Benchmark reconstruction approaches

Z-score with respect to
DPGNet

Variational autoencoder (Hoshen 2018)
Perceptual adversarial network (C. Wang et al.
2018)
Relation-guided representation (Z. Kang et al.
2020)
GAN based (Anirudh et al. 2020)

2.53
2.14
2.39
2.60

results for spectral curves, the approach did not yield good results for VI
curves when the training samples are limited. The GAN-based ap
proaches, such as Hang et al. (2021) and Jiang et al. (2020), do not yield
acceptable results for a small percentage of training samples due to the
inability to model the crop-specific features of the index curves.
Although the LSTM-based classifier, proposed by Rubwurm and Korner
(2017), attempts to model the sequential nature of the VI curves, the
results indicate that the approach fails to effectively model the charac
teristic features.
It is worth pointing that, in contrast to the existing capsule-based
approaches, DTCapsNet employs a shallow-capsule-layer strategy
where the routing is modified to consider the specific characteristics of
the VI curves. The DTCapsNet requires only a smaller number of training
samples and is computationally more efficient as compared to the
existing approaches. The absence of variational encoding and the use of
adversarial loss reduces the network depth and facilitates faster
convergence. Additionally, the DTW-based convolution and routing
along with the VI curve-specific constraints further improve the
performance.
The DTCapsNet-based approach is found to be effective in estimating
the fractional area covered by different crops from the representative VI

5. Discussion
Experiments over different datasets illustrate the better performance
of the proposed approaches as compared to prominent existing ap
proaches. A detailed analysis of the results of each of the proposed ap
proaches is presented in the following subsections.

Table 9
Analysis of the alternative architectural choices of DTCapsNet for classification
of index curves.
Architectural variations

Kappa
statistics

Overall
Accuracy

DTCapsNet without DTW-based convolutional
units
DTCapsNet without DTW-based routing
DTCapsNet without interpolation-based
convolution
Proposed DTCapsNet implementation

0.91

95.09

0.91
0.92

93.86
94.62

0.93

97.40

Fig. 10. Examples of field-level phenological fingerprints learned by DPGNet for randomly selected fields of (a) Barley; (b) Wheat; and (c) Potato.
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Fig. 11. Analysis of the sensitivity of DTCapsNet towards (a) depth of the network layers; (b) size of filters; and (c) number of filters for 80% of the training samples.
Table 10
Comparison of DTCapsNet with the benchmark classifiers for 60% of the training
samples*.
Benchmark classifiers

Kappa
statistics

Overall
accuracy

LSTM based (Rubwurm and Korner 2017)
Multi-task GAN based (Hang et al., 2021)
GAN based (Jiang et al. 2020)
Spectral attention based (Mou and Zhu,
2020)
CNN based (Jia and Liu, 2020)
Proposed DTCapsNet

0.90
0.89
0.85
0.87

94.08
92.37
88.76
90.53

0.90
0.93

94.19
97.40

Table 11
Z-score based significance analysis of the results of DTCapsNet*.
Benchmark classifiers

Z-score with respect to DTCapsNet

LSTM based (Rubwurm and Korner 2017)
Multi-task GAN based (Hang et al., 2021)
GAN based (Jiang et al. 2020)
Spectral attention based (Mou and Zhu 2020)
CNN based (Jia & Liu, 2020)

2.32
2.46
1.99
2.18
2.29

5.1. Smoothening of field-level NDVI curves
Fig. 12. Accuracy analysis of DTCapsNet and the benchmark classifiers with
respect to the change in the percentage of training samples.

The interpolation in learned latent feature space, as adopted in
PKNet, models the local features effectively. The multiple kernels and
multi-layer abstractions facilitate the modeling of different character
istic features at different resolutions significant for proper interpolation.
The network depth determines the level of abstraction, whereas the
number of kernels determines the latent space dimension. Different
experiments in this study illustrate that using multi-size kernels facili
tates modeling features more effectively than using single-size kernels.
The use of static kernels for interpolating the point data affects the

results, especially when the data is irregularly sampled, as in the case of
noisy NDVI curves. The interpolated convolution considers the irregu
larity in the data placement and does not assume a grid structure. Also,
the deep convolutional architecture facilitates the learning of kernels
from the data rather than the use of static kernels.
The encoding–decoding approach is more effective for NDVI recon
struction than the GAN-based approaches among the different DL-based
13
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Fig. 13. Confusion matrices of (a) PKNet (b) Jia and Liu (2020) and (c) Rubwurm and Korner (2017) for 50% of the total samples as test samples.

Fig. 14. Confusion matrices of (a) PKNet (b) Jia and Liu (2020) and (c) Rubwurm and Korner (2017) for 60% of the total samples as test samples.

latent space projection strategies. Deep autoencoders have multiple
convolutional and deconvolutional layers and are prone to degradation
due to information loss. Skip connections in autoencoders are found to
resolve the issue and facilitate effective reconstruction with even limited
training samples.
Lack of generalizability usually makes the DL networks trained on
one crop less effective for another crop or a different area. The data and
domain bias, as well as the limited availability of training samples, also
affect the effectiveness of DL approaches. The back-projection-based
refinement proposed in this study effectively resolves this issue by
matching the non-noisy data points in the original signal with the cor
responding ones in the reconstructed version to have an accurate
refinement. The conventional Euclidean losses, which consider pointwise matching, are not effective for NDVI reconstruction. The use of
piece-wise dissimilarity losses, in addition to the mean-squared-errorbased losses, improves reconstruction accuracy.
The use of the VAE model, instead of the model adopted in PKNet,
can constraint the latent features to a normally distributed space.
However, additional sampling layers in VAE are found to adversely
affect the smoothing of VI curves, especially when training samples are
limited.

Table 12
Comparison of DTCapsNet-based fractional area estimation with
prominent unmixing approaches.
Commonly-used unmixing approaches

RMSE

(Su et al. 2019)
(Borsoi et al. 2019)
(Qian et al. 2020)
(Dou et al. 2020)
DTCapsNet-based approach

0.51
0.49
0.56
0.34
0.12

Table 13
Z-score-based significance analysis of the DTCapsNet-based fractional area
estimation.
Commonly-used unmixing
approaches

Z-score with respect to the DTCapsNet based
unmixing approach

(Su et al. 2019)
(Borsoi et al. 2019)
(Qian et al. 2020)
(Dou et al. 2020)

2.45
2.32
2.13
1.98
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The experiments conducted in this study use simulated samples from
cloud-free VI curves, as discussed in Subsection 4.1. These simulations
(adding noises and reconstructing the original) are essential for quan
tifying the performance of different smoothing approaches. Smoothing
of real cloud-affected VI curves using PKNet and visual inspection con
firms better accuracy compared to the existing approaches. The network
training on a specific type of crop is more effective than training on
multiple crops and can be preferred when sufficient training samples are
available. Also, when multi-year data is used, and the data acquisition
dates are not exact, DTW-based convolutional layers should be used
instead of the normal convolution.

overcomes the issue of vanishing gradient, and the approach gives better
results even with a limited number of training samples.
6. Conclusion
This research proposes DL-based approaches for within-season fieldlevel monitoring of crops using VENµS satellite data. The time-series VI
curves (such as NDVI), which form the basis of crop phenology analyses,
are usually affected by atmospheric and sensor effects resulting in
missing or erroneous data. The proposed PKNet considers relevant fea
tures of the VI curves to implement missing data imputation. The con
straints and encoding scheme and the DTW-based similarity measures,
achieve effective denoising with minimal training samples. Unlike the
conventional convolution, a point-based convolution is proposed to
process the irregularly sampled VI curves. The better results of PKNet
than the prominent existing approaches can also be attributed to the
improved generalizability achieved through skip connections and piecewise dissimilarity losses. It may be noted that PKNet learns smoothing
parameters and kernels dynamically from the data.
The VAE-based transformations and the adversarial constraints,
adopted in DPGNet, transform the VI curves to a normally distributed
latent space that is a close representation of the intrinsic manifold. The
mean sampled from the unit Gaussian space learned from a group of VI
curves, is reconstructed to get a characteristic representation of the
group. The generalization using DPGNet has given better results than the
use of statistical moments and other reconstruction techniques.
The use of capsules in the proposed DTCapsNet classifier facilitates
effective modeling of spectral characteristics of the VI curves and
thereby improves the generalizability of the approach. The interpolated
convolution, along with DTW-based weight computation, considers
irregular sampling and the series nature of the VI curves. DTCapsNet
also accurately estimates the fractional area covered by different crops
from a given field-level VI curve. The better unmixing results can be
attributed to the feature-based modeling. Experiments on simulated and
real datasets indicated that the proposed smoothing, generalization, and
classification frameworks give better results than the corresponding
baseline methods considered in this study.

5.2. Generation of field-level representation
The normally distributed latent representations obtained from
DPGNet provide a more effective field-level representation rather than
multiple moments. The use of interpolated convolutions, DTW-based
layers, skip connections, adversarial loss, and piece-wise dissimilarity
loss improve the reconstruction accuracy compared to the conventional
VAEs. In addition, the approach of embedding the crop-label informa
tion and input prior in the latent space also give a significant improve
ment in reconstruction PSNR. The mean computed in the learned latent
space better represents the field-level VI curves than the same computed
in the VI curve space. The generalization capability of DPGNet can be
attributed to the effectiveness of the learned latent space build on the
characteristic features of the VI curves. Training on a specific type of
crop is better than training on multiple crops to generate field-level
representations. The approach is resilient to the issues when multiyear data (with slight date shifts) is used due to the use of DTW-based
convolutional layers.
5.3. Classification and fractional area estimation
The VI curve features and their characteristics, such as the depth,
width, and position, are crucial in the phenology-based classification of
crops. Although encoding networks designed for smoothing (Subsection
3.2.1) or VI curve generalization (Subsection 3.2.2) coupled with a fully
connected network can classify VI curves, considering spectral charac
teristics needs a capsule-based approach. DTCapsNet uses capsules (a
group of neurons) instead of neurons, and the approach is effective in
learning features and their characteristics. The use of multiple kernels
and multi-layer abstractions facilitates modeling features at different
resolutions, while multi-sized kernels enable modeling of varied length
features.
The conventional convolutional units, aggregated as capsules, do not
consider the time-series nature of the input NDVI data while computing
the similarity measures. The DWT-based convolutional units, which
employ time wrapping similarity measures to compute weight vectors
instead of scalars, resolve the issue of distortions and shifts prevalent in
index-curve-based classification.
The use of capsule network has significantly improved the general
izability and the approach gives good results even with a limited number
of training samples. The performance of DTCapsNet can be attributed to
the effective modeling of features and their characteristics. Analysis of
the activation maps indicates that the capsules learn physically signifi
cant features compared to those learned using normal convolutional
units. The use of reconstruction loss, along with cross-entropy loss, is
found to affect the classification accuracy. Hence, it is recommended
that for the classification of time-series data such as VI curves,
misclassification loss alone is effective. The approach provides good
results even when trained with multi-year data (having slight shifts in
features) and can be attributed to the feature-specific learning and DTW
layers.
The normalized length of the output vector of class capsules gives an
accurate estimate of the fractional abundances of the corresponding
classes. The use of shallow capsule layers for spectral unmixing
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