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Abstract
Earth observation data processing requires interpretable deep learning (DL) models that learn physically significant and
meaningful features. The current study proposes approaches to make the network to learn meaningful features. In addition,
a set of interpretability- and explanation-based evaluation strategies are proposed to evaluate the DL models. Adversarial
variational encoding along with constraints to regulate latent representations and embed label information are employed to
learn interpretable manifold. The proposed architecture, called interpretable adversarial encoding network (IAENet),
significantly improves the results compared to other main existing DL models. The proposed IAENet learns the features
which are essential in distinguishing the different classes thereby improving the interpretability of the model. The
explanations for the different models are generated through analysis of the concepts learned by each model using activation
maximization. Besides, the relevance assigned by the model to input features is also estimated using the layer-wise
relevance propagation approach. Experiments on the phenological curve-based crop classification illustrate that IAENet
learn relevant features (giving importance to the non-rainy season) to distinguish different irrigation schemes. The performance can be attributed to the learned interpretable manifold, and the refinement of architectural units and convolutions
considering the point-nature and irregular sampling of the input data. Experiments on learning crop-specific features from
multispectral images for crop-type classification indicate that IAENet learns red and green edge features crucial in
distinguishing the studied crops. The improvement in interpretability of the DL models is found to reduce the sensitivity
toward network parameters. The proposed evaluation measures facilitate ascertaining the physical significance of the
learned manifold.
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1 Introduction
Deep learning (DL) approaches, which learn abstract representations to transform inputs to intrinsic manifolds in an
unsupervised manner, have reported better results than the
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conventional machine learning approaches for various
Earth observation (EO) data applications [1–3]. Convolutional neural networks (CNNs) are supervised algorithms
for DL and their numerous variants have been developed
for processing and analysis of EO data [1, 3–5]. Although
DL approaches result in state-of-the-art accuracies, it is
essential to verify that the high measured accuracy results
from the use of an appropriate latent representation and not
from the exploitation of artifacts in the data [6–8]. Techniques for interpreting and understanding what the model
has learned have become a vital ingredient of a robust
validation procedure [9]. Some recent carefully designed
interpretation techniques have shed light on the most
complex and deepest machine learning models [7, 10, 11].
However, most of these approaches facilitate interpretation
of the network but equally important is to make the

123
Content courtesy of Springer Nature, terms of use apply. Rights reserved.

Neural Computing and Applications

network learn meaningful features. Learning of interpretable representations is critical in EO data-based analyses where the network needs to be constrained to learn
physically significant features. The self-interpretability of
deep networks can be explored to learn meaningful features
tailored for specific tasks.
Generally, DL algorithms cannot learn meaningful representations without some implicit or explicit guidance in
the pre-training phase [4, 12, 13]. Different autoencoder
variants have been proposed to tackle this problem
implicitly, including the sparse autoencoder (AE) [14–16],
the denoising AE [14, 17, 18], and the contractive AE
[8, 12, 19–23]. In attempting to learn meaningful features,
the AEs mostly follow the principle of minimizing the
reconstruction error and maximizing the robustness of the
feature representations. However, learning the representations in the unsupervised pre-training phase means that the
autoencoders do not know the particular supervised task in
the fine-tuning phase [24]. The current study proposes DL
architectures and approaches capable of learning meaningful features concerning the given objective in an end-toend manner.
Evaluation of DL models is usually achieved through
error computation on validation sets disjoint from the
training data. However, the validation error is only a proxy
for the true error as the validation set might differ statistically from the true distribution [25]. For EO data analysis,
an inspection of the model rendered interpretable can thus
be a good complement to the basic validation procedure
[23, 26]. The explainable models give a collection of features that have contributed to the decision and the relevance scores indicating to what extent each feature
contributes [18]. In the context of EO data analysis, the
most relevant features that support the classification decision will be highlighted and given positive scores. The rich
feedback provided by explanation allows in principle to
explore the space of DL models in a more guided manner
than a validation procedure based only on classification or
mean squared errors. Consequently, interpretability and
explainability mechanisms are proposed to effectively
evaluate DL models in terms of the significance of the
features learned.
In summary, the current study proposes generic architectures and regularizations to make convolutional models
capable of learning meaningful features for a given task
such as classification. The effectiveness of the proposed
approaches is evaluated with reference to modeling features of vegetation index phenological curves and multispectral EO images. The physical significance of learned
features and their effectiveness in distinguishing the irrigation schemes and crop types are illustrated. Learning
meaningful features of Normalized Differential Vegetation
Index (NDVI)-derived phenological curves that can

differentiate irrigation schemes with a minimum number of
training samples, effectively alleviating the noise and other
irregularities, require an interpretable approach. Equally
important is the proper modeling and learning of meaningful features for learning crop-specific features, with
limited training samples and wavelength bands, to assign
crop-labels to multispectral EO image pixels. This paper
also proposes interpretation-based evaluation strategies
suitable for producing explanations in the context of EO
data-based DL models.
The main contributions of the current study are (1)
development of a self-interpretable DL-based approach
called interpretable adversarial encoding network (IAENet); (2) study of interpretability- and explanation-based
evaluation measures for DL models; and (3) illustration of
the proposed approaches for application in agriculture
domain namely crop phenology-based classification and
crop-specific feature learning.

2 Related studies
This section reviews the recent approaches related to the
interpretability and explainability of DL models relevant to
EO data analyses. Section 2.1 presents different prominent
approaches that make the DL networks capable of learning
meaningful features. Different approaches employed to
interpret and explain DL models are reviewed in Sect. 2.2.
The specific contributions of this research and the novelty
of the proposed approaches are discussed in each
subsection.

2.1 Learning meaningful representations
Recent advances for learning unsupervised representations
are summarized in [17, 27, 28]. Although generative
adversarial networks (GANs) are useful for learning optimal feature representations [29–32], they do not accurately
model the spectral features and require a large number of
training samples [33]. Discriminative and generative variants of autoencoders [28, 34–38] have also illustrated
explicit modeling and leveraging of sample relations to
encode real data manifold. Although these methods are
much faster at inference time and leverage on large datasets, the importance of local features is not considered
[24, 39–41]. Han et al. [39] illustrated a CNN-based taskspecific feature generation. However, the architecture is not
appropriate with limited training samples and for processing irregularly sampled point data. Long Short-Term
Memory (LSTM) and variants also proved effective for
learning latent manifolds of feature-rich spectral features
such as phenological curves and pixel spectra [42, 43].
However, the LSTM-based approaches generally ignore
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characteristic features of phenological curves and the
Euclidean losses are prone to sampling biases. Most of the
above discussed approaches focus on learning the intrinsic
manifold but generally ignore the importance of learning
physically significant features which is critical in EO data
analyses.
Deep Belief Networks (DBNs) and stacked AEs trained
with sparsity constraints have been proposed to penalize
extreme neuron activations for improving the interpretability of the learned representations [15]. Although
sparsity-constraint is perceived as prior knowledge of the
input data, the difficulty in ascertaining the intrinsic sparsity of the input data makes the hyper-parameter selection
difficult and the approach inefficient [24]. Similarly,
selecting the level and type of correction in denoising AEs
is not deterministic and affects the interpretability of the
learned low-dimensional underlying manifolds [16]. It may
be noted that the representations learned by contractive
AEs [44], which use derivatives of latent features as a
penalty term to reduce the sensitivity a priori, are robust
but are not generally meaningful. An alternative approach
is to combine the reconstruction error with possible
embedding losses coming from Laplacian eigenmaps [45],
multidimensional scaling [46], and margin-based labeling
[47]. Zhuang et al. [48] attempted to model the features
according to label information to reconstruct and produce
labels simultaneously. Sun et al. [24] used classification
error as a penalty term to the traditional reconstruction cost
function to measure the benefit of the learned representations to the supervised task. Although disentanglementbased approaches [49–55] encourage independence in the
latent space dimensions to improve interpretability, high
values of penalty factor lead to poor reconstructions [56].
In addition, they are optimal for imparting feature disentanglement rather than for dynamically learning meaningful features.
It is hypothesized that the use of adversarial variational
encoding along with approaches to refine the latent representations in accordance with the input data distribution
can improve the significance of the learned features. In
addition, classification-based constraints and losses, proposed in this study, refine the learned features in accordance to the classification objective. Besides, the
embedding of label information in the latent space
improves the interpretability of the features dynamically.

2.2 Interpretability and explainability of DL
models
A recent survey of the different approaches to analyze the
interpretability and explainability of DL models can be
referred to [7, 12]. Most of these approaches employ different techniques such as attention-based models [9, 20],

saliency map generation [57], variable effect obscuring
[58], contribution score assignment [59], and layer-wise
relevance propagation (LRP) [23, 60] for computing the
relevance of input features [61, 62]. Another set of strategies such as model-specific local explanations [63], classification prototype estimations [51, 64], disentanglement
[38, 54, 65] and local linear approximations [21, 66]
attempt to explain the DL models based on the learned
concepts or prototypes. Sensitivity analysis-based DL
explanation approaches generally define a vector field
where each vector indicates the direction of alternate
classification [67]. Although tree-based explanations have
been widely explored to explain DL models, most of them
lacks smoothness and need of complex trees makes it difficult to interpret complex models. Model-agnostic methods separate explanation from a machine learning model,
allowing the explanation method to be compatible with a
variety of models [21, 68, 69]. Among the various DLbased explanation strategies, LRP method yield attribution
scores that quantitatively better represent the importance of
the input features [7, 12, 57]. LRP also benefits from
straightforward implementation compared to the DeepLIFT
method [59] that requires the determination of a reference
input [70]. However, the modeling of LRP to consider the
specific nature of the given models is least explored.
Counterfactual-based explanation strategies involve
detecting the smallest possible change in feature values that
causes an alteration to the prediction of the model [71, 72].
Aravantinos and Diehl [73] attempted to trace each component of a final inference model to ensure that all choices,
such as hyper-parameters and architecture, are well justified. In Al-Hmouz et al. [74], the operations of each neuron
are restricted to limit the extracted features to a logical
combination of the input features. However, the applicability of the approach is restricted only to simple models.
Unlike the existing model-specific interpretability approaches, the current study explores a generic interpretability
strategy to evaluate the physical significance of the learned
features and network pipelines. The effectiveness of different interpretability and explainability strategies in the
evaluation of DL models will be illustrated for the analysis
of EO data.
It is hypothesized that the modeling of activations, latent
manifold, and layer-wise propagations can be employed to
compute the representation of different concepts learned by
the network. The inspection of the learned concepts is
hypothesized to be an evaluation measure of the network’s
interpretability and learnability. Besides, the generative
and discriminative priors are hypothesized to improve the
LRP strategy to effectively explain the significance of the
different input features concerning the concepts learned.
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3 Materials and methods

3.2.1 Architecture for learning meaningful features

This section discusses the datasets used, proposed
approaches, and implementations. A brief discussion of the
study area and datasets used are presented in Sect. 3.1. The
proposed approaches are discussed in Sect. 3.2. The
implementation details of the proposed approaches for two
specific applications are presented in Sect. 3.3.

This study proposes variational autoencoder-based architecture, called IAENet, to learn meaningful representations
for a given objective. The proposed architecture is presented in Fig. 1. The encoding function qðzjxÞ defines an
aggregated posterior distribution qðzÞ of the hidden code
vector of the autoencoder as follows:
qðzÞ ¼ r qðzjxÞpð xÞdx

3.1 Datasets
The current study employs the Vegetation and Environment monitoring New Micro-Satellite (VENlS) data collected over two agricultural farms in Israel for phenologybased irrigation scheme classification and crop-specific
feature learning. The VENlS sensor is characterized by a
high spatial resolution of 5 m, a high spectral resolution 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. For analyzing the proposed
approaches for phenological curve-based irrigation
scheme classification, 90 fields of wheat with two irrigation
regimes (rainfed and irrigated) are considered. The NDVI
of fields computed over three crop years 2018, 2019, and
2020 are used for the analysis. It may be noted that the
temporal index curves, having a vector length of 27, are
used as inputs for analyzing the index curve-based classification models. For analyzing the proposed approaches
with regard to crop-specific feature learning, VENlS
images covering 90 fields of wheat and 40 fields of potato
are employed. It may be noted that the shapefiles of crop
fields, along with the cropping, harvesting, and irrigation
information obtained from framers, serve as ancillary data
for labeling the phenological curves and image pixels. For
sensor-specific feature learning model, VENlS image
patches of size 5 9 5 9 12 are fed to the model for
learning spatial and spectral features. The spatial context of
5 9 5, considered in this study, is empirically found to
give optimal results in terms of classification accuracy and
computational performance.

3.2 Proposed approaches
The following subsections present the proposed approaches
to develop interpretable DL frameworks. Section 3.2.1.
presents a variational encoding strategy with adversarial
training, called IAENet, that incorporate label information
to learn discriminable representations. The constraints and
losses proposed to make the network to learn meaningful
features are presented in Sect. 3.2.2. Different explainability strategies to evaluate the proposed DL models are
presented in Sect. 3.2.3.

ð1Þ

where x is the input, z is the latent representation, pð xÞ is
the data distribution, and qðzjxÞ is the encoding distribution. To facilitate the learning of meaningful disentangled
features, the loss function of the proposed reconstruction
stream constitutes of reconstruction and cross-entropy
losses along with the disentanglement constraint as:


LG ¼ Ex EqðzjxÞ ½ logðpðxjzÞÞ  bKLðqðzjxÞjjqðzÞÞ
ð2Þ
where x is the input, z denotes the latent representation,
qðzÞ is the prior distribution imposed on z, qðzjxÞ is the
encoding distribution, pðxjzÞ is the decoding distribution, b
is the disentanglement penalty factor, and KL(.) is the
Kullback–Leibler divergence. In order to consider the
spectral fidelity and series nature of the remote sensing
images and phenological curves, spectral dissimilarity and
dynamic time wrapping (DTW)-based losses are also
employed as follows:


x:x~
Ls ¼ arccos
ð3Þ
þ wa A; Dðx; x~Þ
j xjjx~j
where m is the length of the input vector x, x~ is the
reconstructed output, wa(.) is the generalized minimizing
function with a smoothing parameter a,Dð:; :Þ denotes the
cost matrix, and A is the alignment matrix.
The limitation of the standard variational AEs [35, 75] is
that the learned latent code is not exclusive as it contains a
stochastic variable that is randomly sampled from the prior
distribution [24, 76, 77]. Also, the stochastically sampled
latent code is unstable and will corrupt the features for
classification. Furthermore, the approximation of the posterior distribution of z to the manually set prior distribution
leads to information loss. To resolve these issues and
facilitate the learning of features relevant to the given
domain and task, in the proposed IAENet architecture
(Fig. 1), instead of directly using the input x for sampling
the latent code z, an encoded form of x (xe ) is used.
Besides, the sampled latent code z is refined using an
adversarial network (discriminator-generator network) that
matches the aggregated posterior (qðzÞ) to pð xÞ. In other
words, an additional adversarial loss is employed to
increase the proportion of the inherited part and to decrease
the proportion of stochastically sampled part in z, thereby
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Fig. 1 Generic architecture of
the proposed
interpretable adversarial
encoding network (IAENet) for
learning meaningful features (l
and r denote the mean and
standard deviation of the latent
representations)

increasing the interpretability of the learned manifold with
respect to the given domain. The objective function of the
proposed adversarial stream is formulated as follows:

3.2.2 Constraints and losses for learning meaningful
representations

Ladv ¼ min max Ex  p ½log Dð xÞ þ Ez  qðzÞ ½1  log DðGðzÞÞ

This subsection proposes explicit and implicit guidance
mechanisms to constraint the latent representations in
IAENet for learning meaningful features. The constraints
and losses proposed in this section can be extended to other
architectures as well.
Let z be the latent code learned, the IAENet is constrained to fine-tune z for the classification task as follows:
m
X
Lf ¼ a
½yi logðvðwc ;zi ÞÞþ ð1yi Þð1logðvðwc ;zi ÞÞÞ

G

D

ð4Þ
where x is the input, z is the latent representation, p is the
data distribution, and q(z) denotes latent code distribution.
The generator G(.) and the discriminator D(.) are alternatively trained. The generator attempts to fool the discriminator that tries to distinguish the encoded latent code from
the code sampled from q(z). The generator generates z
based on the joint probability qðl; r; qðzÞÞ instead of the
noise in standard GAN. The posterior qðzjxÞ is no longer
constrained to be Gaussian and the encoder can learn any
arbitrary posterior distribution for a given input x. It may
be noted that the approach is designed to consider both the
labeled and unlabeled samples. Hence, in addition to
classifying the latent codes as encoded or sampled from
q(z), the discriminator is modified to assign the latent codes
to the correct class. This dual classification is achieved
using the fake samples (sampled latent code z) as belonging
to an additional class. Hence, the discriminator loss is
formulated as follows:


LD ¼  ks  w1 Ez;y  q ½logðDðyjz; y\k þ 1ÞÞ


 ð1  ks Þw2 Ez  qðzjxÞ ½logðDðy ¼ k þ 1jzÞÞ
ð5Þ


 Ez  qðzjxÞ ½logð1  Dðy ¼ k þ 1jzÞÞ
where x is the input, w1 and w2 are the weightage for the
labeled and unlabeled losses, respectively, qðzjxÞ is the
decoding distribution, Dð:Þ is the discriminator, z and y,
respectively, refer the latent code and output of the discriminator, k is the number of classes, and ks symbolizes
the flags for supervised training.

i¼1

þkjzi j
ð6Þ
where yi is the hot encoded output of the discriminator for
the ith sample, vð:Þ is the SoftMax loss, wc is the weight
matrix of the encoding layers, a and k are the scaling
factors, zi is the latent representation of the ith sample, and
m is the number of samples. An additional classification
loss is employed to incorporate the label information of the
source domain into the embedding space as follows:
Lc ¼ 

n X
c
1X
eli
1fyi ¼ jg log Pc
lir
n i¼1 j¼1
r¼1 e

ð7Þ

where 1{} is an indicator function, yi is the discriminator
output corresponding to the ith sample, li is the predicted
label for the ith sample, n is the number of samples, and c
denotes the total number of classes.
Although penalizing KL(q(z)||p(z)) term as in Eq. (2)
facilitates disentanglement, it amounts to the loss of the
information about x stored in z resulting in a poor reconstruction for high values of b. Hence, in this study, inspired
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by Kim and Mnih [56], the formulation in Eq. (2) is
modified as follows:


LG ¼ Ex EqðzjxÞ ½ logðpðxjzÞÞ!  Ex ½KLðqðzjxÞjjqðzÞÞ
d
Y
 
q zj
 bKL qðzÞjj
j¼1

ð8Þ
where x is the encoded input, z is the latent representation,
qðzÞ is the prior distribution imposed on z, qðzjxÞ is the
encoding distribution, pðxjzÞ is the decoding distribution, d
is the dimension of the latent space, b is the disentanglement penalty factor, and KL(.) is the Kullback–Leibler
divergence. The last term in Eq. (8) measures the dependence for multiple variables. The additional constraint LG
is incorporated in the discriminator loss function discussed
in Eq. (5).
3.2.3 Transparency and explainability
This subsection discusses the approaches used in this study
to understand the concepts learned by the trained IAENet.
The approaches to understand the way the input features
have contributed to a given decision is also discussed.
These approaches are used to evaluate and compare the DL
models in terms of interpretability and explainability.
Inspired by Montavon et al. [25], for interpreting the
proposed IAENet, an approach based on activation mapping is employed. In this regard, the representative/proto-

ð lÞ
Ri

¼

X
j

ð9Þ

where x is the input, and p(wc|x) and p(x) are the class
conditioned data density and data model, respectively.
Adopting the generative model G(.) (discussed in Sect.
3.2.1) for modeling p(x), Eq. (9) is reformulated as follows:

max log pðxc jGðzÞÞ þ log qðzÞ  kkzk2
ð10Þ
z

x ¼ Gðz Þ

X aðj l1Þ wðjil1;lÞ
ðl1Þ
P ðl1Þ ðl1;lÞ Ri
a
w
j
k k
ki

ð12Þ

ðl1Þ

where aj
denotes the activation and j indexes all neurons of layer l-1 joined to the neuron i. Eq. (12) is applied
in a backward pass through the network from the output
layer to produce the relevance map. It may be noted that
the summation of the relevance at any layer is conserved in
the network. The introduction of a numerical stabilizer in
Eq. (12), as discussed in Shrikumar et al. [59], removes
noise elements in the explanations and restricts the number
of features. However, the approach results in sparse
explanations making them challenging to interpret. In order
to improve the understandability of the explanations and to
avoid unrelated concepts, Eq. (12) is modified for the
Rectified Linear Units (ReLU) convolution layers as follows:

!!
þ


aj wji
aj wji
ðl1Þ
 P 

s P
Ri
 P 
þ þ d P
e:w
0 wi0 ;i þ
0 wi0 ;i
0 ai0 wi0 ;i þ
0 ai0 wi0 ;i
e:w
a
a
0
0
i
i
i
i
i
i

maxðlog pðxc jxÞ þ log pð xÞÞ



ðlÞ

Ri ¼



type of the class xc, which correspond to the most likely
input x for class wc, is found by optimizing:
x

conditioned data density, q ðzÞ is the distribution of the
learned latent space, and k is the scaling factor.
Although interpreting the concepts/prototypes learned
by DL models helps compare and contrast different models, learning the contribution of input features for each
concept is also equally important. In this study, a modified
version of LRP is employed to assign quantitative values to
input features based on their relative significance in the
output prediction. As shown in Bach et al. [60], the relevance can be distributed to input-layers using local redistribution rules as follows:

ð11Þ

where z denotes the latent code, xc denotes the class, G(.)
is the discriminator, p(xc|G(z)) denotes the class

ð13Þ

where Rli is the relevance score for neuron i in layer l, j
indexes all neurons of layer l joined to the neuron i, e is a
numerical stabilizer, aj is the activation of the jth neuron,
wji is the weight between the ith and jth neuron, [.]? and
[.]- are the positive and negative components, respectively,
f(x) is the total relevance at the output layer, and the
function w(.) yields the sign of the expression. The scaling
factors s and d are constrained to s ? d = 1 to ensure the
conservation property. The reformulation facilitates to filter
the spurious variations in convolution layers and is less
sensitive to the entanglement in the upper layers. For the
classification layer, the relevance is propagated from the
outputs using the propagation rule as follows:
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ðl1Þ
Ri

¼

X
j

ai wji
P
 P
e:w
i0 ai0 wi0 ;i þ
i0 ai0 wi0 ;i

!!

0

ðlÞ
Ri

zl ¼ /@

1

X

A
wli  al1
j

ð15Þ

ði;jÞ2Mj

ð14Þ
Rli

where is the relevance score for neuron i in layer l, e is a
numerical stabilizer, ai is the activation of the ith neuron,
wji is the weight between the ith and jth neuron, and the
function w(.) yields the sign of the expression. By analyzing the relevance scores, regions, or patterns in the
inputs with high positive relevance that mostly contribute
to a classification decision are identified. As the probability
of an input belonging to a certain class depends on the
value at the output layer neuron, relevance scores can
represent evidence for (positive values) and against (negative values) the classification decision.
The concepts learned by the model and the relevance
assigned to the input features are analyzed to evaluate the
physical significance of the learned features and interpretability of the models. Besides, the training data as well
as parameter selection are also refined based on the
working of the network pipeline interpreted from the
analysis of learned prototype and relevance score
assignments.

3.3 Implementation of the proposed IAENet
Modeling and designing the proposed IAENet model
toward crop phenology-based water stress detection and
crop-specific feature learning are discussed in the following subsections. The implementation details and optimal
hyper-parameter settings for each of these applications are
also discussed.
3.3.1 Classification of phenological curves based
on irrigation scheme
This subsection discusses the implementation of IAENet
for distinguishing the rainfed and irrigated wheat crops.
The phenological curves based on the NDVI derived from
multi-date VENlS images are used to train and validate the
networks. The approach adopted is similar to the one discussed in Sect. 3.2. However, to resolve the effects of
shifts, time series nature, and irregular sampling of the
phenological curves, DTW-based nonlinear units are
employed instead of the conventional neurons. The DTW
units match similar features to the input and skip elements
with a considerable distance to the weights and perform
small translations. The activation of a given DTW node is
computed as follows:

where alj and wlj are the jth activation vector and network
weight vector, respectively, of the lth layer, /() is the
activation function, and Mj is the set of matched indices
corresponding to the index i of wl and the index j of al-1,
respectively. The set of matched indices Mj allows for
duplicate and skipped values of wli , and al1
j .
The convolution operation is also modified to consider
the specific nature of the phenological curves, such as
irregularity and times series nature. The interpolated convolution of the vectorized phenological curve v with a
~ is implekernel function j(.), centered at a location x,
mented as follows:
X 1 X
x  jðx~Þ ¼
uðja ; x0 Þvðx~ þ xa Þ:jðx0 Þ
ð16Þ
0
N
x
0
x
k
a

where u(.,.) is an interpolation function that computes the
weights based on a filter weight vector ka and a given input
point x0 , and Nx0 is the density normalization term to make
the convolutions sparsity invariant. It may be noted that
along with kernel size, kernel length l [ R is another
hyper-parameter that is defined as the distance between two
adjacent weight vectors to control the receptive field. In
addition to the reconstruction losses (for encoder-decoder
stream) discussed in Sect. 3.2, to embed label information
in the latent manifold learning, an additional loss (LE) is
employed as follows:
X
2 X 
2
LE ¼
v  D0h ðGh ðvÞÞ þ
v  D0h ðGh ðvÞÞ
v2V þ
vr V 
ð17Þ
where V? and V- are the sets of irrigated and rainfed
samples, respectively, and GH and D0h , respectively, are the
generator and decoder networks. Further, to ensure the
piece-wise similarity of the reconstructed and expected
outputs, a multiscale version of the structural dissimilarity
loss is also employed as follows:
X
LSD ¼
1  X ð pÞ
p2P

where (18)
0

0

2lp lp þ C1
2rp rp þ C2
X ð pÞ ¼ 2
:
lp þ lp0 2 þ C1 r2p þ rp0 2 þ C2
where P ( R is the set of all relative locations of the
phenological curve, C1 and C2 are constants, lp and lp’,
respectively, represent the means of the patches of the
reconstructed and ground truth phenological curves while
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Fig. 2 Proposed implementation
of interpretable adversarial
encoding network (IAENet) for
crop-specific feature learning

rp and rp’, 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.
The implementation of IAENet, adopted in this study,
for the phenological curve-based irrigation scheme classification uses multi-size kernels of sizes 1 9 2, 1 9 3,
1 9 5, 1 9 7, and 1 9 9 in the encoder and decoder
streams. ReLU activations follow the padded convolutions
in all layers, except the discriminator stream. The stride of
pooling and unpooling layers are 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 interpolated convolution kernels use Gaussian interpolation as the interpolation function, and the Gaussian bandwidth (3r) is fixed
to 0.1. The number of filters in the first encoding unit is
empirically set to 64. It may be noted that for implementing
multiscale structural dissimilarity measurements, the context extents are varied from 1, 3, 5, 7, and 9. The discriminator network consists of a fully connected layer
having a depth of two. The network is trained for 300
epochs with an initial learning rate of 0.01 and a decay rate
0.5 every 100 epochs with a batch size 30. Hyper-parameter optimization, proposed in Bochinski et al. [78], is
employed to optimize the parameters of the proposed network such as kernel size, number of filters, depth of the
network, and number of epochs. The mean squared error
(MSE)-based loss and cosine dissimilarity loss, along with
the proposed piece-wise dissimilarity loss, are employed to
learn the network weights.

3.3.2 Learning crop-specific features for classification
This subsection discusses the implementation of IAENet
for dynamically learning physically significant features for
distinguishing crops from multispectral VENlS data. The
labeled multispectral image patches are used to train and
validate the network. The architecture and constraints
discussed in Sect. 3.2 are adopted for the purpose. However, to consider the spatial and spectral contexts, an input
stream consisting of 1D and 2D convolutions to, respectively, process the spectral and spatial features is embedded
in IAENet framework as shown in Fig. 2.
In the current implementation of IAENet for cropspecific feature learning, the input stream employs 16 2D
filters of kernel size 5 9 5 and 16 1D filters of size ranging
from 1 9 3 to 1 9 7 to model the spatial and spectral
features, respectively. The spectral and spatial features are
concatenated and fed to IAENet framework that minimizes
the losses (discussed in Sect. 3.2.) between the reconstructed (v’) and original spectra (v)) to learn the network
weights. The padded convolutions are followed by ReLU
activations in all layers except the discriminator stream.
The stride of pooling and unpooling layers are kept to two
for, respectively, halving and doubling the resolution of the
resulting feature maps. Convolutions following downsampling steps double the number of feature maps while is
halved by the convolutions following upsampling. The
number of filters in the first encoding unit is empirically set
to 64. The discriminator network consists of a fully connected layer having a depth of two. The network is trained
for 200 epochs with an initial learning rate of 0.01 and a
decay rate 0.5 every 100 epochs with a batch size 30.
Hyper-parameter optimization, proposed in [79], is
employed to optimize the parameters of the proposed
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network such as kernel size, number of filters, depth of the
network, and number of epochs.

4 Results
To verify the effectiveness of IAENet, extensive experiments were conducted using multi-date VENlS images for
phenological curve-based irrigation scheme detection and
crop-specific feature learning. The ablation analysis of
IAENet for each of the applications is discussed in Sects.
4.1.1 and 4.2.1. Sections 4.1.2 and 4.2.2 present comparative analysis of IAENet with the benchmark approaches.
Hyper-parameter optimization, proposed in Bochinski et al.
[79], is employed to optimize the parameters of different
models experimented in this study. It may be noted that an
early stopping framework using k-fold validation forms the
basis of the parameter selection. The confusion matrixbased Kappa statistics and overall accuracy are used for
evaluating the classification results. High values of Kappa
statistics and overall accuracy indicate high accuracy. An
Z-score-based test statistics (discussed in [80]) is employed
to analyze the significance of the results presented in this
study. Along with confusion matrix-based measures, proposed interpretability techniques (Sect. 3.2.3) are used to
evaluate the physical significance and interpretability of the
models. For all the experiments adopted in this study,
k-fold validation is adopted with k set to 10 for both the
datasets.

4.1 Classification of phenological curves based
on irrigation schemes
The pixel-level NDVI phenological curves derived from
multi-date images are used to train IAENet to distinguish
between irrigated and rainfed wheat crops. The ground

truth ancillary data are used to generate labels for phenological curves and are used for training the network.
A GAN-based augmentation, similar to the one adopted in
[81], is used to increase the number of training samples.
Besides, random Gaussian noise is added in irregular
intervals to evaluate the effect of denoising. The approach
is extensively analyzed over the data of wheat fields over
three consecutive crop years. It may be noted that a total of
3600 samples are used for training and testing the model
among which 800 are augmented patterns.
4.1.1 Ablation analysis of IAENet implementation
for irrigation scheme detection
This subsection evaluates the effect of different regularizations and losses on the proposed architectures for index
curve-based classification. In other words, experiments are
conducted to analyze how the accuracy varies if the proposed architectures (Sect. 3.2.1) and constraints (Sect.
3.2.2) are altered or not applied. The results are summarized in Table 1. It is observed that the proposed strategies
reduce the training sample requirement and significantly
improve the results (in terms of Kappa and overall accuracy) as they facilitate learning interpretable manifold.
Besides, the use of piece-wise loss (Sect. 3.3.1), interpolation-based convolution (Sect. 3.3.1), and DTW-based
neural units (Sect. 3.3.1) also improves the classification
accuracy. In addition to improved classification, the proposed architectures and constraints improve the concepts
learned for both irrigated and rainfed crops. The relevance
analysis of input features also indicates that the proposed
constraints play a significant role in improving the interpretability of the learned latent space. It may be noted that
the entanglement penalty (discussed in Sect. 3.3.2) is
empirically set to 2 and successfully disentangles the latent
codes with regard to the irrigated and rainfed classes.

Table 1 Analysis of the effect of proposed architectural variations and constraints
Architectural variations/losses

Kappa

Overall Accuracy

Z-score

Implementation without variational encoding constraint

0.79

84.34

2.65

Implementation without an adversarial loss for incorporating input prior to the Gaussian space

0.82

86.59

2.41

Implementation using classification loss instead of dual loss

0.90

93.68

2.15

Implementation without constraints for embedding classification prior to the adversarial loss

0.92

96.71

2.08

Implementation without label embedding constraint
Implementation without piece-wise loss

0.93
0.92

96.08
94.42

1.98
2.26

Implementation without cosine dissimilarity loss

0.93

96.80

1.99

Implementation without interpolated convolution

0.91

93.43

2.07

Proposed IAENet implementation

0.95

98.79

–

*Z-score [ 1.96 shows a significant ([ 95%) difference between the confusion matrices of the existing approaches and interpretable adversarial
encoding network (IAENet)
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Fig. 3 Analysis of the sensitivity of interpretable adversarial encoding network (IAENet) toward a depth of the network layers; b size of filters;
and c number of filters for phenological curve-based irrigation scheme detection

The sensitivity analysis of the proposed IAENet model
(implemented for irrigation scheme classification) toward
network parameters is presented in Fig. 3. An increase in
network depth, number of filters, and filter-size are found
to improve the accuracy to a limit beyond which it deteriorates or saturates due to over-/under-fitting. The reduction in sensitivity of IAENet to network parameters can be
attributed to the improvement in interpretability of the
learned manifold, achieved through adversarial encoding
and data prior embedding. Empirically, for input curves
having a length of 24–48, a 2–6-layered network yields the
best results. Also, the approach is found to be less sensitive
to slight changes in the depth of the reparameterization
stream. The increase in the number of kernels improves the
accuracy to a limit, but the trend saturates gradually. The
size of filters is found to be a critical factor and needs to be
tuned in accordance with 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. In addition, the increase
in size and number of filters exponentially increases the
computational complexity of the network. Hence, a better
trade-off needs to be adopted. The use of multi-sized

Table 2 Comparison of interpretable adversarial encoding network
(IAENet) with benchmark deep learning (DL) classifiers for 70% of
training samples
Benchmark classifiers

Kappa statistics

Overall Accuracy

Karim et al. [43]

0.73

76.89

Han et al. [39]

0.76

80.10

Kang et al. [36]

0.80

84.43

Sun et al. [24]

0.84

87.91

Kim and Mnih [56]

0.76

80.08
84.43

Hang et al. [31]

0.81

Jiang et al. [32]

0.85

87.98

Mou and Zhu [42]

0.89

93.54

Honke et al. [38]

0.87

90.08

Proposed IAENet

0.96

98.27

Benchmark methods are implemented based on the available GitHub
implementations and are fine-tuned based on the related publications

kernels is found to be a viable alternative as it significantly
improves the results without much affecting the execution
time.
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Table 3 Z-score-based significance analysis of interpretable adversarial encoding network (IAENet) in comparison with the benchmark deep
learning (DL) classifiers
Benchmark smoothing approaches

Z-score of Kappa statistics as compared to IAENet

Z-score of Overall Accuracy as compared to IAENet

Karim et al. [43]

2.80

2.91

Han et al. [39]

2.42

1.98

Kang et al. [36]

1.99

2.08

Sun et al. [24]

2.52

2.16

Kim and Mnih [56]

2.79

2.35

Hang et al. [31]

1.92

2.19

Jiang et al. [32]
Mou and Zhu [42]

2.73
1.58

2.52
1.99

Honke et al. [38]

1.92

1.95

Z-score [ 1.96 shows a significant ([ 95%) difference between the confusion matrices of the existing approaches and interpretable adversarial
encoding network (IAENet)

Fig. 4 Accuracy analysis of interpretable adversarial encoding
network (IAENet) and deep learning (DL) classifiers with respect to
the change in the percentage of training samples

4.1.2 Comparison of IAENet with the commonly used
phenological curve classifiers
The commonly used classifiers, applicable to the phenological curve-based irrigation scheme classification, are
compared with the proposed IAENet-based approach. The
results are summarized in Table 2. The significance of the
results of IAENet (at a confidence level of 95%) in comparison with the other approaches is analyzed in Table 3.
Based on the discussions in [3, 38, 82, 83], some main
existing classifiers are selected as the benchmark methods
for comparison. It may be noted that some of the benchmark approaches are modified for the one-dimensional
phenological curves. An analysis of the variation in the
accuracy of different approaches according to the variation
in the percentage of training samples is presented in Fig. 4.

A total of 3600 samples are used in these experiments and
tenfold validation is employed for each of the different subexperiments (10%, 20%, 30%, etc.). As is evident from the
results, IAENet better models phenological curves as
compared to other prominent approaches. The proper
modeling of features significantly improves the generalization capability of the network and results in improved
classification accuracies even with a small number of
training samples. The learning of physically significant
features also resolves the issues of domain bias and interfield variability of phenological curves. Besides, the DTWbased convolutional units and interpolation-based convolutions facilitate the effective transformation of vectorized
phenological curves to a latent space that is more discriminative than the original space.
In addition to classification-based accuracy assessment,
the models are also evaluated based on the significance of
the features and concepts/prototypes learned. The concepts
learned by different models for classifying the irrigation
schemes are analyzed using the interpretability approach
proposed in Sect. 3.2.3. Experiments indicate that the
concepts learned by IAENet for distinguishing the irrigated
and non-irrigated wheat crops highlight the features that
correspond to the dry periods. The normalized difference
between the non-rainy NDVI features for the prototype of
irrigated and non-irrigated crops (in terms of area under the
features) for different models is summarized in Table 4.
The cosine dissimilarity of the concepts learned for both
the classes is also presented in Table 4. The high feature
differences and cosine dissimilarity values for IAENet
indicate that the approach learns meaningful features to
distinguish the irrigated and rainfed wheat crops. Besides,
the prototype learned for both irrigated and non-irrigated
crops can be compared with the meta data regarding the
rainfall available from the metrological sources. Analysis
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Table 4 Interpretability-based comparison of the different deep learning (DL) models based on the concepts learned
Benchmark
classifiers

Normalized feature difference between the features of the concepts for
irrigated and non-irrigated classes

Cosine dissimilarity between the concepts learned
for irrigated and non-irrigated classes

Karim et al.
[43]

0.09

0.895

Han et al. [39]

0.42

0.872

Kang et al.
[36]

0.35

0.890

Sun et al. [24]

0.28

0.916

Kim and Mnih
[56]

0.61

0.863

Hang et al.
[31]
Jiang et al.
[32]

0.29

0.892

0.30

0.932

Mou and Zhu
[42]

0.58

0.916

Honke et al.
[38]
Proposed
IAENet

0.49

0.902

0.37

0.979

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

Table 5 Interpretability-based
comparison of the different deep
learning (DL) models

Benchmark classifiers

Normalized relevance assigned to the features of the non-rainy time slots

Karim et al. [43]

0.48

Han et al. [39]

0.39

Kang et al. [36]

0.56

Sun et al. [24]

0.63

Kim and Mnih [56]
Hang et al. [31]

0.60
0.52

Jiang et al. [32]

0.78

Mou and Zhu [42]

0.67

Honke et al. [38]

0.72

Proposed IAENet

0.96

of the learned concepts also indicates that the approach is
less sensitive to the noise and irregularities in the phenological curves.
To further explain the network and analyze the contribution of input features, the modified LRP approach (Sect.
3.2.3) is adopted. The normalized relevance assigned by
different approaches to the features of non-rainy time slots
is presented in Table 5. The propagated relevance of
IAENet, for distinguishing irrigated and rainfed wheat
crops, indicates that the model gives importance to the
NDVI features corresponding to the non-rainy time slots.
An analysis of the learned features from bottom layers
indicates that the non-rainy NDVI features are combined
linearly and nonlinearly to guide the decision.

4.2 Learning crop-specific features
for classification
The proposed implementation of IAENet, presented in
Fig. 2, is analyzed for learning crop-specific features from
VENlS satellite images. The ground truth ancillary data
(Sect. 3.1) are used to label the pixels and are used for
training the network. For the crops having a limited number of training samples, a GAN-based augmentation [84] is
used to generate more training samples. A total of 4000
samples are used for training and testing the model among
which 1600 are augmented patterns.
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Table 6 Analysis of the alternative architectural choices of interpretable adversarial encoding network (IAENet) for crop-specific feature
learning
Architectural variations/losses

Kappa statistics

Overall accuracy

Z-score

Implementation without variational encoding constraint

0.72

76.80

2.34

Implementation without an adversarial loss for incorporating input prior to the Gaussian space

0.75

79.15

2.06

Implementation using normal classification loss instead of dual loss

0.79

83.28

2.67

Implementation without constraint for embedding classification prior to the adversarial loss

0.77

84.15

2.81

Implementation without label embedding constraint

0.78

82.39

1.97

Implementation without disentanglement constraint

0.76

81.53

2.24

Implementation without cosine dissimilarity loss
Proposed IAENet implementation

0.80
0.82

84.28
89.05

2.15
–

*Z-score [ 1.96 shows a significant ([ 95%) difference between the confusion matrices of the existing approaches and interpretable adversarial
encoding network (IAENet)

4.2.1 Ablation analysis of IAENet
An analysis of the proposed architectural variations and
losses for crop-specific feature learning is presented in
Table 6. The effect of each of the constraints and architectural modifications, used in the proposed architecture, is

studied by evaluating the accuracy when each of them is
not used. As is evident from the results, the use of adversarial encoding strategy and the incorporation of input prior
to the Gaussian space improves the interpretability of the
learned features resulting in improved Kappa and overall
accuracy values. Besides, the use of cosine dissimilarity-

Fig. 5 Analysis of the sensitivity of interpretable adversarial encoding network (IAENet) toward a depth of the network layers; b size of filters;
and c number of filters for crop-specific feature learning
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based reconstruction loss along with the mean squared
error (MSE) losses also improves the classification results
(in terms of Kappa statistics and overall accuracy). It may
be noted that the entanglement penalty (discussed in Sect.
3.3.2) is empirically set to 3 and successfully disentangles
the latent codes with regard to the different crop classes.
Analysis of the sensitivity of DL models for learning
crop-specific features shows that an increase in network
depth and kernel sizes improves the accuracy (in terms of
Kappa statistics and overall accuracy) to a limit beyond
which it deteriorates. The use of multi-sized kernels
improves the results without much affecting the execution
time. The sensitivity analysis of the IAENet, implemented
for feature learning, toward network parameters is presented in Fig. 5. Although an increase in the number and
size of filters and depth of the network, without increasing
the training data, deteriorates the classification accuracy of
the existing DL models, the proposed approach is comparatively stable. The less sensitivity of IAENet can be
attributed to the improved interpretability achieved through
proposed architectural variations, loss functions, and
constraints.
4.2.2 Comparison of IAENet with the commonly used DL
approaches for crop-specific feature learning
A comparative analysis of IAENet with recently published
approaches, relevant to latent feature learning, is summarized in Table 7. The significance of the results of IAENet
(at a confidence level of 95%) in comparison with the

Table 7 Comparison of interpretable adversarial encoding network
(IAENet) with the benchmark deep learning (DL)-based representation learning approaches for 70% of the training samples
Benchmark classifiers

Kappa statistics

Overall Accuracy

Hoshen [35]

0.61

66.92

Zhuang et al. [48]

0.60

65.40

Sun et al. [24]

0.63

67.12

Subramanian et al. [15]

0.61

65.58

Kang et al. [40]
Kang et al. [36]

0.64
0.65

68.92
70.35

Anirudh et al. [29]

0.67

71.80

Pfau et al. [65]

0.71

75.96

Emami et al. [30]

0.74

78.29

Zhong and Deng [47]

0.78

82.26

Proposed IAENet

0.86

90.89

Benchmark methods are implemented based on the available GitHub
implementations and are fine-tuned based on the related publications
Feature learning benchmark methods are followed by fully connected
network

benchmark methods is illustrated in Table 8. The selected
benchmark approaches are improved versions of the ones
that
reported
the
state-of-the-art
results
[1, 2, 4, 12, 17, 28, 33, 34, 42, 48, 65, 83, 85]. An analysis
of the variation in the accuracy (in terms of Kappa statistics
and overall accuracy) of different approaches with respect
to the variation in the percentage of training samples is
presented in Fig. 6. A total of 4000 samples are used in
these experiments and tenfold validation is employed for
each of the different sub-experiments (10%, 20%, 30%,
etc.). As is evident from the results, IAENet better models
the manifold as compared to other prominent DL approaches. The proper learning of meaningful features significantly improves the generalization capability of the
network and results in better classification accuracies, even
with a small number of training samples.
The comparison of the concepts learned by the networks
(derived using the approach discussed in Sect. 3.2.3) with
respect to the reference spectra is presented in Table 9. The
interpretability-based analysis (Sect. 3.2.3) of IAENet for
learning crop-specific features indicates that the concepts
learned for each of the crops align with the corresponding
crop’s spectral characteristics. Analysis indicates that the
proposed model emphasizes spectral bands ranging from
555 to 620 nm and 702 nm to 910 nm, specifically to the
red edge bands. Also, the variational encoding strategy
alleviates the noise effects, even with a minimum number
of training samples.
The modified LRP-based explanation strategy (Sect.
3.2.3) is employed to analyze the relevance of different
input features in accordance with the decision of the
IAENet. The comparison of normalized relevance scores
assigned to the red edge, green edge and near infrared
features by different approaches is presented in Table 10.
The relevance scores indicate that the red edge and green
edge features as well as the spectral bands ranging from
555 to 910 nm contribute significantly to the decisions of
IAENet. The linear and nonlinear features synthesized in
deeper layers in IAENet are found to be combinations of
the near infrared bands.

5 Discussion
Experiments on IAENet for different applications (discussed in Sect. 3.3) illustrate that the proposed approaches
improve the interpretability of the models, yielding better
results as compared to the main existing approaches. A
detailed analysis of the results of each of the proposed
approaches is presented in the following subsections.
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Table 8 Z-score-based significance analysis of interpretable adversarial encoding network (IAENet) in comparison with deep learning (DL)based representation learning approaches
Benchmark classifiers

Z-score of Kappa statistics in comparison with IAENet

Z-score of overall accuracy in comparison with IAENet

Hoshen [35]

2.43

2.53

Zhuang et al. [48]

1.89

2.16

Sun et al. [24]

2.15

1.92

Subramanian et al. [15]

2.09

2.33

Kang et al. [40]

2.67

2.50

Kang et al. [36]

2.23

2.69

Anirudh et al. [29]
Pfau et al. [65]

2.71
2.42

2.15
2.08

Emami et al. [30]

2.05

1.99

Zhong and Deng [47]

1.98

2.25

Z-score [ 1.96 shows a significant ([ 95%) difference between the confusion matrices of the existing approaches and interpretable adversarial
encoding network (IAENet)
Benchmark methods for feature learning are followed by fully connected network

Table 9 Comparison of the concepts learned for each crop with the
corresponding reference spectra
Benchmark classifiers

Fig. 6 Accuracy analysis of interpretable adversarial encoding
network (IAENet) and the benchmark representation learning
approaches with respect to the change in the percentage of training
samples

5.1 Learning meaningful representations
The architecture of DL models is found to influence the
capability to learn meaningful data manifolds. The use of
the variational AE model, instead of the model adopted in
IAENet, can constraint the latent features to a normally
distributed space. However, additional sampling layers in
variational AE are found to adversely affect the modeling
of EO data, especially when training samples are limited.
As discussed in Sect. 3.2.1 and illustrated in Sect. 4.1., the
proposed IAENet uses variational encoding to project the
latent representation to a normal distribution. Besides, the
proposed adversarial constraints and losses use the input
prior for improving the projected space to have meaningful

Cosine similarity

Karim et al. [43]

0.78

Han et al. [39]

0.86

Kang et al. [36]

0.95

Sun et al. [24]

0.90

Kim and Mnih [56]

0.92

Hang et al. [31]

0.94

Jiang et al. [32]
Mou and Zhu [42]

0.89
0.92

Honke et al. [38]

0.90

Proposed IAENet

0.99

Table 10 Comparison of the normalized relevance scores assigned to
the red edge, green edge and near infrared features
Benchmark classifiers

Normalized Relevance Score

Karim et al. [43]

0.49

Han et al. [39]

0.52

Kang et al. [36]

0.58

Sun et al. [24]

0.61

Kim and Mnih [56]

0.81

Hang et al. [31]

0.76

Jiang et al. [32]

0.88

Mou and Zhu [42]
Honke et al. [38]

0.85
0.86

Proposed IAENet

0.98
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and interpretable representations. The multiple kernels and
multi-layer abstractions facilitate the modeling of different
characteristic features at different resolutions. The depth of
the network 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 facilitates the modeling of features
more effectively rather than using single-size kernels. As is
evident from Sects. 4.1.2 and 4.2.2, the improvement in
interpretability of learned manifold reduces the model’s
sensitivity toward network parameters.
Lack of generalizability usually makes the DL networks
trained on one type of data less effective for another. The
data and domain bias and the limited availability of training samples also affect the effectiveness of DL approaches.
As illustrated in Sects. 4.1 and 4.2., the proposed strategy
of using adversarial variational encoding and data prior
constraints have significantly resolved these issues (Sect.
4.1). For the data having time series nature and are irregularly sampled, such as phenological curves, DTW-based
convolutional units and interpolation-based convolution are
found to be useful compared to the normal ones. For
learning the features from image patches (Sect. 4.2), the
use of a separate stream for initial learning of spatial and
spectral features improves the results compared to the use
of 3D filters. The differences in results are specifically
significant when the number of training samples is limited.
The experiments on both the applications, namely irrigation scheme detection and learning of crop-specific features, indicate that the evaluation matrices based on
classification or reconstruction accuracy are insufficient for
DL models. Interpretability analyses based on the prototype learned by the models (as explained in Sect. 3.2)
facilitate explanations to the models as presented in
Tables 4 and 9. The concept-based interpretability analysis
(Tables 4 and 9) indicates the features to which the network
is giving importance. Similarly, the relevance propagationbased analyses (explained in Sect. 3.2 and results presented
in Tables 5 and 10) attempt to explain the models based on
the relevance assigned to the input features. The proposed
IAENet fares well in terms of interpretability and
explainability compared to the other DL models considered
in this study. Besides, rather than using the interpretability
evaluation for mere quantitative comparison, this study
shed light on the use of the same for understanding the
network through concepts it learned and features it is
giving importance to. As illustrated in Sect. 4, the proposed
IAENet is generic and can be extended to different
applications.

5.2 Transparency and explainability
For EO data-based analyses, the spectral and spatial features and their characteristics, such as depth, width, and
position, are found to be crucial. As is evident from Sect. 4,
the conventional evaluation matrices do not give an idea
about the learning mechanisms and capabilities of the
models. The interpretability-based evaluation strategy
(Sect. 3.2.2) is found to be useful in understanding the
concepts learned by the models. The proposed approaches
also demonstrate the modeling of interpretability analysis
in accordance with the specific models.
The concepts learned for each of the classes provide an
understanding of the learning capability of the DL networks. The prototype’s analysis gives an idea of the
characteristic features learned by the model for distinguishing different classes. For instance, the NDVI corresponding to non-rainy time slots are important in
distinguishing the irrigated and non-irrigated crops. Hence,
a good model is expected to give importance to the features
corresponding to the non-rainy time slots and the model
can be explained by analyzing the same. As discussed in
Sect. 4.1.2, the features relevant for irrigation schemes can
be verified based on the prototype learned by the network,
and the training data can be refined accordingly. Similarly,
the concepts learned for classifying crop types by IAENet
(Sect. 4.2.2) can also be verified to refine the training data.
Although analysis of the prototypes learned by DL
models gives an idea about the learning capability of the
network, it is further required to analyze the relevance of
the different input features and also to interpret the manifold accordingly. As is evident from Sects. 4.1.2 to 4.2.2,
the LRP approaches facilitate identifying the contribution
of the input features in terms of the relevance scores. It is
observed that the irrigation scheme detection using IAENet
gives importance to NDVI features during the non-rainy
season of the year. This can be attributed to the fact that
NDVI responses are almost indistinguishable in the rainy
dates of the season and hence may not be relevant in distinguishing the schemes. The high relevance scores of red
edge features in the classification of crop types (Sect. 4.2.2)
indicate the ability of the interpretability analysis in verifying the significance of feature learning. Besides, the
analysis of the features at a deeper level indicates the
significant contribution from these relevant spectral bands.

6 Conclusion
DL-based EO data analyses require unsupervised learning
of hierarchical representations of the input to find the
intrinsic data manifold. This research proposed the use of
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adversarial and variational encoding strategies and data
prior embedding to develop a generic interpretable DL
framework. The projection of latent representations to
normally distributed space, as in variational encoders,
affects the physical significance of the learned manifold.
Although the use of entanglement penalty is found to
improve the independence of the latent dimensions and
enhance sparsity, they do not improve the interpretability
of the network for the given task or data. In this regard, the
proposed IAENet combines variational and adversarial
encoding schemes along with constraints to fine-tune the
manifold according to a given objective, such as classification. The proposed strategies enforce the network to
learn meaningful features and facilitate the use of the
information prior for improving physical significance. The
improved interpretability and physical significance of the
learned representations, along with the transparency of the
proposed pipeline, significantly improve the results. The
current study also proposed interpretability-based evaluation measures to compare different DL models. The predictor conditioned distribution of input is modeled to
understand the most likely input of the model for a given
output. The comparison of the learned concepts facilitates
to understand the physical significance of the features. To
further evaluate the interpretability of the DL models, the
contribution of each input feature to the nonlinear hidden
layer abstractions and their relevance to the network’s
decision are analyzed using a modified LRP technique. The
proposed relevance propagation strategy explores the
availability of generative and adversarial priors to understand the relevance better. It may be noted that the activation maximization- and LRP-based approaches provide
explanations of IAENet based on the concept learned and
the importance given to the input features.
The constraints and encoding schemes, along with the
DTW-based similarity measures, achieve effective classification with a minimal number of training samples. Unlike
the conventional convolution, a point-based convolution is
proposed to process the irregularly sampled phenological
curves. The concepts learned by the network and the relevance given to the characteristic features serve as a way to
explain the model in conjunction with expert consultation.
The modeling of IAENet for distinguishing irrigation
schemes illustrated that the approach learns meaningful
features (over the dry period) and the specific nature of the
phenological curves. The learning of crop-specific features
from multis-spectral images using IAENet also illustrated
the effectiveness of the proposed strategies. The learned
features are found to be a linear and nonlinear combination
of red edge and green edge features, confirming the capability of the approach in learning relevant features. It is also
observed that the improvement in interpretability achieved
in IAENet significantly reduces the sensitivity of the

network toward hyper-parameters. In addition, the
requirement of training samples has also been reduced to a
large extent.
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