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Abstract

Cue La Rosa, L. E.; Feitosa, R. Q. (Advisor); Borges Oliveira, D.
A. (Co-Advisor). End-to-end Convolutional Neural Network
combined with Conditional Random Fields for Crop Map-
ping from Multitemporal SAR Imagery. Rio de Janeiro, 2022.
96p. Tese de doutorado – Departamento de Engenharia Elétrica,
Pontifícia Universidade Católica do Rio de Janeiro.

Remote sensing imagery enables accurate crop mapping and monitoring,
supporting efficient and sustainable agricultural practices to ensure food
security. However, accurate crop type identification and crop area estima-
tion from remote sensing data in tropical regions are still challenging tasks.
Compared to the characteristic conditions of temperate regions, the more
favorable weather conditions in tropical regions permit higher flexibility in
land use, planning, and management, which implies complex crop dynamics.
Moreover, the frequent cloud cover prevents the use of optical data during
large periods of the year, making SAR data an attractive alternative for
crop mapping in tropical regions. To exploit both spatial and temporal con-
tex, conditional random fields (CRFs) models have been used successfully
in the classification of RS imagery. These approaches deliver high accura-
cies; however, they rely on features engineering manually designed based on
domain-specific knowledge. In this context, deep learning methods such as
convolutional neural networks (CNNs) proved to be a robust alternative for
remote sensing image classification, as they can learn optimal features and
classification parameters directly from raw data. This work introduces a no-
vel end-to-end hybrid model based on deep learning and conditional random
fields for crop recognition in areas characterized by complex spatio-temporal
dynamics typical of tropical regions. The proposed framework consists of
two modules: a CNN that models spatial and temporal contexts from the
input data and a CRF that models temporal dynamics considering label de-
pendencies between adjacent epochs. These dependencies can be learned or
designed by an expert in local agricultural practices. Comparisons between
data-driven and prior-knowledge temporal constraints are presented for two
municipalities in Brazil, using multi-temporal SAR image sequences. The
experiments showed significant improvements in per class F1 score of up
to 30% and up to 12% in average F1 score against a baseline model that
doesn’t include temporal dependencies during the learning process.
Keywords

Crop Recognition; Remote Sensing; Deep Learning; Probabilistic
Graphical Models; Sentinel-1;
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Resumo
Cue La Rosa, L. E.; Feitosa, R. Q.; Borges Oliveira, D. A.. Trei-
namento ponta a ponta de redes neurais convolucionais
combinadas com campos aleatórios condicionais para o
mapeamento de culturas a partir de imagens SAR multi-
temporais. Rio de Janeiro, 2022. 96p. Tese de Doutorado – Depar-
tamento de Engenharia Elétrica, Pontifícia Universidade Católica
do Rio de Janeiro.
Imagens de sensoriamento remoto permitem o monitoramento e ma-

peamento de culturas de maneira precisa, apoiando práticas de agricultura
eficientes e sustentáveis com o objetivo de garantir a segurança alimentar.
No entanto, a identificação do tipo de cultura a partir de dados de sen-
soriamento remoto em regiões tropicais ainda são consideradas tarefas com
alto grau de dificuldade. As favoráveis condições climáticas permitem o uso,
planejamento e o manejo da terra com maior flexibilidade, o que implica em
culturas com dinâmicas mais complexas. Além disso, a presença constante
de nuvens dificulta o uso de imagens ópticas, tornando as imagens de ra-
dar uma alternativa interessante para o mapeamento de culturas em regiões
tropicais. Os modelos de campos aleatórios condicionais (CRFs) têm sido
usados satisfatoriamente para explorar o contexto temporal e espacial na
classificação de imagens de sensoriamento remoto. Estes modelos oferecem
uma alta precisão na classificação, no entanto, dependem de atributos ex-
traídos manualmente com base em conhecimento especializado do domínio.
Neste contexto, os métodos de aprendizado profundo, tais como as redes
neurais convolucionais (CNNs), provaram ser uma alternativa robusta para
a classificação de imagens de sensoriamento, pois podem aprender atributos
ótimos diretamente dos dados. Este trabalho apresenta um modelo híbrido
baseado em aprendizado profundo e CRF para o reconhecimento de cul-
turas em áreas de regiões tropicais caracterizadas por ter uma dinâmica
espaço–temporal complexa. O framework proposto consiste em dois módu-
los: uma CNNs que modela o contexto espacial e temporal dos dados de
entrada, e o CRF que modela a dinâmica temporal considerando a depen-
dência entre rótulos para datas adjacentes. Estas dependências podem ser
aprendidas ou desenhadas por um especialista nas práticas de agricultura
local. Comparações entre diferentes variantes de como modelar as transições
temporais são apresentadas usando sequências de imagens SAR de duas mu-
nicipalidades no Brasil. Os experimentos mostraram melhorias significativas
atingindo ate 30% no F1 score por classe e ate 12% no F1 score medio em
relação ao modelo de base que não inclui dependências temporais durante
o processo de aprendizagem.
Palavras-chave
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1
Introduction

1.1
Motivation

Recent reports on food security estimate that over 800 million people
worldwide can be considered malnourished and that approximately two billion
suffer from deficiencies in micronutrients [6]. Furthermore, with the expected
increase in human population from 7.7 billion in 2019 to 8.5 billion in 2030
[7], coupled with the predicted worldwide growth of per capita income, the
demand for food is expected to escalate in the near future [8, 9].

The consequent intensification of agricultural production to meet such
high projected demands may, however, have strong environmental impacts
[8], contributing directly to air and water pollution, soil degradation, and
greenhouse gas (GHG) emission, as well as biodiversity loss [9]. In fact, land
conversion from natural ecosystems to agriculture is one of the principal causes
of GHG emissions and is directly related to deforestation and biodiversity loss
[10]. Therefore, there is an urgent need to conceive efficient and sustainable
strategies for the agricultural sector that maximize crop productivity while
minimizing environmental impact to enhance food security for the current
and future human population. Thus, timely and accurate information about
cropping practices is crucial to achieving this goal.

Accurate estimation of crop area extents and crop type distribution, for
instance, is indispensable for irrigation management, yield prediction, mapping
soil productivity, and farm monitoring. Climate and weather unsurprisingly
affect cropping areas and, hence, agricultural practices. In temperate regions,
agriculture is strongly characterized by seasonality, and the analysis of crop
dynamics is simplified by the fact that there is usually a single crop per
parcel during the productive season. Crop dynamics in tropical regions are
considerately more complex, as multiple harvests per year are possible, and
due to particular practices such as crop rotation, non-tillage, and irrigation
[4].

Crop area estimation must be provided periodically from the beginning
of the growing season until harvest. Identifying large-scale agricultural areas
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Chapter 1. Introduction 15

is possible due to the improved spatial and temporal resolution of remote
sensing data associated with the increased computational capacity and the
advancements in classification methods.

Remote sensing (RS) data has been used in natural resources mapping for
many decades, being currently the main data source for various environmental
modeling techniques, which include crop recognition and crop area estimation
[11–18]. Notwithstanding, automatic crop mapping is still a complex problem,
especially in tropical regions. An important issue is related to the fact that the
spectral appearance of crops changes over time. Consequently, multi-temporal
analysis is crucial for crop discrimination, especially in regions characterized
by complex and diverse crop dynamics.

Optical and synthetic aperture radar (SAR) orbital systems with high
temporal (low revisit time) and spatial resolutions are a valuable asset for crop
mapping applications. While optical imagery commonly supports agricultural
applications [19, 20], they are often unavailable during the growing season due
to cloud cover, especially in tropical and subtropical regions [21]. In contrast,
SAR sensors are not affected by clouds or solar illumination conditions and
therefore available most of the year, making them an attractive option for
multi-temporal analysis for crop mapping applications.

Traditional classification techniques for RS images generally make use of
unsupervised (e.g., k-means) or supervised (e.g., maximum likelihood, neu-
ral network, support vector machine, random forest) methods to perform
pixel-wise classification [22–27]. However, these approaches lack of a proper
framework that explicitly models the spatial and temporal context. Spatio-
contextual techniques such as texture extraction and object-based classification
have been widely used for RS classification [28–34]. Nevertheless, the discrimi-
native ability of these models strongly depends on the choice of features to be
used in the classification procedure.

To cope with the inherent problems of pixel-wise and object-based
approaches, probabilistic graphical models, such as Markov random fields,
hidden Markov models (HMMs), and conditional random fields (CRFs), have
successfully exploited both spatial and temporal contexts in the classification
of RS imagery [35–39]. These approaches deliver high accuracies but they
rely on feature engineering, and we argue that there are no universal hand-
crafted features, equally discriminative for different applications and datasets.
In graphical models, the temporal context is modeled using a transition matrix
that can be learned directly from the training data [40], or based on expert-
based knowledge [38, 39, 41]. The definition of the transition matrix must follow
the agricultural practices and crop rotations characteristics of the target sites.
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Deep learning (DL) techniques encompass specific supervised and unsu-
pervised representation-learning algorithms, which learn features from labeled
and non-labeled data. State-of-the-art performance in RS image classification
has been achieved with DL-based techniques, such as autoencoders (AEs), con-
volutional neural networks (CNNs), fully convolutional networks (FCNs), and
recurrent neural networks (RNNs); which can integrate the spatial, spectral
and temporal contexts in unsupervised or supervised ways [42–47].

Specifically, a CNN [48, 49] is a neural network capable of dealing with
spatial and temporal context and has been used with great success in RS. In
an early work, Kussul et al. [44] integrated spatial and temporal contexts in
a supervised way using a combination of 1D and 2D CNNs. Castro et al. [50]
also used AEs and CNNs for crop recognition in multi-temporal SAR image
sequences. Considering both the temporal and spatial context, 3D CNN has
also been successfully employed for crop mapping from multi-temporal remote
sensing images [51, 52].

Several efforts have been made in the literature to combine graphical and
deep learning models into a two-stage procedure for crop type classification
[5, 53, 54]. However, despite achieving competitive performance, these works
have the drawback of decoupling the classifier training from the graphical
model. These deep learning classifiers are commonly trained using the per-
date categorical cross-entropy loss function. Therefore, the classification at
each time step is conditionally independent of the class on the neighbor’s dates.

To learn a model specifically for sequence labeling, CNNs or RNNs have
been combined with graphical models (e.g., CRF) in an end-to-end fashion to
model the intra-class temporal progression. These models were first proposed
for sequence tagging for natural language processing and then extended for
video action segmentation [55–57]. These approaches are trained using a CRF-
based loss that considers the probability of a particular label sequence given
an input sequence. To this aim, the models employ a CNN that delivers the
emission scores of the CRF model and a learnable transition score matrix that
models the temporal relation between adjacent labels.

Building on that, this work proposes a novel hybrid method that com-
bines deep learning and graphical models in an end-to-end framework for crop
mapping in tropical regions from multi-temporal SAR image sequences. To
achieve this goal, CNN and CRF were employed to model the spatio-temporal
context. Furthermore, considering the complex temporal dynamic character-
istic of tropical regions, this study proposes using prior knowledge about the
less probable crop transitions to add temporal constraint into the learning pro-
cess. It is worth mentioning that the methodology is not limited to SAR data,
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the method could be easily applied to other type of sensors as long as enough
temporal data is available.

1.2
Problem statement

Crop mapping using multi-temporal RS images is based on a discrete
acquisition of data from a continuous process consisting of sequences of
phenological cycles from various crops planted in a given order. However,
most current DL methods learn features disregarding the explicit modeling
of such sequences in the temporal dimension and implement the knowledge-
based constraints as a post-processing step that filters the outcome to select
the valid ones. We argue that such feature space learned is suboptimal as it
ignores the known conditional class dependency between neighboring dates in
the learning process, leading to further suboptimal classification models for
crop mapping.

1.3
Research hypotheses

First, we want to analyze if combining deep learning and graphical mod-
els in an end-to-end fashion would increase the final classification performance.
Also, we want to explore the model behavior under different temporal con-
straints, one that directly learns the inter-class relationship from the data and
the other that incorporates prior knowledge about crop dynamics into the
learning process. Thus, the following research hypotheses are defined:

1. Including a CRF-based loss function into the learning process of a CNN
model could potentially improve the per-date classification.

2. Learning the transition scores conditioned to the training data could be
restrictive when different label sequences are observed on the test set.
Hence, adding the temporal constraint based on prior knowledge about
the possible and less probable crop transitions could improve model
generalization to unseen label sequences.

3. Implementing temporal constraints for less probable classes could poten-
tially lead to more efficient models that use prior knowledge support for
less obvious information from the training data.

4. Combining losses for full sequence and individual dates could improve
per-date classification compared to models trained solely with one of
them.
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1.4
Objectives

General Objective The general objective of this work is to propose an end-
to-end convolutional neural network that incorporates prior knowledge about
local crop temporal dynamics for more efficient crop recognition models in
tropical regions using sequences of SAR images.

Specific Objectives In pursuit of the general objective and the research
hypotheses, the specific objectives are:

1. Propose a solution for embedding prior knowledge about local crop
dynamics in an end-to-end CNN training schema using conditional
random fields.

2. Exploit both spatial and temporal contexts using a hybrid end-to-end
deep learning model based on CNN and CRF.

3. Evaluate the model capabilities and limitations for learning complex crop
dynamics in tropical areas from learning data.

4. Evaluate the benefits of adding temporal constraints based on explicit
prior knowledge for improving model generalization.

5. Evaluate the impact of combining full sequence and per-date losses to
improve the performance of the final per-date classification model.

1.5
Contributions

The main contributions of this work are the following:

1. A novel end-to-end hybrid method based on CNN and CRF for crop
mapping in tropical regions from sequences of remote sensing images.

2. A model setup that enables learning a transition matrix with explicit
crop dynamics knowledge directly from the training data.

3. A model setup that enables embedding explicit prior knowledge about
crop dynamics for improving crop classification models’ performance.
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1.6
Organization of the remaining parts

The thesis is structured in six chapters. Chapter 2 introduces the reader
to basic concepts of SAR imagery and a literature review of crop mapping
using graphical models and deep learning methods. Chapter 3 provides the
fundamental concepts and theory for to better understand the proposed hy-
brid method. Chapter 4 introduces and explains the proposed hybrid method
for crop recognition based on convolutional neural networks and conditional
random fields trained end-to-end. Chapter 5 presents the datasets employed in
this work, the experimental protocol, and the results obtained with the pro-
posed hybrid model. Finally, Chapter 6 summarizes the conclusions derived
from the performed experiments and provides directions for further develop-
ment of the proposed method.
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2
Crop Mapping from Remote Sensing data

This chapter provides an overview of crop mapping from remote sensing
data, including relevant works based on graphical models and deep learning.
In addition, a brief introduction to synthetic aperture radar (SAR) and its
principles is given.

2.1
Synthetic Aperture Radar

Synthetic aperture radar (SAR) has been widely used for Earth remote
sensing for more than 30 years. It provides high-resolution images indepen-
dent from daylight [58, 59]. As an active RS system, SAR systems transmit
radio waves and register the echoes (backscatter) reflected by Earth’s surface
objects, penetrating vegetation canopy and dry soil. Moreover, the characteris-
tic wavelength ranges of SAR imaging systems enable the transmitted signals
to penetrate clouds, making such systems almost insensitive to adverse atmo-
spheric conditions [60], and thus highly reliable in terms of data provisioning
[61].

Principles of SAR: SAR systems have a side-looking imaging geometry
and are based on a pulsed radar (see Figure 2.1). The system transmits
electromagnetic pulses and receives the echoes of the backscattered signal,
where its amplitude and phase depend on the image’s physical and electrical
properties. The system stores the backscatter information corresponding to
the cell area on the ground scene. The resulting radar imagery is built up
from the strength and time delay of the returned signal. SAR systems use the
movement of the radar in orbit to synthesize a virtual long antenna from the
short physical antenna in the direction of flight.

The radar signals are either transmitted with the electric field plane
parallel (horizontal polarization) or perpendicular (vertical polarization) to
the Earth’s surface. In this way, the antenna can transmit and receive in either
horizontal (H) or vertical (V) single polarization (HH or VV, where the first
letter indicates transmit and the second receive) or cross-polarization (HV or
VH) [58].
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Figure 2.1: Components of a Synthetic Aperture Radar (SAR) system. Source
[1].

The images are recorded parallel to the sensor motion (azimuth) and
orthogonal to its motion (range) using a side-looking geometry with an oblique
angle θl and an incidence angle θi (see Figure 2.1). The swath width gives the
ground-range resolution (ρr) of the radar scene that depends on the radar pulse
duration τ ; and the antenna size provides the azimuth resolution (ρa) L [62].
Both resolutions are computed as follows:

ρr = cτ

2 sin θi
, ρa = L

2 , (2-1)

where c is the speed of light.
These resolutions compose the so-called resolution cell, which is the

minimum possible distance between two objects to be distinguished and
determines the quality of ground maps generated by the SAR system. The
backscatter measured from a target area in SAR is usually normalized per unit
geometric cell area known as normalized backscatter coefficient σ0 as shown in
the following equation:

σ0 = Pr
(4π)3 ∗R3

A ∗ Pt ∗G2 ∗ λ2 . (2-2)

where Pr and Pt refer to the received and transmitted energy, respectively, G
is the antenna gain, λ is the wavelength, R corresponds to the range from the
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antenna to the target and A is the area over which the measurement is made.

SAR images for crop analysis: The backscatter intensities recorded by SAR
systems are a function of the size, shape, orientation, and dielectric constant
of the scatters [63]. In crop analysis studies, backscatter intensities would
therefore differ depending on the particular characteristics of the crop com-
ponents (leaves, stalks, seeds, etc.) and soil moisture content. Crops with dif-
ferent intrinsic structures can therefore be distinguished up to some point,
based on their backscatter intensities [64]. The development of multipolarized
acquisition modes in many available systems further increases the discrimina-
tive capacity of SAR data [65]. VV polarized signals interact more with crop
structure while HH polarization penetrates crops and captures underlying soil
roughness and moisture content [66–68]. Usually VV–VH is the preferred dual-
polarization for crop classification. Figure 2.2 presents an example of a SAR
image with this type of polarization from an agricultural region in Campo
Verde, Mato Grosso, Brazil. The image was acquired by Sentinel-1A C-Band
SAR, with a spatial resolution of 10 m.

VH band VV band

Figure 2.2: Image of Campo Verde agricultural region in Mato Grosso munic-
ipality, Brazil. Image acquired with Sentinel-1A C-Band SAR, 10 m spatial
resolution, VH and VV bands dual-polarized.

In this work, however, no prior knowledge about the particular charac-
teristics of the SAR image data nor the particular interactions of radar waves
with different crop types were used in the definition of the investigated deep
learning classification methods, as they are supposed to automatically learn
features to be used in the crop classification task.
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2.2
Spatio-temporal crop dynamics

Remote sensing satellites enable the acquisition of large-scale images ca-
pable of capturing spectral, spatial, and temporal phenomena in agricultural
regions. However, crop type classification is challenging due to the significant
changes that crops experience during the growing season, both spatially and
temporally. Crop type mapping requires insights into the phenological states,
seasonal growth, local agricultural practices, and weather conditions. An im-
portant issue is related to the fact that the spectral appearance of crops changes
over time. For example, different crops may be in the same phenological state,
presenting similar spectra, but as the growing season progress, they may differ
significantly [37]. Considering specifically SAR data, crops in the same pheno-
logical stage present similar SAR backscatter. Consequently, multi-temporal
analysis is crucial for crop discrimination, especially in regions characterized
by complex and diverse crop dynamics.

Crop rotations, which is a specific sequence of crops in successive periods
that can last months to years, is a common practice used by farmers to improve
soil conditions and boost system productivity while reducing the demand for
fertilizers and pesticides [69, 70]. When applied regularly, this agricultural
practice delivers specific temporal patterns that allow predicting the crop type
in a given field at a particular time if the previous crop sequence is known.

In temperate regions, the crop dynamics are comparatively simple be-
cause there is usually just a single crop per parcel during the whole season, and
crop rotations generally occur between successive years. On the other hand,
crop dynamics in tropical areas are more complex due to multiple agricul-
tural practices such as irrigation, non-tillage, double cropping systems, crop-
livestock rotation, and multiple harvests per year [4, 53]. Crop rotation is
common practice in agricultural systems in tropical and subtropical regions.
Figure 2.3 presents an example of double cropping with crop rotation maize
followed by soybean in São Paulo state, Brazil [2]. More complex crop rota-
tions, for example, triple cropping system, can also be observed for some of
the regions [2]. In addition, for specific crop types there is period of sanitary
break which consists of 2–3 month period where the crops are absent from
the fields in order to prevent rust infection [71]. These agricultural practices
make crop type classification from remote sensing data in tropical regions more
challenging than in temperate areas.
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Figure 2.3: Photographs from field campaign and satellite data of an area
cultivated with crop rotation of maize followed by soybean. Source [2].

2.3
Graphical Models for crop type mapping

As the spectral appearance representing the same area changes over time,
the temporal context is the relationship of an image site (pixel or segment)
with respect to different acquisition times. Therefore, incorporating temporal
context in the classification model allows for significant improvements in the
classification of crops and vegetation [16]. Probabilistic graphical models have
been successfully used in the past decade for crop type classification due to their
ability to exploit spatio-temporal context from remote sensing images. Early
works employed hidden Markov models (HMMs) [72] to learn spectral response
variations in time among crop phenology stages [37, 73]. However, HMM
lacks a proper way of modeling the spatial context and therefore represents a
drawback when used for crop type classification. In contrast, Markov random
fields (MRFs) and conditional random fields (CRFs) can explicitly model
the spatio-temporal context. In [69] a Markov logic of crop rotations model
was proposed for early crop mapping based on machine learning applied to
historical data. The framework enables both learning from data and integrating
expert knowledge. Hagensieker et al. [74] introduced a spatio-temporal MRF to
discriminate among burnt pasture, clean pasture, shrubby pasture, water, and
forest. In their formulation, the association potential is delivered by an import
vector machines (IVM) classifier, a Potts model gives the spatial interaction
potential, and temporal potential is represented by transition matrices from
expert knowledge, respectively. In [40], the authors proposed CRFmulti, a
multi-temporal CRF that integrates spatial and temporal context for crop
type classification from optical images. This study modeled the temporal
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context using a global transition matrix learned from training data. In [39],
the authors employed expert-based phenology knowledge in a higher-order
dynamic CRF for crop type mapping in a temperate region. A straightforward
example of expert knowledge that can be integrated into the learning process
on a graphical model is the possible rotations (i.e., transition matrices) of the
crops in a particular agricultural region. The definition of these site-specific
transition matrices must reflect the agricultural landscape and the type of
crop rotations, requiring an understanding of the internal dynamics of crops.
Castellazzi et al. [41] use Markov chains with transition probabilities set by
experts. In [38], a spatio-temporal CRF model was proposed for crop mapping
in tropical regions. Here the association potential was given by a random forest
classifier, the spatial interaction by a Potts model, and the temporal interaction
potential by a transition matrix based on expert knowledge.

2.4
Deep Learning for crop type mapping

Current state-of-the-art performance in crop type mapping from RS
image has been achieved with DL-based techniques [5, 42–47]. Such models
can be roughly grouped into two categories: convolutional neural networks
(CNN) that explore the spatial context and recurrent neural networks (RNN)
and Selfattention (transformers) to model multi-temporal data sequences. One
of the first works that employed DL to discriminate among different crop types
from RS images was presented in [44]. Here the authors proposed a 1D and
2D CNN architectures to exploit spectral and spatial features, respectively.
The authors integrated spatial and temporal contexts in a supervised way
and concluded that an ensemble of 1D and 2D CNNs outperformed the
Random Forest (RF) classifier to discriminate among wheat, maize, soybeans,
sugar beet, and sunflower. In [50], the authors also used AEs and CNNs for
crop recognition in multi-temporal SAR image sequences, obtaining results
that outperformed the RF classifier. [75] combines CNN and LSTM for crop
mapping in Brazil using multi-temporal image sequences from Sentinel-1. In
[76], the authors explore the performances of 1D CNNs, and to types of RNN
(LSTM and GRU) for early crop classification from Sentinel-1A imagery and
reported the best Kappa coefficient (0.942) for the 1D CNNs classifier. In
[77], the authors compared five deep learning models and found that 1D
CNN, LSTM-CNN, and GRU-CNN achieved high accuracy (above 85%) in
classifying crop types in China from Sentinel-2 time series images. Attention-
based models such as AtLSTM, AtBiLSTM, and Transformer have also been
employed with success for crop type mapping from multi-spectral, and multi-
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temporal RS imagery [78, 79]. A recent study employed a 2D CNN for crop
classification from stacked Landsat-8 images in a tropical region from Brazil
[80]. A dual attention convolutional neural network was also proposed for
crop classification using time-series Sentinel-2 imagery, achieving a Kappa
coefficient of 0.98 outperforming other state-of-the-art classification methods,
including RF, XGBOOST, R-CNN, 2D-CNN, and 3D-CNN [81]. Considering
3D CNN, some studies have utilized 3D convolutions for learning spatio-
temporal features [82]. Unlike the aforementioned 2D CNN architecture, where
temporal information is exploited by stacking the multi-temporal data, the
3D CNN architecture uses 3D kernels to perform 3D convolution operations
that can extract spatial and spectral/temporal features simultaneously. In [82],
the authors proposed a 3D CNN-based method to classify crops from multi-
temporal RS images automatically. The study concluded that 3D CNN is
especially suitable for characterizing crop growth dynamics and outperformed
the 2D CNN method.

In the aforementioned DL-based approaches, however, the trained net-
work computes a descriptor for either a pixel or a given image patch/parcel and
predicts a single label for the entire patch; this label is then assumed to be the
label of the patch’s central pixel. During the test phase, the map is constructed
by predicting each patch associated with each image position. However, this
approach can be highly inefficient for large-scale images. Additionally, such an
approach is inappropriate for pixel-wise semantic labeling tasks, as it assigns
a label to a patch independently of the surrounding labels. This patch-level
classification often leads to a salt-and-pepper-like result and limits the power
of the network to learn intra- and inter-class spatial relations.

More efficient approaches jointly predict all labels in an image patch
instead of a single label for the central pixel. In this scenario, the so-called
fully convolutional network (FCNs) came into play. FCNs [83] were specifically
proposed for semantic labeling; those networks employ an upsampling strategy
at the second half set of layers of a CNN to recover the original input image
size and perform dense predictions. The network performs end-to-end learning,
downsampling the input space (typically by successive convolution, activation,
and pooling layers) and then upsampling (deconvolution) it again to predict
dense output labels for an arbitrary size input. In FCNs, learning and inference
are performed for the whole image at once to get a probability map of semantic
labels without loss in terms of spatial resolution. Since every label is learned
in association with its neighbors, the method can be seen as a structured one.
Such networks have delivered impressive performances in RS applications, as
reported in [84, 85]. In [86], a FCN-based approach was compared with a
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CNN-based approach for crop classification in SAR images. The study reports
similar thematic and spatial accuracy results for both approaches. In terms of
computational cost, however, the inference time of the FCN-based approach
was more than one hundred times shorter than that of the CNN approach.
In [45], a fully convolutional LSTM (ConvLSTM) was proposed to exploit
spatial and temporal information for multi-temporal crop recognition from
Sentinel-2 image sequences. Recent studies have employed different versions of
FCN such as DenseFCN, UNet, and DeepLabv3+ for crop type classification
using multi-temporal SAR images sequence [53, 87, 88]. Although a good
performance is reported, these approaches were carried out in a temperate
region, where a single crop type occurs in the agricultural year, or requires
training an independent FCN for each date/time period for its application in
tropical regions where crop dynamics is considerately more complex.

3D FCN approach can successfully combine temporal and spatial context
by replacing all the 2D convolutional with 3D convolutions as the building
blocks of the FCN, allowing its use to deliver a multi-temporal labeled image
sequence. In this context, in [89], a 3D-UNet was implemented for crop type
mapping in Africa using SAR and optical time-series images to deliver a
classification map for the agricultural year. A 3d FCN was proposed in [90] to
discriminate between soybean and corn, obtaining a Kappa coefficient of 91.8%.
Recently, [52] proposed a 3D UNet that employs atrous temporal pyramid
pooling (ATPP) [91] for multi-date crop type semantic segmentation in a
tropical region, outperforming a U-Net with bidirectional ConvLSTM.

The studies mentioned above depend on a large number of densely
annotated training samples (i.e., all pixel labels within the input image are
known) to deliver an accurate semantic segmentation map, which may restrict
their application for large-scale image classification. In the last few years,
some alternatives arose to train FCNs with weak supervision, enabling low-
cost annotations using points, scribbles, and polygons [92–95]. In [95], the
authors proposed to train a FCN from scribbles using a partial cross-entropy
(pCE) loss. The proposed loss only back-propagates gradients for the scribble
annotated pixels, emerging as an effective approach to deal with low-cost
annotations. Considering crop type classification, [88] employed the same loss
function to train a 2D FCN for single-date classifications using the stacked
multi-temporal sequence of Sentinel-1 images.
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2.5
Deep Learning and Graphical Models

Several efforts have been made in the literature to combine graphical
models and deep learning. For example, in [53], the authors used a dense
FCN for multi-date crop recognition upon a SAR multi-temporal image se-
quence in a tropical region. They trained separate models for each desired
output date and then applied a post-processing algorithm based on a HMM,
the so-called most-likely class sequence (MLCS), that enforces prior knowledge
about crop occurrence over time in the target region. Martinez et al. [5] pro-
posed a more computationally efficient approach that employs a bidirectional
convolutional RNN that considers the spatio-temporal context and delivers a
prediction for each date of interest. The authors also applied the MLCS algo-
rithm that further improved the per-date accuracy. Recently, [54] proposed a
spatial-temporal HMM for land cover classification that employs a stacked AE
that delivers the class probability input to the HMM model. Despite achieving
competitive performance, these works have the drawback of decoupling the
classifier training from the graphical model. Commonly, these CNN classifiers
are trained using the per-date categorical cross-entropy loss function. There-
fore, the classification at each time-step is conditionally independent of the
class on the neighbors’ dates.
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3
Theoretical foundations

This chapter presents the theoretical foundations for understanding
the frameworks proposed in Chapter 4. First, general concepts of graphical
models are explained. Then, the fundamentals of linear-chain Conditional
Random Fields (CRFs) are carefully detailed. Finally, some concepts related to
Convolutional Neural Networks (CNNs) are described, with the main focus on
temporal convolutions. For further details, the reader is referred to the papers
cited in the following sections.

3.1
Graphical Models

Graphical models are commonly used to encode a joint or conditional
probability distribution between a target random variable we wish to predict
and some input random variables that we assume are observed [3, 96]. In
this sense, a graphical model represents a family of probability distributions
that satisfy all conditional independences encoded in a graphical structure.
Graphical models represent the distribution over all random variables by a
product of local functions, each depending on a subset of a small number of
variables. There are two well-known graphical models, the directed graphical
models (also known as Bayesian networks) that express causality among
variables, and the undirected graphical models (also known as Markov random
fields (MRF)), that express interaction between variables [97]. A graph is
composed of nodes connected by links, where each node represents a group
of random variables, and each link expresses the probabilistic relationships
among them [97]. In a Bayesian network, the links have a directionality; in
Markov random fields, the links are undirected.

Bayesian networks: A Bayesian network is based on a directed graph G =
(V,E), in which the vertices V denote the set of random variables x and E

the edges that determine the conditional dependence among them. This graph
describes the probability distribution over a set x = {xi} of random variables
as a joint distribution in the factorized form

p(x) =
∏
i

p(xi|pai) (3-1)
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where pai is the set of parents of node xi in G. Here, each node is conditionally
independent of all its non-descendants in the graph given the values of
all its parents [98, 99]. Therefore this graph is defined by the product of
conditional distributions and is always correctly normalized [97]. This is a type
of generative model that captures the causal process by which the observed
data was generated [3, 97].

Markov random fields: A Markov random field is an undirected graph
G = (V, F,E) in which V denotes the random variables, F denotes the factors
(also called potential functions), and E the edges. This graph expresses the
joint distribution p(x) as a product of feature functions over the maximal
cliques of the graph1 with the following factorization:

p(x) = 1
Z

∏
c∈C

ψc(xc) (3-2)

where C denotes the set of all maximal cliques, ψc is the potential function,
and Z is the partition function (a normalization constant) given by Z =∑

x
∏
c∈C ψc(xc) that ensures the distribution sums to 1. This normalization

constant involves an increase in the computational cost that is exponential to
the model’s size. Generally, because each potential function is strictly positive,
is often represented as exponential:

ψc(xc) = exp{−E(xc)}, (3-3)

where E(xc) is the energy function. In contrast to a directed graph, these
potentials are not restricted to a probabilistic interpretation, which gives more
flexibility to the model.

Application for classification: For a classification problem, we want to
construct a model that predicts a label y given an input feature vector
x = {xi}, assuming that once the label is known all features are independent
[3]. The naive Bayes classifier for this problem takes the form:

p(y,x) = p(y)p(x|y) = p(y)
∏
i

p(xi|y) (3-4)

where p(xi|y) is the likelihood of observation xi for label y. This model is
illustrated by the directed graphical model in Figure 3.1 (top left).

In an undirected graphical model, the posterior takes the form of a
conditional distribution that factorizes as follows:

p(y|x) = 1
Z(x)

∏
c∈C

ψc(xc, yc) (3-5)

1A clique is a set of fully connected nodes, a maximal clique is a clique such that it is
not possible to include any other nodes without ceasing to be a clique [97]
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where yc is the set of labels for clique c and Z(x) = ∑
y′
∏
c∈C ψc(xc, y

′
c) is the

partition function. This is a discriminative approach.
In the generative approach, we model p(x|y) and use it together with the

Bayes rule for classification. In contrast, in a discriminative approach, we model
p(y|x) directly, resulting in a simpler inference problem than modeling the joint
distribution. Generative models describe how the output y can generate the
input x, whereas discriminative models describe how to assign an output y to
a given input x [3].

A well-known classifier that can be represented by an undirected graph is
the logistic regression (LR). LR is a discriminative classifier since it is based
on a conditional distribution and in standard form

p(y|x) = 1
Z(x) exp

{∑
i

θifi(y,x)
}
, (3-6)

where Z(x) is the normalization constant, and θi and fi are the weights and
feature function. Figure 3.1 (bottom left) describes the graph for this classifier.
We introduce this notation since it is closely related to the usual notation for
conditional random fields.

Figure 3.1: Diagram of the relationship between naive Bayes, logistic regres-
sion, HMMs, and linear-chain CRFs. The circles are variable nodes, and the
black boxes are factor nodes. Adapted from [3].
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3.2
Hidden Markov Models

So far, we have described how to use graphical models for classification.
However, many real-world applications require structured predictions where
we want to predict a structure rather than a unique label. For example, a
sequence of labels where neighboring labels are dependent. By ignoring this
sequential nature, we can lose a lot of information. Here is when graphical
models play an essential role, modeling the variables’ dependencies in which
the output labels are arranged in a sequence. Time series analysis is one of the
applications that benefit the most from these models, including modeling crop
dynamics [36] which is the main application of this thesis.

To consider the sequential aspect, first, the independence assumption is
relaxed by considering that the output labels are arranged in a linear chain
[3] (also known as Markov model). A first-order Markov chain assumes that
each conditional distribution on the temporal axis depends only on the most
recent observation. Hence, the joint distribution for a sequence of observations
x = {xt}Tt=1 is given by

p(x1, ..., xT ) = p(x1)
T∏
t=2

p(xt|xt−1), (3-7)

and the conditional distribution for observation xt is given by:

p(xt|x1, ..., xt−1) = p(xt|xt−1). (3-8)

However, this formulation is still very restrictive, losing valuable infor-
mation from earlier observations. A solution could be extending the model to
a higher order, which implies high computational cost because the parame-
ters grow exponentially with the order. Here is when a hidden Markov model
(HMM) [72] comes to play.

A hidden Markov model (HMM) is a type of directed graphical model
that considers that a given process evolves through a sequence of hidden states
y = {yt}Tt=1 emitting the observable signals x = {xt}Tt=1 where each state still
holds the conditional independence property (yt |= yt−2)|yt−1, i.e. each state yt
depends only on its immediate predecessor. That way, there is always a path
connecting two observed variables xt and xm via the hidden states, which leads
to the independence assumption that each observation xt depends only on the
current state yt. With these assumptions, the join distribution in a HMMwrites
as

p(x1, ..., xT , y1, ..., yT ) = p(y1)
T∏
t=2

p(yt|yt−1)
T∏
t=1

p(xt|yt), (3-9)
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where p(xt|yt) is the likelihood of xt given the state yt (also know as emission
probabilities) and p(yt|yt−1) is the state transition score from time step t−1 to t
(transition probabilities), and p(y1) denotes the initial probability distribution
over sates. Without loss of generality, we can write the initial prior probability
p(y1) as p(y1|y0), and rewrite the HMM as:

p(x,y) =
T∏
t=1

p(yt|yt−1)p(xt|yt), (3-10)

Figure 3.1 (top right) describes the graph for the above formulation
HMMs. One shortcoming of a HMM is that being a generative model it
requires learning the conditional probability distributions p(xt|yt) while in a
sequence labeling task, we are interested in the conditional probability p(y|x).
Moreover, the HMM model only captures dependencies between each state and
its corresponding observation.

3.3
Linear-Chain Conditional Random Field

A linear-chain conditional random field (CRF) combines discriminative
and sequence modeling by considering a conditional distribution that follows
the joint distribution of a HMM [3]. In this sense, a linear-chain CRF is like
a HMM but with a set of factors (i.e., the feature functions) that are not
necessarily probability distributions.

Lets denote the input sequence of observations as x = {xt}Tt=1, the output
sequence as y = {yt}Tt=1 : y ∈ Y , where Y is the set of all generic label
sequences, and the set of possible labels as S. The CRF way of defining the
factors over this set of random variables is taking an exponential of a linear
combination of feature functions f with parameters θ = θ1 ∪ θ2:

p(y|x) = 1
Z(x)

T∏
t=1

exp{θ1fem(yt,xt)} exp{(θ2ftr(yt, yt−1)}

= 1
Z(x) exp

{
T∑
t=1

θ1fem(yt,xt) +
T∑
t=1

θ2ftr(yt, yt−1)
}
,

(3-11)

where fem and ftr are the feature functions to obtain the emission and
transition scores, respectively, θ1 and θ2 are the weights, and Z(x) is the
partition function that ensures the normalization between 0 and 1. Here, the
partition function is formulated as:

Z(x) =
∑
y′

exp
{

T∑
t=1

θ1fem(y′t,xt) +
T∑
t=1

θ2ftr(y
′

t, y
′

t−1)
}
. (3-12)

The feature functions fem and ftr are typically defined based on knowl-
edge about the application. In speech tagging task for example, a feature func-
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tion ftr(yt, yt−1) could take values of 1 if yt−1 is an adjective and yt is a noun;
and 0 otherwise. A positive weight θ2 for this feature means that adjectives
tend to be followed by nouns. In computer vision tasks, specifically in remote
sensing image analysis, the feature function frm could be defined as texture
features extracted from the GLCM matrix. Moreover, these feature functions
can also be learned automatically from the input data using deep learning
methods.

General definition: The CRF defined in Equation 3-11 is similar to the LR
classifier in Equation 3-6, and its factor graph is illustrated in Figure 3.1
(bottom right). Note that, as x is observed, we can condition on it and take
a slice of the emission factors, which leads to the standard definition of a
linear-chain CRF

p(y|x) = 1
Z(x) exp

{
T∑
t=1

θ1fem(yt,x, t) +
T∑
t=1

θ2ftr(yt, yt−1)
}
, (3-13)

where the partition function writes as

Z(x) =
∑
y′

exp
{

T∑
t=1

θ1fem(y′t,x, t) +
T∑
t=1

θ2ftr(y
′

t, y
′

t−1)
}

(3-14)

The first sum in the exponent of the conditional distribution p(y|x),
represents the score of assigning a particular yt at time-step t given the
input observation x, and the second sum represents the score that each yt

follows a particular state yt−1. In such a way, a linear-chain CRF permits rich,
overlapping features of the observed variable x, i.e., the feature functions fem
can depend on observations from any time-step [3]. Figure 3.2 illustrates the
graphical model for the above formulation.

Figure 3.2: Factor graph of a linear-chain CRFs where each feature take a slice
of the emission factors that is needed for computing features at time-step t.
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3.3.1
Training

Given the standard definition of a linear-chain CRFs in Equation 3-13, the
next step is to learn the feature weights θ = θ1∪θ2. One way to train the model
is by using the maximum likelihood. Since we are modeling the conditional
distribution p(y|x), an appropriate form to estimate the parameters is using
the log-likelihood [100]:

L(θ) = log p(y|x, θ)

= log
 1
Z(x) exp

{
T∑
t=1

θ1fem(yt,x, t) +
T∑
t=1

θ2ftr(yt, yt−1)
}

= log
 exp

{
T∑
t=1

θ1fem(yt,x, t) +
T∑
t=1

θ2ftr(yt, yt−1)
}+ log

 1
Z(x)


=
(

T∑
t=1

θ1fem(yt,x, t) +
T∑
t=1

θ2ftr(yt, yt−1)
)
− logZ(x).

(3-15)

Above, y is the known true label sequence of the training sample x. Given
a set of data samples A = {xi,yi}Ai=1, we can use gradient descent to optimize
the parameters [3]. The partial derivative of the first term can be interpreted
as the expected value of the features under the empirical distribution, and the
derivation of the second term is the expectation under the model distribution
[3, 100]:

∇θL(θ) = Ẽ(fem, ftr)− E(fem, ftr) (3-16)
This way, the model learns the parameters that predict the features that

are found in the same distribution as in the reference sequences, and when the
sequence likelihood is maximized, the gradient tends to zero.

Computing the partition function: An important remark is the computa-
tional cost of computing the partition function Z(x) that requires summing
over all possible target sequences. Note that, if computing naively, Equation
3-14 implies a time complexity of O(|S|T ). However, it can be computed more
efficiently using dynamic programming using belief propagation (BP) [72]. BP
is an inference algorithm that generalizes the forward-backward algorithm and
can be implemented using sum-product.

To compute Z(x) efficiently, we use the forward algorithm. For brevity,
we rewrite Z(x) using factors ψ(.) and apply the distributive law as follow:
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Z(x) =
∑
y′

(
T∏
t=1

ψem(y′t,x, t)ψtr(y
′

t, y
′

t−1)
)

=
∑
y
′
1

∑
y
′
2

· · ·
∑
y
′
T

ψem(y′1,x, 1)ψem(y′2,x, 2) · ··

· · · ψem(y′T ,x, T )ψtr(y
′

1, y
′

0)ψtr(y
′

2, y
′

1) · · · ψtr(y
′

T , y
′

T−1)

(3-17)

and rearranging the sums and taking each factor as far forward as possible

Z(x) =
∑
y
′
T

ψem(y′T ,x, T )ψtr(y
′

T , y
′

T−1)
∑
y
′
T−1

· · ·

· · ·
∑
y
′
2

ψem(y′2,x, 2)ψtr(y
′

2, y
′

1)
∑
y
′
1

ψem(y′1,x, 1)ψtr(y
′

1, y
′

0).
(3-18)

The above equation is a sum of products where each intermediate sum
is reused many times, and therefore we can store these values for future use.
This leads to defining a set of forward functions α’s that stores the intermediate
sums using the following recursion:

αt(y
′

t) =
∑
y
′
t

ψem(y′t,x, t)ψtr(y
′

t, y
′

t−1)αt−1(y′t−1), (3-19)

where t = {1, ..., T} are the time steps, αt(y
′
t) is a vector of size |S| where

each entry represents a sum over |S| of y′t−1, and α1(y′1) = ∑
y
′
1
ψem(y′1,x, 1) ·

ψtr(y
′
1, y

′
0). Finally, the partition function reads as

Z(x) =
∑
y
′
T

αT (y′T ), (3-20)

which gives a final time complexity of O(T |S|2), much lower than the naive
approach. The same principle can be applied to obtain the marginals for
the gradients, but this time the summation is in reverse order, defining the
backward functions β’s as:

βt(y
′

t) =
∑
y
′
t+1

ψem(y′t+1,x, t+ 1)ψtr(y
′

t+1, y
′

t)βt+1(y′t+1), (3-21)

where t = {T − 1, ..., 1} and βT (y′T ) = 1. Similarly to the forward pass, the
partition function can be computed as

Z(x) = β0(y′0) =
∑
y
′
1

ψem(y′1,x, 1)ψtr(y
′

1, y
′

0). (3-22)

The forward-backward algorithm is linear in the sequence length and
quadratic in the number of labels S; hence the time complexity is O(T |S|2).
The α functions are messages sent from the beginning of the chain to the
end, and the β functions are messages sent from the end to the beginning
[100]. By combining the forward and backward ways of computing the partition
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function it is possible to compute the expectation under the model distribution
E(fem, ftr) efficiently [101].

3.3.2
Inference

At inference time, the aim is to find the most likely label sequence ŷ given
an unseen input sequence x, i.e., the maximum scoring sequence according to
our model. For this we must solve the following equation:

ŷ = arg maxy∈Y p(y|x). (3-23)

Solving this equation will require computing the probability for all possible
sequences, which is computationally infeasible. Instead, we can use dynamic
programming again. The algorithm that solves the above formulation is the
Viterbi algorithm [72]. The Viterbi algorithm has the same time complexity
as BL, O(T |S|2). It also consists of a forward-pass, but instead of calculating
the sums, the algorithm takes the maximum. This yields the Viterbi recursion
[100]:

vt(y
′

t) = max
y
′
t

ψem(y′t,x, t)ψtr(y
′

t, y
′

t−1)vt−1(y′t−1), (3-24)

where v1(y′1) = maxy′1 ψem(y′1,x, 1)ψtr(y
′
1, y

′
t−0). At each time-step, we keep

track of the previous y′ that maximized the current recursion and store these
values as "back-pointers" to be used in the backward pass:

bt(y
′

t) = arg maxy′t ψem(y′t,x, t)ψtr(y
′

t, y
′

t−1)bt−1(y′t−1), (3-25)

where b1(y′1) = arg maxy′1 ψem(y′1,x, 1)ψtr(y
′
1, y

′
0). During backward, the Viterbi

algorithm decodes starting at the last position in the sequence by finding the
label which maximizes the score at the last time-step ŷ′T = arg maxy′T vT (y′T )
and follows the backpointers to get the best backward path

ŷ
′

t ← bt+1(ŷ′t+1) ∀t ∈ {T − 1, ..., 1}. (3-26)

Finally, ŷ = {ŷ′1, ŷ
′
2, ..., ŷ

′
T}. The conditional independence relations allow

for such efficient decoding without calculating the likelihood of all possible
sequences. Further details about this algorithm can be found in [102].

3.4
Convolutional neural networks

A convolutional neural network (CNN) [48, 49] is a neural network
capable of dealing with spatial context. In image analysis, CNNs are typically
employed for assigning a single class label to an entire image/scene. The CNN
forward pass involves the sequential processing of many layers, thus learning
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a hierarchy of feature representations. Its typical building blocks are linear
convolution operations followed by non-linear activation, spatial pooling, fully
connected layers, and a classification layer.

The main building block of a CNN model is the convolutional layer. A
convolutional layer consists of a set of trainable filters applied to local receptive
fields (i.e., the regions of the input space that are path-connected to the filter)
to extract (interesting) features.

3.4.1
2D convolutional layer

This type of layer consists of a set ofK ′ learnable three-dimensional filters
w ∈ RN×M×K (also called kernels), with N and M the size of the horizontal
and vertical spatial dimensions and K the depth dimension, respectively; that
maps a K dimensional input data to a new K ′ dimensional activation map.
The essential characteristic of the convolutional layer is that all input spatial
locations are subjected to the same filters. As each filter is applied by sliding
it over the input, the number of parameters to be learned is relatively small
compared to traditional neural networks. Given an input data x ∈ RH×W×K ,
where H and W are the height and width, respectively, and K is the input
channels; the 2D convolutional responses at the spatial coordinate i, j for the
k′-th filter is:

x
′

ij,k′ =
K−1∑
c=0

N−1∑
n=0

M−1∑
m=0

(wn,m,k ∗ xi+n,j+m,k + b), (3-27)

where b is a bias vector. The centers of the convolutional operation are selected
using a sliding windows technique with a user-selected stride (s) parameter.
Finally, the output feature map of the convolutional layer x′ has dimension
(H−N+2z

s
+ 1, W−M+2z

s
+ 1, K ′), where z is the zero padding in the spatial

dimension. Figure 3.3 (top) represents an example of 2D convolution where
the output preserves the same spatial resolution as the input. The small
square in the input indicates the spatial portion weighted by the kernels. Each
convolution generates one pixel in the output feature map indicated by the
colored tiny squares. One way to reduce the spatial dimension is to set the
stride larger than one.

3.4.2
3D convolutional layer

If we now consider a spatio-temporal input data x ∈ RD×H×W×K , where
D is the temporal dimension, we can follow the same principle to compute
features from both spatial and temporal dimensions using a 3D convolution
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Figure 3.3: Representation for 2D (top) and 3D (bottom) convolutions.

operation. Formally, given a set of K ′ four-dimensional filters w ∈ RL×N×M×K ,
with L the size of kernel in the temporal dimension, the activation map for
the spatial coordinate e, i, j for the k′-th filter becomes

x
′

eij,k′ =
L−1∑
l=0

K−1∑
k=0

N−1∑
n=0

M−1∑
m=0

(wl,n,m,k ∗ xe+l,i+n,j+m,k + b). (3-28)

This operation is applied to each spatial portion of the input data
x using a sliding window with a predefined stride for the spatial (s) and
temporal (t) dimensions. The output feature maps x′ takes the dimension
(D−L+2p

t
+ 1, H−N+2z

s
+ 1, W−M+2z

s
+ 1, K ′), where z and p are the zero padding

in the spatial and temporal dimensions, respectively. Figure 3.3 (bottom)
represents an example of 3D convolution, where the output preserves the same
spatial resolution as the input andD′ = D−L+2p

t
+1. For simplicity, we represent

the operation for one kernel; once all the K ′ kernels process the input data,
the output will be D′ features maps with dimension H ×W ×K ′.

DBD
PUC-Rio - Certificação Digital Nº 1812678/CA



Chapter 3. Theoretical foundations 40

3.4.3
Others processing layers

A batch normalization (BN) layer and a non-linear activation function are
commonly applied after a convolutional layer. BN [103] forces the set of features
throughout a network to have zero mean and unit variance for each training
mini-batch. The non-linear activation functions are applied to introduce non-
linearity to the process. The most common activation functions are: sigmoid,
tanh, ReLU and Leaky ReLU. The pooling layer is a downsampling layer. Its
objective is twofold: to provide some shift-invariance and to summarize spatial
information while preserving discrimination, both at a low computational cost.
It consists of mapping each non-overlapping subregion (typically 2 × 2) to
a single number, the maximum or the average within the group. A fully
connected layer is commonly used at the end of a CNN model and implies
that every neuron in the previous layer is connected to every neuron of the
next layer. In sequence comes the classification layer, which delivers scores
(class membership probabilities) that are usually determined by the softmax
activation function.

3.4.4
Fully Convolutional Networks

Semantic segmentation (or semantic labeling) is the process of classifying
each pixel in an image. Currently, state-of-the-art methods for semantic seg-
mentation in remote sensing images are based on FCN architecture [104, 105],
usually implementing land-cover usage applications. In FCN [83], typical CNN
fully connected layers are replaced by convolutional layers and upsampling
operations, avoiding redundant operations in overlapping image tiles and per-
forming structured predictions. These networks consist of an encoder stage that
extracts high- and low-level semantic features from convolutions, non-linear
activation functions, and downsampling layers; and a decoder stage that uses
convolutions, non-linear activation functions, and upsampling layers to produce
a target output with the spatial dimension of the input image. The network is
trained end-to-end by example without the need for user-specific knowledge.
The decoder module allows the exploration of multi-level context information
and learns shape and inter- and intra-class variability in the training images.
However, blurred boundaries and low spatial resolution that affect the discrim-
ination of object details are common problems [105]. Many strategies have
been proposed to tackle those issues, such as skip connections [106], atrous
convolutions [107] and pyramid scene parsing pooling [108]. The so-called skip
connections transfer local information by concatenating feature maps from
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Figure 3.4: Example of atrous convolutions with different atrous rates.

the downsampling path with feature maps from the upsampling path. These
connections combine context/semantic information with spatial/appearance
information.

The DeepLabv3+ architecture [109], which is considered state-of-the-
art for this task, is based on atrous convolutions and pyramid scene parsing
pooling. In [109], the authors employed the Atrous Spatial Pyramid Pooling
(ASPP) module [107], which consists of parallel atrous convolutions operations.
The atrous convolution’s fundamental characteristic is the filters with r − 1
rows/columns of zeros separating neighboring learnable weights, as shown
in Figure 3.4, when r is the atrous rate that determines the minimum
distance between two learnable filter weights. With x as the input, the atrous
convolution is defined as:

y[i] =
K∑
k=1

x[i+ r ∗ k]w[x] (3-29)

where y[i] is the output feature map at pixel i, w is the convolutional filter and
r is the atrous rate. Notice that when r = 1, atrous convolution is equivalent
to the standard convolution. This convolution allows a larger receptive field
without increasing the number of parameters or loss in spatial resolution.
Performing these operations in parallel permits capturing context at multiple
scales.

Figure 3.5: A regular block (left) and a residual block (right).

Moreover, residual connections (ResNet) enable training deeper networks
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bypassing the vanishing gradients problem [110]. ResNet networks [110] learn
not an underlying mapping function H(x) (Figure 3.5 (left)) but a residual
function H(x)− x that is expected to be more discriminant. In its final form,
the residual block learns a function H(x) = F (x) + x (Figure 3.5 (right)),
and uses a shortcut connection that handles the gradient vanishing problem
without adding any extra parameter to the network.
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4
Proposed hybrid model for crop type mapping

This chapter presents the methodology for making dynamic decisions
for multi-date crop recognition using linear-chain CRF and temporal CNN,
called CNN-CRF hereafter. In this study, we propose several CNN-CRF model
variants depending on how the temporal dynamic is modeled. The variants
can be roughly grouped into two training schemes: data-driven and prior
knowledge. For the data-driven variants, we train the framework to learn
the transition scores directly from the training data. For the prior knowledge
variants, we impose temporal constraints based on expert knowledge about
transitions between crops that may or may not occur. We propose these two
training schemes to assess the methodology under two real-life situations.
The first one considers a scenario when we only have the training data
and no information about the crop dynamics in the region is known; the
second assumes a scenario when prior knowledge about the less probable crop
transitions is available. Finally, we also propose a last training setting that
trains the schemes mentioned above in a multi-loss fashion; for this, we employ
the CRF-based loss and a per-date cross-entropy loss. In this sense, we extend
the studies in [5, 53] and propose a hybrid end-to-end framework. We also
implement a partial loss function that allows training the network with scarcely
annotated training sets.

Each variant and the baseline model are resumed in Table 4.1. We
describe the general framework and give more details about each one of the
variants in the following sections.

4.1
General Framework

The proposed end-to-end framework named CNN-CRF is presented in
Figure 4.1 and consists of three modules: a convolutional neural network
(CNN), a linear-chain CRF, and a Viterbi algorithm that delivers the final
sequence for each pixel at inference time. The CNN module can be any
CNN capable of modeling spatial and temporal context, such as 3D CNN,
3D FCN, or LSTM-CNN networks that have been used with success for crop
mapping from multi-temporal remote sensing images [5, 111]. In a recent study,
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Table 4.1: Variants of the CNN-CRF framework and baseline models.

Schema Model name Characteristic

no
n-
hy

br
id Baseline1 CNN per-date cross-entropy loss

no label dependency

Baseline2 CNN-Vit post-processing with Viterbi algorithm
consider label dependency

hy
br
id

Schema 1 CNN-CRFL
learning transitions

data-driven consider label dependency

CNN-CRFF
fix possible and impossible transitions

Schema 2 consider label dependency

prior-knowledge CNN-CRFP
fix only impossible transitions
consider label dependency

Schema 3: MCNN-CRF(.)
schema 1 and schema 2 models

multi-loss train with crf and cross-entropy losses

Rogozinski et al. [52] reported superior performance of 3D FCN over LSTM-
FCN for crop type classification from multi-temporal SAR image sequences in
tropical regions. For this reason, we limit our study to a 3D FCN as the CNN
module.

The framework takes as inputs a multi-temporal remote sensing image
sequence x ∈ RT×H×W×K where each image at each time-step covers the same
region and delivers a multi-temporal label image sequence y ∈ RT×H×W . Here,
H and W represent the height and width, respectively; and T and K are the
length of the sequence and the number of bands, respectively.

Deep learning models can deliver the emission scores directly from the
input data. In this study, the image sequence is fed to the CNN module that
learns spatio-temporal features and for each pixel produces a score for each
label at each time step. We denote the output of the CNN at each time-step as
U(x,yt, t) ∈ RT×H×W×S, where S is the number of classes and yt is the labels
at time-step t. These are the emission scores (also regarded as unary scores)
that serve as input to the CRF module. Basically, it is related to the posterior
probability of the input sequence at time-step t.

The transition scores are part of the CRF module and are contained in
a transition matrix Tr with size (T − 1 × |S| × |S|), where each Trt is the
transition score matrix considering the two adjacent epochs t− 1 and t; and S
is the number of classes. For each Trt, elements in row i and column j relates
to the probability of the input sequence being the i-th crop type at time-step
t, considering the j-th crop type in the previous time-step t − 1. Considering
this, the proposed CRF module can be formulated as

DBD
PUC-Rio - Certificação Digital Nº 1812678/CA



Chapter 4. Proposed hybrid model for crop type mapping 45

x ∈ RT×H×W×K

T

2
1

p(y|x)

Training

U(x,y1, 1)

U(x,y3, 3)

U(x,yT , T )

C
R

F
m

od
ul

e
te

m
po

ra
lc

on
st

ra
in

ts
T

r

maize

maize

soil

U(x,y2, 2)

U(x,y1, 1)

U(x,y3, 3)

U(x,yT , T )

C
R

F
m

od
ul

e:
V

it
er

bi
de

co
di

ng
us

in
g

T
r

U(x,y2, 2)
maize

Sp
at

io
-T

em
po

ra
lC

N
N

x ∈ RT×H×W×K

T

2
1

Inference

Sp
at

io
-T

em
po

ra
lC

N
N

Lcrf =
∑

j∈Ωi
log p(yj |xj)

y ∈ RT×H×W

T

2
1

Figure 4.1: General framework of the proposed CNN-CRF method. The
network is trained end-to-end using the CRF loss function. At inference, a
Viterbi algorithm is applied to find the most likely sequence using the emission
and transition scores.

p(y|x) = 1
Z(x) exp

{
T∑
t=1

U(x, yt, t) +
T∑
t=1

Tr[t, yt, yt−1]
}
, (4-1)

where the partition function reads as

Z(x) =
∑
y′

exp
{

T∑
t=1

U(x, y′t, t) +
T∑
t=1

Tr[t, y′t, y
′

t−1]
}
. (4-2)

Both the CNN and CRF modules are trained end-to-end by minimizing
the negative log-likelihood (NLL), which is equivalent to maximizing the log-
likelihood of our data. Given a set of training samples pair A = {xi,yi}Ai=1 :
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y ∈ Y , where Y is the set of all label sequences, the NLL loss function reads
as:

Lcrf = −
A∑
i=1

∑
j∈Ωi

log p(yij|xij)

=
A∑
i=1

∑
j∈Ωi

logZ(xij)

−
A∑
i=1

∑
j∈Ωi

(
T∑
t=1

U(xij, yijt , t) +
T∑
t=1

Tr[t, yijt , yijt−1]
)
.

(4-3)

Here Ωi, with |Ωi| = WH, is the set of labeled pixels for training image
sample i. At inference we employ the Viterbi decoding to obtain the most
likely sequence ŷ = arg maxy∈Y p(y|x) for each pixel within the input image.
For this, we use the emission scores and the transition scores.

4.2
CNN-CRF variants

4.2.1
Data-driven transition scores

The end-to-end CNN-CRF model was first proposed for natural language
processing task [55, 56] and assumes that the transition matrix is shared over
time, i.e., a global matrix whose transitions scores are independent of the time-
step. Despite the success of similar models for sequence tagging in natural
language problems, learning a global transition matrix can be too restrictive
for crop phenology changes, principally in tropical regions. The disadvantage
of using a global matrix for crop type classification was reported in [112]. In
this sense, we propose a variant called CNN-CRFL, that learns a transition
matrix for each pair of adjacent epochs (considering a fixed period in the year)
conditioned to the observed transitions in the training set.

After training, given an unseen multi-temporal image sequence,
CNN-CRFL employs the Viterbi algorithm to obtain the most likely class
sequence. For this, the prediction of the CNN and the learned transition
matrices are used as emission and transition scores, respectively.

4.2.2
Adding prior knowledge

Training a data-driven model, such as the one mentioned above, will
require a large number of annotated samples that comprehend all possible
sequences for a given region. However, creating such datasets in tropical areas
with complex crop dynamics and different agricultural practices is unfeasible.
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The graphs in Figure 4.2 represent crop transitions observed in an
hypothetical target site with three classes, maize, soybean, and soil. The Figure
presents two transition graphs, one for the training samples (Figure 4.2a) and
one for the test samples (Figure 4.2c), considering epochs t and t + 1. In
tropical regions such as Brazil, before rotating from one crop to another, there
is a period of harvesting followed by sowing characterized by soil presence.
This restriction is expressed in the graphs by the lack of edges corresponding
to the transition maize → soybean and soybean → maize. Furthermore, the
absence of edges leading to maize in t + 1 indicates that maize should never
occurs at epoch t+1. Trained in such dataset, the CNN-CRFL model will learn
a transition matrix (Figure 4.2b) that represents these forbidden transitions
(indicated by the negative numbers). At the same time, however, the so-trained
model will misclassify any test sequence containing the transition soybean →
soil, as it did not occur in the training data.
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Figure 4.2: Example of learned transitions and prior knowledge models for two
adjacent acquisition dates. Transitions graph for training and test data ((a)
and (c)); (b) learned transition matrix; (d) transition matrix based on prior
knowledge.

Considering this, we propose a second schema to exploit prior knowledge
about crops’ transitions. In this sense, a human expert on local crop dynamics
informs the crops’ transitions that might or never occur for each pair of
consecutive epochs. In this approach, the model admits class transitions that
may occur even if not represented in the training set. The transition matrix
based on prior knowledge for the hypothetical target site is presented in Figure
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4.2d.

4.2.2.1
Fixing transitions

For the first training variant of the second schema, we use a constant
transition matrix that prevents those transitions that may not occur between
any pair of adjacent epochs. This constraint is represented by a constant
transition matrix Tr whose elements take value 0 for those transitions that
may occur and value −∞ for those transitions that may not happen. This
way, the model will admit solutions containing any possible class transitions
at test time, even if not represented in the training data, while preventing
solutions containing transitions that knowingly never occur.

See, for instance, how the prior knowledge can be considered by defin-
ing the transition matrix in the hypothetical example depicted in Figure 4.2d.
Note that this transition matrix is more flexible and respects the restrictions
observed in the target region, which permits the transition between soybean
→ soil presented in the test set (Figure 4.2c). As discussed before, in practice,
these transition matrices can be provided by human experts on crop dynamics
of the target sites. Beyond eliminating sequences inconsistent with the prior
knowledge, these constraints can potentially improve the per epoch classifica-
tion accuracy as reported in [5, 53].

Since Tr is now a fixed matrix, the NLL loss function computed gradi-
ents only with respect to the network’s parameters. We call this variant as
CNN-CRFF. Notice that, despite the predefined transition scores, CNN-CRFF
still models the global conditional distribution for the sequence. At inference
time, we again use the CNN prediction and the predefined transition matrix
as inputs to the Viterbi decoding stage.

4.2.2.2
Penalizing only the impossible transitions

In the CNN-CRFF model, however, we are not exploiting the true power
of a CRF model. In its formulation, the possible transitions all receive the
same score, 0.0, regardless of the crop type, limiting learning relevant crop
dependencies that may appear in the region. For this reason, we test an
approach that only penalizes the transitions that may not occur and let the
model learn the crop dependencies for those transitions that are possible. We
call this variant as CNN-CRFP. For this experiment, we start from a predefined
transition matrix that adds constraints to those transitions that may not
happen between any pair of adjacent epochs. Hence, we propose a training
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strategy that initializes the transition matrix with a known Tr matrix and lets
the network learn the possible transitions. We notice that if the impossible
transitions are low enough, i.e., −∞, the gradients for these transitions will be
zero and, therefore, will remain unchanged while the possible transitions will
be updated. We confirmed experimentally that such a simple strategy allows
the model to learn crops’ dependencies and maintain a value close to −∞ for
the transitions that may not occur. At inference time, we employ the network
prediction and the learned transition scores as inputs to the Viterbi algorithm.

4.2.3
Multi-loss learning

Datasets available to train sequence models are often small. This can
be even more challenging for agricultural applications since collecting samples
for crop mapping is particularly costly, time-consuming, and requires specific
domain expertise. However, there is a way to mitigate this problem by jointly
training the model to solve multiple tasks. In this sense, multi-loss learning
has been widely used for improving model generalization, including sequence
tagging problems [56]. When a CNN is trained to perform multiple tasks, the
complementary task introduces an inductive bias into the learning process
[113], which leads the model to learn features capable of explaining both tasks
and therefore generalize better.

Most of the time, in a multi-loss learning scheme, we are interested in one
of the tasks. In our case, we are training our model to maximize the sequence
labeling task; however, our main objective is to improve the per-date accuracy.
Therefore, training our approach to maximize only the sequence could lead
to low performance when analyzing the prediction for each independent date
since the crop types that maximize the sequence labeling do not necessarily
maximize the per-date classification.

For our multi-loss learning scheme, the loss function is defined as the
linear combination of two task-specific losses, one associated with the sequence
labeling (i.e., the CRF-based loss) and the other considering the per epoch
classification disregarding any dependency among the labels. As the second loss
function, we employ the per-date categorical cross-entropy. Then, the following
join function is applied as the objective function for our multi-loss sequence
model:
Ltot = −λLcrf − (1− λ)Lcross

= −
A∑
i=1

∑
j∈Ωi

(
λ log p(yj|xj) + (1− λ) 1

T

T∑
t=1

S∑
s=1

ȳjt,s log p(yjt,s|xj)
) (4-4)
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where Lcrf is the crf loss function (Equation 4-3), ȳjt is the one-hot vector
of the true labels for date t, and λ is a weight parameter that controls the
contribution of each loss function.

For the multi-loss setting we train the three above-mentioned variants
(CNN-CRFL,CNN-CRFF and CNN-CRFP ) using Ltot. We call the multi-loss
models as MCNN-CRF(.), where (.) refers to L, F , or P .

Semantic segmentation with non-dense annotation For training, an FCN
usually requires a large number of densely annotated ground-truth samples,
which is costly and time-consuming, especially for RS applications. To work
around this problem, we propose a modified loss function that enables training
with scarce data labeling. To this aim, we used the definition of partial loss
[94, 95]. Given a training sample i with partial annotation, the partial loss
function only back-propagates the losses from pixels j that belong to the
annotated set Ωi where |Ωi| 6= WH.

4.3
Baseline models

As baseline models, following [5, 53], we propose two settings. For the first
one, we train a CNN that delivers per epoch class scores; we called this model
as CNN hereafter. For the second setting, we apply the Viterbi algorithm
as a post-processing step over the predictions of the CNN model using the
predefined Tr matrix, denoted henceforth as CNN-Vit. Different from the
CNN-CRF variants, this CNN is trained using the categorical cross-entropy
loss function. This loss function first applies a softmax function over the
network’s output that produces a class probability distribution for each time
step and then computes the negative log-likelihood over this distribution. Note
that in such a way, the classification decision at each time step is conditionally
independent of its neighbors. The method can be derived from the general
framework in Figure 4.1 by dropping the CRF module. At inference time, we
use the class scores predicted by the network and the fixed transition matrices
as input to the Viterbi decoding module. This matrix is defined using prior
knowledge as in the CNN-CRFF model.

4.4
Accuracy Assessment

The performance of the evaluated methods was expressed in terms of
Overall Accuracy (OA) and F1 score (F1). Below is a brief description of these
metrics (more details can be found in [114]).
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The Confusion matrix records correctly and incorrectly recognized exam-
ples for each class. Table 4.2 presents the matrix in mathematical terms. The
true classes are noted Ci (1 ≤ i ≤ h), whereas the estimated classes defined
by the classifier, are noted Ĉj (1 ≤ j ≤ h).

Table 4.2: Mathematical example of confusion matrix.

C1 C2 ... Ch

Ĉ1 cm11 cm12 ... cm1h

Ĉ2 cm21 cm22 ... cm2h

... ... ... ... ...
Ĉh cmh1 cmh2 ... cmhh

The terms cmij (1 ≤ i, j ≤ h) denote the number of samples recognized
as class i in the classification map, when they actually belong to class j in the
reference data. Consequently, diagonal terms (i = j) correspond to correctly
classified samples and the off-diagonal (i 6= j) terms represent incorrectly
classified ones. The sums of the confusion matrix elements over row i and
column j are noted cmi+ and cm+j, respectively.

The Overall Accuracy (OA) represents the proportion of correctly clas-
sified samples with respect to reference data. Thus, OA is a global measure of
accuracy, so it depends on larger classes. This measure ranges from 0 (perfect
misclassification) to 1 (perfect classification) and can be stated as the trace of
the confusion matrix divided by the total number cm of classified instances:

OA =
∑h
i=1 cmii

cm
(4-5)

where cm is the total number of elements. The producer’s accuracy (PA) value
represents the probability that a certain class on the reference is correctly
classified. The PA for the class Cj can be computed by:

PACj
= cmjj

cm+j
. (4-6)

where cm+j is the the summation over all rows i for column j. The user’s
accuracy (UA) represents the probability that a pixel classified into a given
class actually represents that class on the reference. The UA for the class Ci
can be computed by:

UACi
= cmii

cmi+
. (4-7)

where cmi+ is the the summation over all columns j for row i. Finally, the
F1 score (F1) is the harmonic mean of UA and PA. F1 is usually more useful
than accuracy, especially if the class distribution is uneven. The F1 measure
for the class Ci can be computed by:
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F1Ci
= 2× PACi

× UACi

PACi
+ UACi

. (4-8)
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5
Experimental analysis

In this chapter, we describe the experiments to evaluate the multitempo-
ral crop classification frameworks introduced in Chapter 4. Section 5.1 presents
the datasets used in the experiments and the training-testing sample selection
strategy. Section 5.2 describes the implementation details. Finally, Section 5.3
discusses the results.

5.1
Datasets and study sites

The experiments relied upon two datasets characterized by complex crop
dynamics typical of a sub-tropical environment.

5.1.1
Campo Verde

A municipality from Brazil, Campo Verde in Mato Grosso state,
was selected to evaluate the proposed methods in tropical regions. Campo
Verde dataset is a public dataset available in IEEE DataPort at https:
//ieee-dataport.org/documents/campo-verde-database.

Figure 5.1: Campo Verde, Brazil ([4]).

https://ieee-dataport.org/documents/campo-verde-database
https://ieee-dataport.org/documents/campo-verde-database
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The study area is situated in the central west region of Brazil (15°32′48”S,
55°10′08”W) (see Figure 5.1). The average annual precipitation is 1726 mm and
the average annual temperature is 22.3°C. The major crops found in the area
are soybean, maize and cotton. Some minor crops also found the region are
beans and sorghum. In addition, there are non-commercial crops (NCC) that
includes three classes millet, brachiaria and crotalaria. Other non-crops classes
are also present in the dataset, such as pasture, eucalyptus, uncultivated soil
(e.g., bare soil, soil with weeds, soil with crop residues), turfgrass and cerrado
(Brazilian savanna). The site covers an extension of 4,800 km2 approximately
with an altitude of 736 m [4]. The dataset comprises a set of of 14 pre-processed
SAR Sentinel-1A images, and the reference data (ground truth) for a total of
513 fields (∼6 million pixels). The SAR images are dual polarized (VV & VH),
and were captured from October 2015 to July 2016 (see Table 5.1). To add
more temporal information at the beginning of the sequences we include the
images from October 4th that was downloaded and preprocessed using the same
pipeline employed for the other images in the dataset.

As described in [4], the images were acquired from the Sentinel Scientific
Data Hub, in Level-1 ground range detected (GRD), and pre-processed using
the Sentinel-1 Toolbox. First, a radiometric correction was performed, using
the calibration coefficients provided with the Sentinel Level-1 products. Then,
a range Doppler terrain correction was applied using a Shuttle Radar Topog-
raphy Mission (SRTM) digital elevation model (DEM). Next, the VV and VH
bands in linear scale were converted to dB. The bands were stacked to form
single images, which were then georeferenced to the UTM projection (Zone
21S) and WGS84 Datum, and resampled to 10 m spatial resolution.

Table 5.1: Sentinel-1 acquisition dates over Campo Verde region.

Year Month Date

2015
October 05, 29
November 10, 22
December 04, 16

2016

January 21
February 14
March 09, 21
May 08, 20
June 13
July 07, 21

The agricultural practices in the region consist of two seeding periods
for the major crops, soybeans span from October to February, and maize
and cotton from Mars to July. The phenological cycles of the main crops
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Figure 5.2: Class distribution in Campo Verde dataset ([4]).

can span 3 to 4 months (soybeans and maize) and 4 to 6 months (cotton).
Figure 5.3 shows the crop calendar for the major crops and illustrates how
complex the crop dynamics is in this region. Some crop rotations present in
the dataset are soybeans-maize, soybeans-cotton, soybeans-sorghum, soybeans-
pasture, soybeans-beans, beans-cotton and maize-cotton. Figure 5.2 shows how
the area is distributed among different crops along the months. The graph
shows that the cycle of the same crop, e.g., soybean or maize, does not start
in the same month in all fields and its duration can also vary from one field to
another. As mentioned before, such complex crops’ dynamics are characteristic
of tropical regions.

Figure 5.3: Crop calendar for major crops in Campo Verde.

The original reference data consists of 513 crop fields, but to produce

DBD
PUC-Rio - Certificação Digital Nº 1812678/CA



Chapter 5. Experimental analysis 56

training and validation sets with at least one field for each class, some fields
were split up, thus generating a total of 608 fields. To avoid that pixels from
the same field could fall in the training and testing sets, the selection was
performed at the crop field level. Two disjoint sets of fields were then selected,
one for training and the other for testing, using stratified random sampling.
Approximately 50% of the polygons of each class were selected for training and
50% for testing.

5.1.2
Luis Eduardo Magalhães

The second test site is in Luis Eduardo Magalhães (LEM) municipality,
Bahia state, Brazil, with an area of 3,940 km2 [115]. It is at a latitude of
12°05’31" south and longitude 45°48’18" west (see Figure 5.4). The average
temperature in the region is 24.2 °C and the average annual rainfall is 1511
mm. Similar to Campo Verde dataset, the class distribution in LEM dataset is
non uniform along the year, as shown in Figure 5.5. The main crop types are
soybean,maize, cotton andmillet. Some minor crops also found in the region are
beans, coffee and sorghum. Other land use classes are: pasture, eucalyptus, hay,
grass, uncultivated soil, and cerrado (Brazilian savanna). The LEM database
is freely accessible at http://www.dpi.inpe.br/agricultural-database/
lem/.

Figure 5.4: Luis Eduardo Magalhães (LEM), Brazil ([5]).

As described in [115], the Sentinel-1A images with VV and VH polariza-
tions were acquired from the Sentinel Scientific Data Hub in Interferometric
Wide Swath (IWS) mode (Ground Range Detected (GRD) Level 1 product)
and were pre-processed using the Sentinel-1 Toolbox 5.0. The pipeline consists

http://www.dpi.inpe.br/agricultural-database/lem/
http://www.dpi.inpe.br/agricultural-database/lem/
DBD
PUC-Rio - Certificação Digital Nº 1812678/CA



Chapter 5. Experimental analysis 57

Jun Jul Aug Sep Oct Nov Dec Jan Feb Mar Apr May Jun

Month

0

20

40

60

80

100

P
e
r
c
e
n

ta
g
e
 o

f 
sa

m
p

le
s 

p
e
r
 c

la
ss

Soybean Maize Cotton Coffee Beans Sorghum Millet

Eucalyptus Pasture/Grass Hay Cerrado Conversion Area Uncult. Soil Not Identified

P
er

ce
n

ta
g

e 
o

f 
sa

m
p

le
s 

p
er

 c
la

ss

Figure 5.5: Class distribution in LEM dataset ([5]).

of applying orbit file, radiometric calibration, terrain correction, and linear
transformation to dB. The SAR images are dual polarized (VV & VH), and
were captured from June 20157 to June 2018 (see Table 5.2).

Table 5.2: Sentinel-1 acquisition dates over LEM region.

Year Month Date

2017

June 12, 24
July 06, 30
August 11, 23
September 04, 16, 28
October 10
November 03, 15, 27
December 09, 21

2018

January 02, 14, 26
February 07, 19
March 03, 15, 27
April 08, 20
May 02, 14, 26
June 07, 19

The original reference data consists on 794 crop fields, obtained in two
field campaigns between 26-30th June 2017 and 14-19th March 2018, periods
corresponding to the second and first Brazilian crop harvests, respectively. To
produce training and testing sets with at least one field for each class, some
fields were split up, thus generating a total of 807 fields. To avoid that pixels
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from the same field could fall in the training and testing sets, the selection
was performed at the crop field level. Using stratified random sampling, two
disjoint sets of fields were then selected for training and the other for testing.
Approximately 75% of the polygons of each class were selected for training and
25% for testing.

5.2
Experimental Design

5.2.1
Experimental Protocol

All CNN-CRF variants take as input an image patch and compute
the class posterior probabilities for all pixels within the patch. Patches from
the original images were selected as primary input features. We trained and
validated our models using image tiles of size Nb × 128 × 128 × 2, where
Nb is the sequence of input images, 15 for Campo Verde, and 30 for the LEM
dataset. To extract the tiles, we used a random-crop strategy with the following
pipeline. Firstly, we used a regular grid to sample the tiles’ central coordinates,
setting a grid spacing to derive 95% of overlap between neighboring tiles
and create sufficient training samples. Secondly, we cropped square tiles of
Nb×128×128×2 from the orthoimage and the digitized polygons. Using this
strategy, we randomly cropped 50, 000 image tiles on the fly at each epoch for
both datasets, guaranteeing that at least 10% of each tile is annotated with a
reference field.

As reported in Figures 5.2 and 5.5, some crop types outnumber others by
a large margin in the number of annotated pixels. Class imbalanced datasets
significantly reduce deep learning models’ accuracy, creating a bias to learn
those features that best discriminate among the classes with the higher number
of samples. Thus, we proposed a strategy to ensure that all classes have
similar probabilities of appearing in a cropped tile by oversampling the under-
represented classes. We implemented an image tiles selection process that
produces multiple views (total or partial) of the same field, operating a data
augmentation process. It is worth pointing out that this strategy does not
ensure the same number of labeled pixels per class.

5.2.2
Fully convolutional architecture design

Figure 5.6 and Table 5.3 depict the CNN-CRF architecture design of
our approach. The network consists of an encoder that learns general low-
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level features and a decoder that recovers the spatial resolution and performs
classification. The network is trained end-to-end using the loss functions
described in the previous chapter.

Figure 5.6: 3D Fully convolutional Network architecture. It consists of a
ResNet-based encoder combined with a DeepLabv3+-based decoder that de-
livers the emission scores.

The encoder was designed based on the ResNet architecture [110]. Even
though residual blocks enable deeper architectures, we experimentally set up
a network called ResNet-7, composed of only seven convolutional operations
in 2 residual blocks (RB1 and RB2 in Figure 5.6). In an exploratory test,
we found that this shallow configuration provided a better trade-off between
computational cost and accuracy than standard versions of ResNet, including
ResNet-18 and ResNet-50. Each residual block is composed of 3D convolutional
layers (with spatial context of 3×3 or 1×1 according to the operation, see
Figure 5.6), 3D Batch Normalization operation, and ReLU activation function.
The spatial dimension was reduced by using convolution operations with stride
2. Unlike ResNet architecture, we used a first convolutional block (CB1)
that did not reduce the spatial dimension. The number of filters doubles
periodically at each residual block, and the spatial resolution of the output
feature maps is two times smaller than the input resolution. To recover the
spatial dimension, we feed the ResNet output feature map to a decoder based
on the DeepLabv3+ architecture [109]. Similar to [109], our ASPP module
consists of 5 parallel operations: an image pooling, a 1×1 convolution, and three
3×3 atrous convolution with r equal 3, 6 and 9, respectively. We concatenated
the five outputs and used two convolutional blocks (CB2 and CB3) consisting
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Table 5.3: Architecture of the CNN-CRF network.

Layer Processing
Input 2×Nb×128×128

CB1 62×Nb×128×128
RB1 64×Nb×64×64
RB2 128×Nb×32×32

ASPP (1-5) 64×Nb×32×32
Concat 320×Nb×32×32
CB2 64×Nb×32×32
Interp 64×Nb×64×64
CB3 64×Nb×64×64

Concat 128×Nb×64×64
CB4 64×Nb×64×64
Interp 64×Nb×128×128

SetTemp 64×T×128×128
Emission Conv S×T×128×128

Tr (T-1)×|S| × |S|

of a 3D convolution followed by a BN, a ReLU activation function, and a
bilinear upsampling to recover the input spatial resolution. We also use skip-
connections by concatenating the CB2 output with the corresponding encoder
low-level features (depicted in Figure 5.6 with the dotted black lines). All the
above-mentioned 3D convolutions consider a temporal context of 5 months,
and we employed temporal padding to preserve the temporal dimension.
Sometimes, as in our datasets, one can have several images per epoch/month;
however, we are interested in a unique prediction for each month. Hence we
implemented a convolutional processing layer (penultimate layer in Figure 5.6
and the SetTemp layer in Table 5.3) that maps the temporal dimension to the
desired length. Finally, a last convolutional layer with linear activation with
|S| kernels of size 1× 1× 1 delivers the emission scores for each class for each
month of interest.

The second term of the CRF model (second term in Equation 4-1) is
implemented by defining the transition matrix of size (T −1)×|S|× |S| (Tr in
Table 5.3), as discussed in Chapter 4. Depending on the variant, this matrix will
be either learned or considered a constant. Regarding the temporal dynamic,
the transition matrix for the CNN-CRFF and CNN-Vit models is derived from
the reference data (including both training and test data). We employed the
references data considering that it represents the crops’ dynamics for the target
region. Even though we employed the reference data in our experimental setup,
it is worth pointing out that in a real operational case, these matrices can be
given by an expert who provides the information about the transition that
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may or may not occur between adjacent months during the agricultural year.
To train our models, we set the less probable transitions to -5. In

preliminary experiments, we varied the transitions between -10 and -1, and -5
delivered the best results. In addition, for CNN-CRFF and CNN-Vitmodels, we
assumed that all transitions at the beginning and end of the sequence had the
same score. For the others CNN-CRF variants, the start and end transitions
were learned from the training data.

At inference time, we applied the trained network and the Viterbi
algorithm to overlapping image tiles using a sliding window strategy with 30%
of overlap and keeping the patch’s central region, minimizing border effects.
Finally, we concatenated the outputs to obtain an outcome with the input
image dimensions.

All models were trained using stochastic gradient descent (SGD), with
a weight decay of 1e−6 and an initial learning rate of 0.1. We warmed up
the learning rate during one epoch and then used the cosine learning rate
decay [116] with a final value of 0.0001. We trained for 50 epochs with 16
image patches per batch, monitored the average F1 score, and applied early
stop when no improvements higher than 0.9ee−4 happened in a sequence of
10 epochs. We ran each experiment five times, using five different seeds. All
experiments were carried out on an Intel Core i7-4790, 32Gb RAM, and a GPU
NVidia GeForce Titan GTX 1080 (11Gb RAM).

5.3
Results and Discussion

In this section, we report the accuracy assessment for all CNN-CRF
variants considering the test set in both Campo Verde and LEM datasets. First,
we present and discuss the results for theMCNN-CRFP variant, which reported
the best performance on both datasets. Then, we analyze how each proposed
variation of the general CNN-CRF model contributes to the final classification
performance. Finally, we discuss the limitations of the methodology.

5.3.1
Results for Campo Verde dataset

5.3.1.1
Quantitative results

Best CNN-CRF variant compared with the baseline approach: As ex-
pected, the combination of multi-loss learning - impossible transition penal-
ization - possible transition learning, i. e. MCNN-CRFP variant delivered the
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Figure 5.7: Overall Accuracy (OA), average F1 score (avgF1), average pro-
ducer’s accuracy (avgPA), and average user’s accuracy (avgUA), computed
each month for Campo Verde dataset for MCNN-CRFP model and the base-
line models. Values are the average over five runs, with the black line indicating
each model’s minimum and maximum value.

best results compared to the baseline approach. Figure 5.7 summarizes the
per-month results obtained for MCNN-CRFP in terms of OA, average F1
score (avgF1), average producer’s accuracy (avgPA) and average user’s ac-
curacy (avgUA). The horizontal axis contains the month being classified. In
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this figure, we report just one result per month, considering the nine anno-
tated months for the Campo Verde dataset. In addition, the figure presents
the results for the baseline model where we report the performance for the
CNN output trained solely with a per-month categorical cross-entropy (first
bar in the figure) and the performance after applying the Viterbi algorithm to
the CNN output (CNN-Vit in the figure).

Figure 5.7 provides a clearer view of the relative performance of the tested
methods. As expected, applying the Viterbi decoding (CNN-Vit) improved the
CNN output according to all metrics in almost all months. Furthermore, the
results revealed that MCNN-CRFP delivered definite improvements compared
to the baseline method CNN-Vit in terms of avgF1, avgUA, and avgPA. In
particular, our approach is more robust to the network initialization, reporting
slight performance variations among the five runs.

In terms of OA, no relevant differences were observed among both
methods; nonetheless, MCNN-CRFP was superior to CNN-Vit in six out of the
nine months by a low margin. In contrast, it reported a drop in performance
with a shallow margin for the other three months. These results indicate that
our proposal improved the classification principally for minority classes.

Scrutinizing the F1 score for each crop type individually, we observed
the most significant gains in performance for classes sorghum, turfgrass and
beans. Figure 5.8 reports the improvements/drops in F1 per class brought
by both models for months from December to May, for which the higher
differences were observed between the baseline and the proposed model. In the
figure, the horizontal axis contains the crop being classified, and the vertical
axis contains the F1 score improvements/drops in percent for CNN-Vit and
MCNN-CRFP with respect to the CNN model. As observed, MCNN-CRFP

delivered significant improvement for the above-mentioned crop types, reaching
up to 30% for class sorghum, 23% percent for class turfrgass, and 28% for
class beans. However, the opposite occurred in December for class beans, where
MCNN-CRFP reported a drop of 6.49% in F1 score due principally to a low
value in the user’s accuracy. Nonetheless, the MCNN-CRFP model improved
the F1 score for almost all classes across the whole sequence.

For a better understanding of these variations on the F1 score, Table
5.4 presents some examples of training sequences presented in the dataset. In
the table we can observe that crop rotations soybean-cotton and beans-cotton
(first and second row in the table) both have the same temporal sequence
starting from January. In addition, the temporal sequence for rotation beans-
cotton is unique in the training set, whereas, due to displacement in time,
there are others possible sequences with rotation soybean-cotton (see Table 5.4
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Figure 5.8: F1 score improvements/drops for CNN-Vit and MCNN-CRFP with
respect to CNN, from January to May (from top to bottom). Campo Verde
dataset.

DBD
PUC-Rio - Certificação Digital Nº 1812678/CA



Chapter 5. Experimental analysis 65

Table 5.4: Examples of training sequences for Campo Verde. Pixl. stands for
the number of training pixels for each sequence.

Pixl. Oct Nov Dec Jan Feb Mar May Jun Jul

8K soil beans beans soil soil cotton cotton cotton soil
63K soil soybean soybean soil soil cotton cotton cotton soil
109K soil soil soybean soybean soybean soil cotton cotton cotton
257K soil soil soybean soybean soybean soil maize maize soil
224K soil soil soybean soybean soybean soil maize maize maize
1K soil soil soybean soybean soybean soil beans soil soil

1.4K soil soil sorghum sorghum sorghum sorghum soil soil soil

3rd row). Furthermore, transition between soybean-soybean from December to
January are more frequent in the training data (rows 2 to 5 in Table 5.4)
that transition soybean-soil. Considering this, the possible transitions learned
by MCNN-CRFP will assign higher score to the transition beans-soil between
December and January, than the score assigned for transition soybean-soil for
the same date. Now let’s assume that the CNN model has low confidence in
discriminating between soybean and beans and delivers similar emission scores
for both crop types in December. Under this condition, the Viterbi algorithm
could select the path that contains the higher transition scores from December
to January.

To confirm this expectation, we also reported theMCNN-CRFP confusion
matrix for December (see Figure 5.10) and the transition matrix learned for
adjacent months December-January with the less probable transitions set
to -5 (see Figure 5.9). As observed, the model assigned a score of 0.00 for
transition beans-soil and -0.03 for transition soybean-soil. Notice that, as we
discussed, given the class soybean in January, the higher score will be obtained
by transitioning to also class soybean, which matches the expected transition
(see Table 5.4). Considering these transition scores, if the emission scores for
both classes is similar, the Viterbi algorithm will deliver the sequence that
includes the transition beans-soil between December and January, therefore
miss-classifying soybean as beans for December, as reported in Figure 5.10.

In contrast with the drop in performance for crop type beans for the
first growing season (October to February), we observed a significant gain in
terms of F1 score for the second growing season (March to July) (see Figure
5.8). Class beans on the second half of the sequence presents a very distinctive
temporal constraint with only one month containing this crop type (see Table
5.4 row number 4). The same applies for class sorghum, which present a
completely different temporal dynamic when compared with the rest of the
sequences (see Table 5.4 row number 5); and classes turgrass and cerrado which
are non-crop classes that do not change in time. This could potentially explain
the better performance presented by MCNN-CRFP compared to CNN-Vit.
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Figure 5.9: Transition matrix for adjacent months December-January learned
by MCNN-CRFP model on Campo Verde dataset.

Comparison between data-driven and prior-knowledge: Figure 5.11 sum-
marize the per-month results obtained for the proposed variants for schema
1 and schema 2 (see Table 4.1) experiments: fixed transitions based on
prior knowledge CNN-CRFF; penalizing only the less probable transitions
CNN-CRFP; learned transitions CNN-CRFL. We also report the results for
the baseline model.

Considering the variants that employ prior knowledge, we observed
that CNN-CRFF gains to CNN-Vit in five out of the nine months in terms
of avgF1, with a high margin in four of them, whereas for the other four
months reports a moderate drop in performance. Specifically, CNN-CRFF

reported better producer’s accuracy (avgPA in Figure 5.11) than the baseline
approach, and worst results in term of user’s accuracy (avgUA in Figure 5.11).
Analyzing CNN-CRFP variant, we observed that the model delivered lower
results compared to CNN-CRFF. However, the error bars in the figure also
indicate higher robustness for CNN-CRFP model, presenting low standard
deviation than CNN-CRFF for almost all months.
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Figure 5.10: Confusion Matrix for month December for MCNN-CRFP model
on Campo Verde dataset.

Considering the variant that learns the transitions scores, the results
revealed that CNN-CRFL outperformed all methods in terms of avgF1, avgPA,
and avgUA, for nearly all tested months. These results indicate that learning
the transition matrix brought major flexibility to the model. We hypothesize
that using fixed values for the less frequent transitions in CNN-CRFP can be
too restrictive when training only with the CRF-based loss. For that reason,
we propose the multi-loss schema, which results are discussed in the following
section.

Multi-loss learning: Figure 5.12 summarizes the per-month results ob-
tained for the proposed CNN-CRF variants now trained using a multi-loss
schema. Comparing the single-loss results for the variants that use prior
knowledge (CNN-CRFF and CNN-CRFP), the corresponding multi-loss re-
sults (MCNN-CRFF and MCNN-CRFP), we found that the inclusion of the
per-month cross-entropy loss in our CNN-CRF models brought significant ac-
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Figure 5.11: Average F1 score (avgF1), average producer’s accuracy (avgPA),
and average user’s accuracy (avgUA), computed each month for Campo Verde
dataset for single-loss data-driven and prior-knowledge variants. Values are
the average over five runs, with the black line indicating the minimum and
maximum value for each model.

curacy gains from December to January. Such improvements were more signif-
icant for the MCNN-CRFP that consistently outperformed CNN-CRFP.

It is worth noticing that MCNN-CRFF reported a moderate loss in per-
formance for October, June, and July, due to classes turfgrass and cerrado
which are two of the classes that benefit the most from learning the possible
transitions in the MCNN-CRFP variant. For the CNN-CRFL variant, notwith-
standing, the inclusion of the cross-entropy loss brought detrimental results
for some dates, reporting moderate increases in the producer’s accuracy (PA)
and losses in the user’s accuracy (UA).
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Figure 5.12: Average F1 score (avgF1), average producer’s accuracy (avgPA),
and average user’s accuracy (avgUA), computed each month for Campo Verde
dataset for the single-loss and multi-loss hybrid models. Values are the average
over five runs with the black line indicating the minimum and maximum value
for each model.

5.3.1.2
Qualitative results

Figure 5.13 presents the classification maps for each method in a selected
area. For conciseness, we showed the results from January to May. In addition,
Figure 5.13 shows the error maps, where the dark orange color represents the
misclassified regions. The prediction maps presented good accuracy for most
of the classes for all methods. Classification errors were observed mostly in the
misclassification of one of the main crop with the class soil, for example soybean
in January and February, and maize and cotton in March and May. Figure 12
presents examples of the results predicted by the four approaches. These errors
occurred quite often in our experiments for seeding and harvest time. Between
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Figure 5.13: Prediction and error maps for each method for selected months
for Campo Verde dataset. GT stands for ground truth. The prediction maps
use the same color legend as in Figure 5.2. For the error maps, dark orange is
the misclassified area.

February and March, it was the soybean harvest time and maize and cotton
seeding time; however, due to the agricultural practices in the region, harvest
and seeding did not occur on the same date for all parcels. For example, in
this period, maize and cotton were in some parcels in their early growing stage
and could easily be confused with soil. A similar problem came about around
harvest time. Other type of confusions were observed between pasture and
cerrado for all months; pasture and NCC for May; and maize and NCC for
May.
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Finally, the entropy for the class emission scores for each CRF-based
method is presented in Figure 5.14. These maps give insight into the multi-
loss models’ success that employed prior information about the transitions.
As observed, the entropy decreases for both CNN-CRFF and CNN-CRFP

models when using the multi-loss training scheme, which indicates higher
confidence in the predicted class. These results showed that using multi-loss
training can potentially reduce the classification uncertainty in those models
that employ priors, making the classification results more reliable. We also
observed that CNN-CRFL and MCNN-CRFL both reported high confidence in
their predictions.
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Figure 5.14: Maps of the entropy values for the emission scores for CRF-based
models for a selected area for the months January to May for Campo Verde
dataset.

5.3.2
Results for LEM dataset

5.3.2.1
Quantitative results

Best CNN-CRF variant compared with the baseline approach: As in the
Campo Verde dataset, the combination of multi-loss learning - impossible
transition penalization - possible transition learning, i. e. the MCNN-CRFP
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Figure 5.15: Overall Accuracy (OA), average F1 score (avgF1), average
producer’s accuracy (avgPA), and average user’s accuracy (avgUA), com-
puted each month (from June 2017 to June 2018) for LEM dataset for the
MCNN-CRFP model and the baseline models. Values are the average over
five runs, with the black line indicating each model’s minimum and maximum
value.

variant, delivered the best results among all variants and the baseline approach
for almost all months. Figure 5.15 summarizes the per-month results obtained
forMCNN-CRFP in terms of OA, average F1 score (avgF1), average producer’s
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accuracy (avgPA) and average user’s accuracy (avgUA). The horizontal axis
contains the month being classified. In this figure, we report just one result per
month, considering the 13 annotated months for the LEM dataset. In addition,
the figure presents the results for the baseline model where we report the
performance for the CNN output trained solely with a per-month categorical
cross-entropy (first bar in the figure) and the performance after applying the
Viterbi decoding (CNN-Vit in the figure). Given the complex nature of class
not identified, and the high oscillation in performance observed for all methods,
we excluded this class from the classification report.

Similar to the results for Campo Verde, the Viterbi decoding (CNN-Vit)
improved the CNN output according to all metrics in almost all months.
Again, definitive improvements were observed for MCNN-CRFP compared
to the baseline method CNN-Vit, as well as more robust results to different
network initialization, reporting slight performance variations among the five
runs for most months. Looking at the OA, moderate gains were also observed
for MCNN-CRFP, achieving up to 1.3% for June 2017 and July 2017 (first and
second bar groups).

Figure 5.16 reports the F1 per class brought by both models for the
months with the higher differences between the baseline and the proposed
model. In the figure, the horizontal axis contains the crop being classified,
whereas the vertical axis contains the F1 score improvements/drops in percent
for CNN-Vit and MCNN-CRFP with respect to the CNN model. Here we
observed the most significant gains in performance for class millet with 82%,
followed by classes conversion area (up to 29.8%); pasture (31%); hay (up
to 15%); soybean (14%); maize (7%) and sorghum (7%). However, we also
observed significant losses for some classes on specific dates, for example, for
class hay where MCNN-CRFP reported a drop of 12% and 7% for months
August and October, respectively, due principally to a low value in the user’s
accuracy. Similar behavior was observed for class coffee in August.

To give some insides about these variations on the F1 score, we also
presented some examples of training sequences in Table 5.5. One can note
that class hay presents high displacement in time, i.e., the start of the crop
cycle varies among the different fields, and as we discussed, the model could
easily take the wrong path. In this case, the temporal dynamic for rotation
hay-hay passing for uncultivated soil can present several possible sequences,
and since there are 10 times more samples with class hay in August than class
soil, the possible transitions learned by MCNN-CRFP will assign higher score
to the transition hay-hay between July and August, than the score assigned
for transition hay-soil for the same date.
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Figure 5.16: F1 score improvements/drops for CNN-Vit and MCNN-CRFP
with respect to CNN, for month August 2017, October 2017, November 2017,
January 1028, and June 2018 (from top to bottom). LEM dataset.
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Table 5.5: Examples of training sequences for LEM dataset. Pixl. stands for
the number of training pixels for each sequence.

Pixl. Jun Jul Aug Sep Oct Nov Dec

16K hay hay hay soil soil hay hay
0.16K hay hay soil soil soil hay hay

4K hay hay soil soil soil soil soil

Figure 5.17: Transition matrix for adjacent months July-December learned by
MCNN-CRFP model on LEM dataset.

The learned transition matrix between July and December is presented
in Figure 5.17 and we can confirm the difference in score between the above-
mentioned transitions, being 0.01 for hay-hay and -0.2 for hay-soil. In addition,
Figure 5.18 reports the confusion matrix for August (the month with the higher
drop in performance for class hay), and as observed, 2% of soil samples where
miss-classified as hay, other minor classes as cotton and conv area were totally
miss-classified.

Comparison between data-driven and prior-knowledge: Figure 5.19 sum-
marizes the per-month results obtained for the proposed variants for schema 1
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Figure 5.18: Confusion matrix for August for MCNN-CRFP model on LEM
dataset.

and 2: fixed transitions based on prior knowledge CNN-CRFF; penalizing only
the less probable transitions CNN-CRFP; learned transitions CNN-CRFL. We
also report the results for the baseline model.

Considering the variants that employ prior knowledge, we observed that
CNN-CRFF gains to CNN-Vit in five out of the 13 months in terms of avgF1,
reporting a drop in performance in six months, and almost equal performance
for the remaining two months. Analyzing CNN-CRFP variant, contrarily to the
observed for Campo Verde, the model delivered the best results compared to
CNN-CRFF in all months. However, the error bars in the figure also indicate
less robustness for CNN-CRFP model, presenting a higher standard deviation
than CNN-CRFF for almost all months. Comparing with the variant that learns
the transitions scores, the results revealed that CNN-CRFP also outperformed
CNN-CRFL in terms of avgF1, avgPA, and avgUA, for nearly all tested
months. CNN-CRFL was generally the model with the lowest performance.
These results indicate that, different from the Campo Verde dataset, learning
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the transition matrices did not improve the results compared to the variant
that employs prior knowledge, including the baseline approach CNN-Vit. It is
worth pointing out that the LEM dataset has 200 unique training sequences,
and when compared with the Campo Verde dataset, which only has 74 unique
sequences, this is a much more complex problem. In addition, the network
needs to learn a considerable number of parameters for the transition matrix
(i.e., 14× 14× 12) that must be capable of modeling all possible sequences.

Figure 5.19: Average F1 score (avgF1), average producer’s accuracy (avgPA),
and average user’s accuracy (avgUA), computed each month for LEM dataset
for single-loss data-driven and prior-knowledge variants. Values are the average
over five runs, with the black line indicating each model’s minimum and
maximum value.

Multi-loss learning: Figure 5.20 summarize the per-month results obtained
for the proposed CNN-CRF variants now trained using the multi-loss schema.
Comparing the single-loss results for the variants that use prior knowl-
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edge (CNN-CRFF and CNN-CRFP), the corresponding multi-loss results
(MCNN-CRFF and MCNN-CRFP), as in Campo Verde we observed that the
inclusion of the per-month cross-entropy loss in our CNN-CRF models brought
accuracy gains for nearly all month. It is worth noticing that MCNN-CRFP

reported a loss in performance for October due to classes pasture and con-
version area that achieved discrete gains compared to the gains observed for
the single-loss CNN-CRFP variant. For the CNN-CRFL variant, the inclusion
of the cross-entropy loss brought both incremental and detrimental results or
remained the same over the 13 months.

Figure 5.20: Average F1 score (avgF1), average producer’s accuracy (avgPA)
and average user’s accuracy (avgUA), computed each month for LEM dataset
for single-loss and multi-loss variants. Values are the average over five runs,
with the black line indicating each model’s minimum and maximum value.
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Figure 5.21: Prediction and error maps for each method for selected months
for LEM dataset. GT stands for ground truth. The prediction maps use the
same color legend as in Figure 5.5. For the error maps, dark orange is the
misclassified area.

5.3.2.2
Qualitative results

Figure 5.21 presents the classification maps for each method in a selected
area. For conciseness, we showed the results from October 2017 to February
2018. In addition, Figure 5.21 reports the error maps, where the dark orange
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color represents the misclassified regions. As in the Campo Verde dataset,
classification errors were observed between class soil and other classes such
as pasture (dark orange rectangle in the error map for October) and soybean
(dark orange rectangle in the error map for January). The last one can be
explained again due to the displacement in time during seeding time. Despite
not considering the class non identified in our quantitative report, we can
observe in the prediction maps that all models reported misclassification errors
for this class.

Analyzing the entropy in emission scores (Figure 5.22), we observed the
same tendency as in the Campo Verde dataset, the entropy in the prediction
decreases for both CNN-CRFF and CNN-CRFP models when using the multi-
loss training scheme.
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Figure 5.22: Maps of the entropy for the emission scores for CRF-based
methods for a selected area from October to February for LEM dataset.

5.3.3
Experiments main conclusions

These results matched our research hypotheses. Including the CRF-loss
function improved the performance compared to a CNN trained only with a
per-date cross-entropy loss. In the absence of prior information about crop
transitions between adjacent months, learning the transition scores from the

DBD
PUC-Rio - Certificação Digital Nº 1812678/CA



Chapter 5. Experimental analysis 81

training data (i.e., CNN-CRFL model) improved the CNN baseline model that
doesn’t consider label dependency. Nonetheless, as the number of possible label
sequences and the number of classes increased, using prior knowledge about
possible or impossible crop transitions delivered the best results for both non-
hybrid and hybrid models.

In addition, our experiments indicated that only penalizing the less
probable crop transitions allowed the model to gain more flexibility when
considering a large number of possible crop sequences as in the LEM dataset.
Moreover, for the single-loss training setting that imposes temporal constraints
based on expert knowledge, the results revealed that the models tended to be
less confident in the emission scores (i.e., high entropy).

Adding a second loss function that focuses on improving the per-date
accuracy delivered the best performance for those models that consider the
constraints about the less probable transitions. As expected, training only with
the CRF-loss forces the network to find the set of parameters that maximize the
sequence labeling, whereas using the second loss function increased the model
performance also for each independent month. The multi-loss training setting
decreased the entropy in the emission scores, and this low entropy indicates
that the models had higher confidence in their predictions.

Finally, Figure 5.23 presents the OA at the sequence level for both
datasets for each model. As observed, the models that consider the tempo-
ral label dependencies consistently outperformed the baseline CNN model.
Moreover, the graphics show that the multi-loss schema can sometimes be
detrimental. However, as discussed above, since the second loss function aims
to improve the per-date accuracy (favoring less frequent classes and sequences),
this slight drop in performance at the sequence level is expected, principally
for datasets like LEM with a high number of different label sequences.

Figure 5.23: Overall Accuracy at sequence level for Campo Verde (left) and
LEM datasets (right).
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6
Conclusions and future steps

This work introduced a hybrid deep learning architecture for multi-
temporal crop recognition, which combines the spatio-temporal context en-
coding of convolutional networks and the temporal modeling capabilities of
conditional random fields (CRF) in an end-to-end framework. The proposed
end-to-end framework consists of three modules: a 3D fully convolutional net-
work (FCN), a linear-chain CRF module, and a Viterbi algorithm that delivers
the final sequence for each pixel at inference time. The FCN learns spatio-
temporal features and provides the emission that serves as input to the CRF
module; the transition scores are also part of the CRF module. The training
of FCN and CRF modules leans on an end-to-end learning procedure using a
CRF-based loss function.

Unlike similar approaches that learn a single global transition matrix
that models temporal dynamics, our method learns a different transition
matrix for each pair of adjacent dates from training data. Furthermore, the
method enforces prior knowledge about the temporal dynamics of cultures
in the learning process. The prior knowledge consists of information about
possible and less probable crop transitions within a target region. In addition,
we proposed a multi-loss training scheme that forces the network to learn the
set of parameters that maximize both the sequence labeling and the per-date
accuracy.

We tested the models upon two publicly available multi-temporal SAR
datasets from two tropical regions in Brazil with highly complex Spatio-
temporal crop dynamics. The experiments indicated that the proposed end-
to-end frameworks outperformed the baseline model that employs feature
learning and temporal modeling in two separate stages. The improvements
were particularly apparent in the F1 score values, where the hybrid models
generally reported higher user’s and producer’s accuracies.

The experimental analysis demonstrated the potential of learning tem-
poral crop dynamics in tropical areas from the training data. The results indi-
cated that learning from the data is a feasible option, reporting high accuracy
values; however, as the temporal complexity increases, we observed a drop in
the model’s generalization capability. Increased complexity demands more an-
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notated samples to properly reflect the temporal dynamics in the target field.
In contrast, including priors about the temporal crop dynamics delivered the
best results when considering a high number of different crop rotations (i.e.,
label sequences) in the target regions.

Although generally successful in predicting the correct crop type at each
date, the model with prior knowledge trained solely with the CRF-based loss
delivered emission scores with high entropy due to the constraint imposed
for less probable transitions. Considering this, adding a second loss function
that focuses on improving the per-date accuracy in combination with prior
knowledge about temporal dynamics generally delivered the best performance
for both datasets, improving the network’s confidence in the prediction and
the per-date accuracy.

Finally, it is worth mentioning that the level of flexibility of the imposed
temporal constraint greatly impacted the classification performance. In a
future step, we plan to perform a sensitivity analysis of this hyperparameter.
We also intend to explore a higher order CRF that considers class dependencies
between non-adjacent epochs.
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