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NDVI Image Synthesis with Image-to-lmage Translation Networks

Abstract:

As image-to-image translation continues to achieve credible results in various image
manipulation tasks (notably image and video generation), controlled image synthesis
offers rewarding possibilities for applications that require additional constraints on the
training objectives and resulting outputs. Consequently, this thesis explores constrained
generative modeling to synthesize NDVI images (characterizing plant growth and crop
health) from radar and Multi-Spectral (MS) satellite data. NDVI is derived from MS
satellites but often due to cloud cover this data is corrupted leaving more gaps in an
already sparse time-series, limited by the repeat frequency of satellite missions. There
is already significant research focusing on predicting NDVI as a single-point indicator,
averaged over agricultural parcels. However, this thesis instead proposes an image
generation approach using Conditional GANs (CGANSs), to synthesize images tiled at
512 512 px and enclosing several agricultural parcels. We select different areas in
Estonia for training and validation, and show that using a Multi-Temporal Conditional
GAN (M T CGAN) we can generate perceptible images with 0.8688 structural similarity
and 0.9429 per-pixel accuracy.

Keywords: SAR, MS, MTCGAN, CGAN, Sentinel-1, Sentinel-2, NDVI, Generator,
Discriminator

CERCS: P176 - Artificial Intelligence



NDVI pildistuintees pildilt-pildile t6lkevdrkudega

Lahikokkuvote:

Kui kujutiselt-kujutisele translatsiooni abil saavutatakse usutavaid tulemusi mitmetes
pilditootluse iilesannetes (eriti piltide ja videode genereerimisel), siis kujutiste kontrolli-
tud stinteesimine pakub paljulubavaid voimalusi rakenduste jaoks, kus treenimisele ja
viljundile on seatud lisapiirangud. Selles t00s uuritakse piiratud generatiivset model-
leerimist eesmirgiga siinteesida NDVI pilte (mis iseloomustavad taimede kasvamist ja
viljade elujoudu), kasutades sisendina radarite ja multispektraalsete satelliitide andmeid.
NDVI arvutatakse multispektraalsete satelliitide andmete pohjal, aga pilvkattest tingituna
pole need andmed tihti kasutatavad, jéttes satelliitide iilelendude sagedusest sdltuvatesse
juba niigi horedatesse aegridadesse auke sisse. On juba lidbi viidud arvestatavaid uurin-
guid, kus keskendutakse NDVI kui iihepunktilise indikaatori ennustamisele, mis on iile
poldude keskmistatud. Antud t66s ldhenetakse probleemile aga piltide genereerimise
kaudu, kasutades tinglikku generatiivset voistlusvorku (CGAN), et siinteesida 512x512
px suuruseid pilte, mis hdlmavad mitmeid eri polde. Me valime erinevad Eesti alad
treenimiseks ja valideerimiseks, ning néditame, et kasutades mitmeajalist tinglikku GAN-1
(MTCGAN), on vdimalik genereerida tajutavaid kujutisi, mille keskmine struktuurne
sarnasus on 0.8688 ja pikslipShine tdpsus 0.9429.

Votmesbnad : SAR, MS, MTCGAN, CGAN, Sentinel-1, Sentinel-2, NDVI, Generaa-
tor, Diskriminaator

CERCS: P176 - Tehisintellekt



Contents

1

Introduction 6
1.1 Overview and Motivation . . . . . . . . .. ... . 6
1.2 Contribution . . . . . . ... 6
1.3 PaperOutline . .. .. .. ... . .. .. 7
Related Works and Concepts 8
21 SAR-OpticalData . . . .. ... ... ... 8
211 SAR . . . 8
2.1.2 NDVI . ... 9
2.2 Image-to-Image Translation Networks . . . . . ... .. ... ..... 10
22.1 GANS . . . . e 10
2.2.2 SAR-to-Optical Translation . . . . ... ... ... ...... 11
Methodology 13
3.1 Model Architecture . . . . . . .. ... . 13
3.1.1 Encoder-DecoderBlocks . . . . ... ... ... ........ 13
3.1.2 Generator . . . . ... e 14
3.1.3 Discriminator . . . . . . ... 15
3.1.4 pix2pixBaseline . . .. ... ... o 15
3.2 Evaluation . . . . . .. ... ... e 16
3.2.1 Perceptual Metrics . . .. ... .. ... .. ... .. 16
3.2.2 Complementary Objective Metrics for Image Quality Assess-
ment (IQA) . . . . . . . . e 17
Data description and processing 18
4.1 Study Area . . . . ... 18
4.2 SAR-Optical Data: Data Collection and Processing for Sentinel-1 &
Sentinel-2 . . . . . 19
4.2.1 SARDataSpecications . ... ... ... .. ... ... ... 19
4.2.2 Multi-Spectral Data Specications . . . .. ... ... ..... 20
4.3 Sentinel-1 and Sentinel-2 Data Preparation . . . . . .. ... ... ... 21
4.4 Trainingand TestSet . . . . . ... . .. . . ... 21
Experiments & Results 24
51 Setup&Conaguration . . . ... ... ... ... 24
5.2 ModelEvaluation . . . . .. .. ... 24
5.2.1 ObjectiveMetrics . . . . . . .. . ... .. .. 24
5.2.2 Qualitative Analyses . . . . . . .. ... ... L. 26
5.3 Ablation Experiments . . . . . . . . ... 27



5.3.1 Objective Functions . . . ... .. ... ... ... ...... 27

5.3.2 Varyingreceptive elds. . . . ... ... ... ... L. 29
5.4 Discussion and Limitations . . . . . . . ... ... ... ... ... .. 30
6 Conclusion 31
Appendix 37
IILLIcence . . . . . . . e e e e 40



1 Introduction

1.1 Overview and Motivation

Deep learning has unveiled exciting possibilities for exploring and solving complex
problems with Earth Observation (EO) data. With increasing capacity to process and
build models from multi-dimensional data using neural networks, EO researchers can
leverage the large spatio-temporal data to nd improved solutions to tasks such as land
cover and crop classi cation [1], denoising of radar images [2], time series modeling and
satellite image synthesis [3].

EO involves a variety of objectives, one of which is real-time vegetation monitoring
[4]. This involves collecting multi-spectral data on the development cycle and states of
crop growth, over areas orbited by the satellites. From studies observing the interaction of
passive and active remote sensing systems with vegetation, several indicators have been
formulated to summarize different biophysical aspects of crop development at different
periods [5] [6] [7]. These indicators are broadly referred to as Vegetation Indices, and
commonly used amongst them is the Normalized Difference Vegetation Index (NDVI)
[8] [9].

NDVI is assessed quantitatively or qualitatively (via maps), and describes photosyn-
thetic activity in crops evidenced by greenery. This data enables the monitoring of a
plant's phenological cycle, discovery of healthy and unhealthy areas in elds, distinguish-
ing between bare land, low crops and dense vegetation areas, and estimation of biomass
[9] [10]. However, given these surveillance activities are hampered by cloud cover, this
thesis explores the synthesis of NDVI images, formulating image translation between
multi-domain satellite data. The aim is to assess the feasibility of generating realistic
high resolution images for NDVI and potentially other Vegetation Indices.

1.2 Contribution

At the time of writing this thesis, Deep-STEP is the only published work that has
tackled NDVI image synthesis using deep stacking networks (DSNs) [11]. However,
it remains unclear what the quality and accuracy of the generated images are, apart
from a normalized error map used in evaluation. Hence, the contribution of this work is
summarized as follows:

» Suggest an alternative for high-quality NDVI image synthesis from radar and
multi-spectral satellite data, with image-to-image translation. Use cases considered
for outputs include monitoring and data augmentation (eg. for sparse NDVI time
series).



1.3 Paper Outline

Chapter 2 introduces fundamental Synthetic Aperture Radar (SAR) concepts, NDVI,
and relevant work in the domain of satellite image translation. Chapter 3 discusses the
problem formulation with Conditional GANs, describing the network architecture, and
presenting evaluation approaches. Chapter 4 describes the area(s) in Estonia used in
this study, along with data preparation methods. In Chapter 5, we summarize results of
experiments carried out to validate the research objective.



2 Related Works and Concepts

2.1 SAR-Optical Data
2.1.1 SAR

SAR imaging of the earth's surface reconstructs a 2D representation of areas observed,
using amplitude and phase information of microwave signals received after transmission
and interaction with scatterers (or objects) on the ground (see Figure 2). The degree of
these interactions or surface re ectivity depends on controlled radar features (such as
phase, polarization, incidence angle of emitted waves and properties of the scatterers on
the ground (including dielectric properties, moisture content, orientation of scatterers,
etc.) [12]. These variable properties of scatterers make them suitable candidates for study
and identi cation via different modes of microwave signal transmission, and in the case
of SAR satellites, polarizations.

Electromagnetic waves (in this case emitted by radar satellites) oscillate in an electric
eld resulting in various polarizations. For instance if the electric eld is perpendicular to
the line of propagation in a single direction (Figure 1) the waves can be either vertically
(V) and/or horizontally (H) transmitted and received. The permutations of transmit and
receive modes summarized in Table 1 represent the dual-polarization mode of a radar
satellite. Different polarizations have unique interactions with scatterers and are suited
for varying observations or applications, such as crop discrimination. [13]. In this study
for example, (as seen from 2) VH (green channel) in the SAR image correlates the
highest with the presence of vegetation and has been studied to be the case especially in
agricultural vegetation, whilst V is more sensitive to vegetation height [13]. However,
both polarizations offer complementary information on biophysical aspects of soil and
crops in agricultural monitoring.

Figure 1. Illustration of electromagnetic wave propagation. The polarization is deter-
mined by the plane on which the electric eld oscillates. Magnetic eld oscillates in a
plane perpendicular to the electric eld [14]
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