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Abstract: The spatial data infrastructures (SDIs) which constitute a direct link between
spatial data users and the large Earth observation industry, have a leading role in establishing market opportunities in the space sector. The spatial information supplied through
various forms of SDI platforms exhibits large increases in demand volatility. The users’
demand is unpredictable and the market is vulnerable to high evolution shifts. We study
the effect of extreme demands for a particular type of spatial information, the satellite images. Drawing on two French SDIs, GEOSUD and PEPS, we examine the shifts occurring
on their platforms and assess the probability of witnessing a spike/drop in the short term
of different satellite imagery schemes: the high resolution images through GEOSUD; the
Landsat (U.S.), Sentinel (Europe) and SPOT (France) images through PEPS. We analyze the
market stability through the two SDIs and evaluate the probability of future records by using the Records theory. The results show that the high resolution images demand through
GEOSUD, for which the classical i.i.d. model fits the most, is stable. Moreover, the YangNevzorov model fits to the Landsat data, due to more records concentrated beyond the first
observations. The Landsat demand is the less stable out of the other three satellite images
series, and the probability of having a record in the coming years is the highest. While the
use of Records theory drops mathematical constraints, it offers an alternative solution to
the non-applicability of the machine learning techniques and long-term memory models.
Keywords: Landsat, market stability, Records theory, satellite images, spatial information,
spatial data infrastructure, spot, Yang-Nevzorov
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Introduction

The Earth observation (EO) market is comprised of several multi-scale markets (local, national, international, etc.) largely developed over the last four decades [8]. Since the launch
of Landsat in 1970s, various types of EO data have seen the light. Recently, the EO imagery
landscape is being shared by two main providers: the Digital Globe (U.S.), considered
today as the worldwide leader in EO data and services and Airbus Defence and Space
(Europe) [55]. Despite the particularity of each provider’s profile, several common tasks
are shared, consisting mainly of delivering satellite imagery and operating direct receiving
stations [20]. The majority of their revenues results from image sales and services delivery. Therefore, combining satellite imagery with other types of data, is one of the main
objectives in order to create useful information for end-users [39].
In such context, the users are becoming primary key-drivers for this technology [13].
They contribute through their demand of raw data and services, to its development and
growth [52]. The spatial data infrastructures (SDIs), which constitute the direct link between the spatial data users and the large EO industry, have a leading role in establishing market opportunities [19]. In fact, the demand via these SDIs, depends on several
factors: the role of the users’ critical mass [23], the services available to accompany the
raw data [51], the level of openness of the SDI platforms, etc. [12]. It is thus challenging
to get an assessment of the global EO market demand, and more particularly the satellite image market; several factors may be of influence. First, the increasing number of
data providers/suppliers make it more complicated to have a precise view over the global
market-chain [53]: there exist over seventy satellite-based observing programs operated
by more than thirty different countries [8], with markets structured through complex interoperability between upstream and downstream layers [62]. Secondly, the redistribution
of value between raw data and added-value services and products: data users are less
inclined to pay for raw or pre-processed data, even at preferential rates, due to existing
upstream pooling mechanisms put in place (e.g., the Copernicus European program) and
the scarcity of public budgets [5, 16]. This phenomenon affects the value chain and consequently, the demand side. Third, the increasing availability of free images have also a direct
effect on the overall images price in the market. The Landsat case comes as is an example
where the images are publicly available for free [68, 69]. Finally, the images’ quality. Up to
now, the satellite images prices are mainly driven by their quality [27].
All these elements raise the competition levels between the satellite image markets and
highlight the questioning about the users’ demand. The satellite images, which are traded
either via commercial operators or supplied through other forms of platforms (two-sided
market platforms, public-private partnerships, etc.), exhibit large increases in demand
volatility [34]. The satellite imagery demand is unpredictable and the market is vulnerable
to high evolution shifts. While globally the EO market was worth $50 billion in 2017, it is
expected to reach $80 billion by 2022. Additionally, the added-value services are expected
to grow from U.S. $28 billion in 2017 to some U.S. $65 billion estimated by 2022 [24]. In
such circumstances, and face to these facts, studying the satellite image market could take
several forms.
The objective of this paper is to study the stability of different satellite image markets
through two independent French SDIs and forecast the users’ future demand using the
Records theory. In fact, the Records theory has been applied in several fields. Form climate
change, natural gas markets to finance and sports, this method has proved its relevance in
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capturing the dynamics occurring in certain markets or through sets of data [31]. In our
case, the study will be based first on the HR satellite images demand, through the GEOSUD1 /Theia2 SDI, in France. Since 2011, the GEOSUD and Theia Land data center form
a unique SDI, aiming to progressively build-up an ecosystem of innovation in the field of
satellite imagery for Earth observation. On the other hand, and more generally, three satellite image markets through the PEPS3 SDI platform will be also explored [Landsat (U.S.),
Sentinel (Europe) and SPOT (France)]. Designed since 2015, the PEPS platform is managed by the French National Space Agency (CNES). It constitutes the direct link between
the European Copernicus program and the French user needs at all levels, from local to
national.
We will assess the probability of witnessing a spike/drop in the short term in these
different markets. To the authors’ knowledge, this work is the first application of the recent
advances of the Records theory to the geospatial science field, and more particularly, the
SDI satellite images. It comes in a continuity of the reflections deployed within the GIS
community, to offer an understanding of the dynamics that could occur through the users’
geospatial demand. Hence, leading to a better comprehension of the management of this
data, the fluctuations that the SDI could face on its platform, and thus its market stability.
Worthy to note that the choice of the three satellite image markets for which we had a
privilege access through the PEPS platform statistical data, occupies a unique place in the
EO pantheon. The Landsat is the longest running uninterrupted Earth observation program for acquisition of satellite imagery of Earth’s land [41]. It is recognized as one of the
largest U.S. Earth observation programs, with an estimated annual benefit value of nearly
$1.8 billion [45]. Concerning the Sentinel satellite constellation, it is considered as the most
important EO program developed by the European Space Agency (ESA) to support the European operational and policy needs of the Global Monitoring for Environmental Security
(GMES) [4, 21, 64]. With its long-term continuity of measurements for more than twentyyear’s time, its global frequent coverage and its broad variety of sensing methods [9], it
is designed to provide routine observations for operational Copernicus services. Finally,
the SPOT commercial high-resolution EO satellites managed by the CNES in France, has
already taken more than 10 million high-quality images since its beginnings in 1986. It was
designed to improve the knowledge and management of the Earth by exploring the Earth’s
resources and monitoring human activities and natural phenomena.
Although the stability of the satellite images markets cannot be dissociated from previously mentioned factors, the literature examining the technical issues related to the expansion of the EO markets [1, 55] has not addressed clearly how the users’ demand can reveal
part of the market risk [20, 22]. Studying the users’ demand occurring via the SDI platforms still presents many complications [44, 57, 66, 71]. Usually, the time series of the satellite images demand are non-iid, and assumptions about the type of distribution are complex. Among the various extreme value theory researches, analyzing the high-frequency
time series data or the evidence of causality between the supply and demand variables
relies basically on stochastic econometric schemes [40]. These models contain a large number of parameters, a fact that poses estimation challenges and over-parameterization concerns [17, 28]. Such difficulties do not concern the Records theory which drops several
mathematical constraints about the choice of the underlying distribution and the quality of
1 GEOSUD

web site: http://equipex-GEOSUD.fr
web site: http://www.theia-land.fr/en
3 http://peps.cnes.fr
2 Theia
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the residuals [31]. Additionally, it could be used in cases where the number of available observations is somehow small [2]; usually, the study of time in record models is accounted
through particular random variables called ‘record indicators’ [6]. Moreover, this theory
offers an alternative solution to the non-applicability of the machine learning techniques
and long-term memory models, where a considerable amount of data is needed for a good
performance [46, 67].
The contribution of this paper is in presenting a new approach for advancing the
geospatial science. The novelty relies in offering additional processing elements in order
to enrich the GIS market policy development, by bringing a new perspective on possible
risks and facts that could be present while considering the geospatial markets dynamics.
The cases of the GEOSUD and PEPS SDIs, for which the analysis was performed, serve
as relevant illustration for the proposed approach. Through the framework presented, a
grounded mathematical modeling tool is combined to to the usage of geospatial information, with a focus on the market forecasting analysis techniques. The remainder of the
paper is organized as follows. We ïňArst
˛ outline the methodological protocol used in this
study (description of the SDIs characteristics, satellite-images schemes, data collection process). In a second time, we present the record models used in our work (classical and
Yang-Nevzorov) followed by a statistical estimation of parameters and a goodness of fit
test analysis. Next, the discussion brings those elements together. We test the models,
check the reliability of the results, explain their significance and highlight their impacts.
Finally, we conclude the article by considering future prospects in this field.

2
2.1

Methodology
SDI characteristics’—GEOSUD / PEPS

GEOSUD aimed since its launch at the development of the geospatial technology and data
with a particular focus on the high resolution satellite images, contributing to its availability and easy access for its direct users. While facilitating the creation of integrated EO
environment and supporting the geospatial communities in developing their ecosystem, it
is continuously exploiting new opportunities through the steady development of its platform. It is targeting both the scientific community and the public actors based on a concept
of open innovation. Through developing a set of functionalities for the accompaniment
of its users, GEOSUD is lowering the barriers and reconsidering the value chain of the
geospatial data, with all the economic and societal benefits that may emerge behind.
On the other hand, PEPS constitutes the missing link between the European spatial
infrastructure and the French institutional users, scientists and industries. Managed by
the CNES, it is conceived to offer innovative services and open access, mainly to the Sentinel satellite images and products. By redistributing geospatial data and enabling users to
process them on servers close to the source, it is helping in achieving Copernicus goals in
implementing and monitoring environmental and security policies. As a concrete example,
the Theia scientific community is increasingly using PEPS via the CNES system to directly
access to the whole Sentinel archive and more particularly Sentinel-2A data, in order to
make atmospheric corrections (level 2A) and monthly syntheses (level 3A).
www.josis.org
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In November 2018, more than 15,000 images, covering 55 million sq.km., have been downloaded by GEOSUD direct users since the beginning of the project. The HR images provided through the SDI web portal vary mainly between Rapid Eye and SPOT 1-5. Lately,
GEOSUD extended its image acquisition capacity by settling a new Antenna in Montpellier (south France), with the aim of accomplishing by itself the SPOT 6/7 image production
process. It is responding to the needs of the scientific community, through a pooling system developed specifically to better sharing the benefits of the open innovation processes.
For instance, an absence of such a system (an investment of e11 million), would have cost
e110 million to GEOSUD users to acquire images separately from independent spatial data
providers at preferential rates [33].
2.2.2

PEPS satellite imagery: Landsat, Sentinel, and SPOT

While PEPS has been designed initially to offer an access to Sentinel satellites images, other
satellite images are also present on the platform:
• First, the Landsat images. Landsat was the first EO system to employ a global image
acquisition strategy, offering satellite imagery in a free and open manner [68]. The
USGS Landsat data archive currently contains almost 6 million images [70], with an
actual acquisition capacity with the Landsat 7 and 8 of approximately 1200 scenes per
day.
• Second, the Sentinel images. Although the Sentinel images cannot be considered a
replacement or an alternative for Landsat images, they offer a promising augmentation to the Landsat program [18]. From global warming to land use change and the
atmosphere, the Sentinel family of satellites offers free of charge data to encourage
its maximum use. It aims at achieving a global, continuous and wide range of Earth
observation.
• Third, the SPOT images. The SPOT system consisting of five satellites launched since
1986, has produced more than 30 million images, ready to be used in studying environmental change over more than a quarter-century. Similarly to the U.S. government’s experience in opening spatial data access (with its decision to no longer charge
for access to the Landsat satellite imagery), the CNES has recently opened its SPOT
Earth observation data archive through the PEPS platform [50].

2.3

Data collection

The data collection process via the two SDIs platforms (PEPS & GEOSUD), as well as its
pre-analysis activity, were performed as follows:
• First, key-contact persons were identified in each of the SDIs (GEOSUD: platform
operators, PEPS: download data managers), in order to respond to our various data
requests.
• Second, meetings were performed with the identified persons in order to agree on
data types, quality and formats. After several exchanges, the desired data were collected in its row format as excel sheets (due to difficulties in cleaning data at source
JOSIS, Number 22 (2021), pp. 61–82
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Figure 1: Monthly demand of the three PEPS satellite imagery schemes.
and lack of means and time). The collected data consisted of a compiled file, grouping various variables related to the downloaded images (including duplicated downloads, registered download failures, etc.).
• Third, in order to make the data usable, thorough analysis was performed with the
help of data scientists and geomatics experts, due to the complexity encountered in
terms of satellite databases sorting; and
• Finally, the new database was ready to be used and tested under the several theoretical models proposed (see Section 2.4).
Users demand for the Landsat, Sentinel and SPOT images were collected between
February 2015 (the launching date of the platform) and May 2018. Figure 1 shows a time
series of the monthly satellite image demand of the three different markets via the PEPS
platform.
Early 2015, the demand for Sentinel was quite low as shown in Figure 1. A fact justified
by the first launch of the Sentinel satellites (Sentinel-1A in 2014, Sentinel-2A in 2015). However, in 2016, four Sentinel satellites were already in orbit, including Sentinel-1B in April
2016. As a direct consequence, a slight increase in demand could be noticed during the
period following April 2016. On the other hand, the two peaks in 2017 could be explained
by two phenomena:
• First, the launch of two additional satellites Sentinel-2B in March 2017 and Sentinel-5
in October 2017, and its direct impact on the growing demand for images by the PEPS
platform users.
• Second, it is important to specify that these two peaks precede two important periods within the French academic year and research institutional sphere (universities,
research institutes, research centers, etc.). It includes setting up internship projects for
Master students (March–April) as well as thesis and research projects for Ph.D. stuwww.josis.org
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Figure 2: Monthly demand of the GEOSUD HR satellite imagery schemes.
dents and researchers (September–October). Both events are often accompanied by
massive demands for images, and particularly when projects are based on geospatial
information (management of natural resources, agriculture, land use planning, etc.).
Concerning the GEOSUD HR images, the data was recorded for a longer timeframe,
going from February 2011 till May 2018, because of its availability since the beginning of
the GEOSUD project. Table 1 summarizes the PEPS and GEOSUD data sets used in this
study.
Satellite images program
Landsat
Sentinel
SPOT
GEOSUD HR images

Frequency
Monthly
Monthly
Monthly
Monthly

Number of observations
39
39
39
87

Web portal
PEPS
PEPS
PEPS
GEOSUD/Theia

Table 1: GEOSUD and PEPS data sets.
The monthly demand of the GEOSUD HR satellite images are illustrated in Figure 2.
We will interpret these graphs statistically and economically by using the Records theory
in the next section.

2.4

Records theory model—general context

The study of records initiated with Chandler [15]. The first results obtained, defined as
“classical records model,” presents the case where the underlying random variables (rv)
are independent, identically distributed (iid). Nevzorov [48] and Arnold et al. [3], through
their collaboration, brought significant development to the initial record literature. Later
JOSIS, Number 22 (2021), pp. 61–82
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on, recognizing the unavailability of these results to fit several sets of data, an effort was
made in order to go beyond the context of classical records, where the observations are
independent but not identically distributed. Interested readers can consult the works of
Nevzorov [49] for further details.
We begin by introducing the general context, and then present some useful results in
the classical and non-iid cases:
Let {Xt , t ≥ 1} be a sequence of iid random variables defined on a probability space
(Ω, F, P). F (·) and f (·) are respectively the corresponding cumulative distribution and
density functions. In a chronological series, an observation Xj is said to be an upper record
if it is higher than all the previous observations, i.e. Xj > max{X1 , . . . , Xj−1 }. In this paper,
without loss of generality, we consider only the upper records, knowing that the lower
records can be defined in a similar way (e.g., by multiplying the chronological series by
“-1”). Following the increase of t, the value and the occurrence index of the nth record are
respectively given by the following sequences {Rn , n ≥ 1} and {Ln , n ≥ 1}, i.e. Rn = XLn .
In such context, the available data is a sequence of the couples {(Rn , Ln ), 1 ≤ n ≤ NT },
where T is the present time and NT is the number of records in the sequence {Xt , 1 ≤ t ≤
T }.
In fact, there exists a similarity between “records” and “processing of censored data”
[31]. To highlight this similarity, we consider the sequence of record indicators {δt , 1 ≤ t ≤
T } defined by:

1 if Xt is a record
δt =
0 otherwise
Therefore, based on the record indicators, a mathematical expression of the number of
records is given by:
NT =

T
X

(1)

δt .

t=1

2.4.1

Classical model

Several stochastic properties of the record series in the iid case are distribution-free, i.e. they
fit to any underlying distribution of Xt . We present in this section, the most popular results
in the iid context that will be used later in our work.
Nevzorov [49] showed that ∀T ≥ 1, the record indicators δ1 , . . . , δT are independent
and each δt is distributed according to a Bernoulli distribution of parameter 1t , i.e.
1
.
(2)
t
Where, Pt is the probability that Xt is a record, defined as “record rate” at time t. Based
on Equation (1) and on the previous result of Nevzorov [49], the expected value and the
variance of the number of records are expressed by:
Pt ≡ P[δt = 1] =

E[NT ] =

T
X
t=1

and
www.josis.org
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T
X
t=1

Pt =

T
X
1
t=1

t

,

(3)
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V[NT ] =

T
X

V[δt ] =

t=1

T
X

Pt (1 − Pt ) =

t=1

T
X
1
t=1

t

−

T
X
1
.
t2
t=1
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(4)

Based on Equation (2), the record rate converges asymptotically to zero. Hence, in the
iid case, when t increases, the records tend to become more distant in time. This implies
in general that records are concentrated among the first observations. However, in several
real data sets, this phenomenon is not always true for many reasons. For example, the
technological progress can make the occurrence of records more frequent than expected by
the iid model. This has led to the development of more comprehensive models that can
provide better prediction. In the next section, we go beyond the iid case by considering the
Yang-Nevzorov model [71, 72].
2.4.2

Beyond iid—Yang-Nevzorov

The Yang-Nevzorov model is considered the most popular in the non-iid context due to
several reasons:
1. For having the structure of a proportional risk model in survival analysis, which has
shown its usefulness in modeling many datasets [31];
2. For generalizing the results of the Linear Drift Model (LDM) introduced by Ballerini
and Resnick [6] which also represents a case beyond the iid.
In this model, the observations are assumed to be independent but not identically distributed. In order to adjust a Yang-Nevzorov or LDM model to a set of data, an additional
step is needed. One approach consists of testing the null hypothesis:
H0 : the data derive from a series of iid rv.
Such an adequation test could be based on the sequence of the record indicators
δ1 , . . . , δT by using the theorem of Arnold and Villaseñor [3]. The theorem states that under the null hypothesis, NT , representing a standardized version of the number of records,
converges to the standard normal distribution N (0, 1). NT is given as follows:
NT =

NT − log T
√
.
log T

(5)

As the Yang-Nevzorov model implies an increase in the number of records, H0 is rejected if
NT > z1−α ,
where z1−α is the (1 − α)th quantile of N (0, 1) (α is the type one error usually set at 5%).
In the Yang-Nevzorov model introduced by Yang [72], a fixed integer ρt of iid rv Y
of cumulative distribution function (CDF) F (·) is generated simultaneously at time t, from
which Xt = max(y1 , y2 , . . . , yρt ) is extracted. Thus, the sequence {Xt , t ≥ 1} of independent
but not identically distributed random variables is considered, with the following CDF:
FXt (x) = F (x)ρt , ρt > 0.
Concerning the parameter ρt we adapt the parametric form introduced originally by
Yang [72] and developed later by Nevzorov [49]. Let ρt take real values,
JOSIS, Number 22 (2021), pp. 61–82
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ρt = γ t , with γ > 1.

(6)

In this case ρt represents an exponential growth in the number of available rv. This
parametric form has shown a great utility in various fields of application, especially in survival analysis models and in the detection of records in a context where the Yang-Nevzorov
has been also used [38]. Hence, based on the iid property of the generated rv, and using the
parameterization (6), the rate of record related to the sequence Xt , at time t, is:
Pt = P[δt = 1] = Pt

ρt

k=1

=

ρk

, t ≥ 1,

γ t (γ − 1)
.
γ(γ t − 1)

(7)

Therefore, in a Yang-Nevzorov model, we can define an asymptotic rate of record by
letting t go to infinity:
lim Pt ≡ P (γ) =

t→∞

γ−1
.
γ

(8)

Note that, the existence of an asymptotic rate of record is interpreted in the sense that the
occurrence of a record is always possible even in the long run forecast. This case is generally related to a context where the studied rv represents high instability, i.e. a random variable showing high volatility levels. In addition, as in the iid classical case, Nevzorov [48]
showed that the indicators are independent and follow a Bernoulli distribution of parameter Pt . This property is true under any underlying distribution (i.e., the distribution of Y ).
Therefore, this type of property is called distribution free. Hence, based on Equation (1)
and on the previous distribution free property of Nevzorov [48], the expected value and
the variance of the number of records, in the Yang-Nevzorov context, are expressed by:
E[NT ] =

T
X

Pt and V[NT ] = E[NT ] −

t=1

2.4.3

T
X

Pt 2 .

(9)

t=1

Distribution free estimation of γ

As long as the Yang model parameter γ is unknown, the model cannot be used in practice;
an estimation of γ is needed. Hoayek et al. [31] showed that the best estimator, in terms
of bias and standard deviation, is obtained by applying the maximum likelihood principle.
Using the independence property of the record indicators, the log likelihood function to be
maximized is given as follows:



 X


T
1
1
1
1
ln L(γ) = NT ln 1 −
+ (T − NT ) ln − ln 1 − T −
δt ln 1 − t−1 .
γ
γ
γ
γ
t=2

(10)

By maximizing Equation (10) with respect to γ, we obtain the distribution free maximum likelihood estimator denoted by γ
b. Moreover, Hoayek et al. [31] studied the asymptotic behavior of the estimator, which is necessary for constructing the estimatorâĂŹs
asymptotic confidence intervals:
www.josis.org
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b−γ
q
→ N (0, 1),
IT−1 (γ)
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(11)

Where IT−1 (γ) represents the Fisher information.
2.4.4

Goodness of fit test

Once the iid classical model is rejected, the goodness of fit of the underlying data to the
Yang model, needs to be examined. Hoayek et al. [31] have shown that such a goodness of
fit test can be performed through examining the stochastic behavior of the inter-record time
of a Yang-Nevzorov model, i.e. the time between the nth and the (n + 1)th record defined
by:
∆Ln = Ln+1 − Ln , n ≥ 1.
Note that L1 = 1, because the first observation is always considered as a record, called
“trivial record.” Yang [72] showed that ∆Ln follows asymptotically a geometric distribution with a probability density function (which is also a distribution free property):

lim P[∆Ln = j] ≡ pj (γ) =

n→∞

1
1−
γ

  j−1
1
, j ≥ 1,
γ

By verifying the previous distribution free property (the null hypothesis H0 ), we can
study the goodness-of-fit of a set of data for a Yang model. Since the previous property
is asymptotic, the first observed records should be removed before the application of any
goodness of fit test. Thus, in the rest of this section, NT represents the number of records
after the elimination of the first observations. The present time is denoted by T .
The considered approach consists of performing a goodness of fit test based on the wellknown Chi-squared test (also written as χ2 test) introduced by Pearson [54]. By conditioning on the event NT = m and setting K an integer ≥ 1, we consider a partition Π1 , . . . , ΠK ,
of disjoint subsets, of {1, 2, . . . , ∞} with nk , 1 ≤ k ≤ K, the number of ∆Ln which fall
PK
within Πk . k=1 nk =P
m − 1 is the number of inter record in a sample of m records.
By letting πk (γ) = j∈Πk pj (γ), 1 ≤ k ≤ K, the χ2 statistic is defined by:
χ(γ) =

K
X

2

(nk − (m − 1)πk (γ)) / ((m − 1)πk (γ)) ,

(12)

k=1

where χ(γ) > χ2K−1,1−α (χ2K−1,1−α is the quantile of order (1 − α) of the chi-square
distribution with K − 1 degrees of freedom). H0 is rejected with an asymptotic risk level
α. Then, ∆Ln does not follow a geometric distribution and Yang-Nevzorov model is to be
rejected.
Remark 1: While the parameter γ is unknown, the statistic χ(γ) , as defined in (12), is useless. Therefore, γ should be estimated. Based on the work of Bishop et al. [10], an estimator
γ̃ of γ is obtained by minimizing χ(γ) with respect to γ. Hence, a practically usable version
of the previous statistic is:
χ(γ̃) = argminχ(γ) .

(13)
JOSIS, Number 22 (2021), pp. 61–82
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According to Bishop et al. [10], if χ(γ̃) > χ2K−2,1−α (χ2K−2,1−α is the quantile of order (1 − α)
of the chi-square distribution with K − 2 degrees of freedom), H0 is rejected. This puts the
Yang-Nevzorov model in doubt.
Remark 2: Concerning the choice of K, this problem has been mentioned in several works
[32, 35, 43, 56]. However, none of these papers has come up with a universal solution of the
problem. This has led Rayner and Rayner [58] to state that K should be fixed by considering
the general context of each application.

3

Results and discussion

As a starting point, we compute the record values (Rn ), the record indices (Ln ) and the
number of records NT of the time series. Results are summarized in Table 2. Based on
the test described in Equation (5), we check if each of the considered time series follows
a classical iid model. The results show that both the GEOSUD and SPOT demands, fit
an iid classical model while Landsat and Sentinel have a non-classical pattern of records
(Table 3). Moreover, these results are confirmed by the goodness of fit test, where GEOSUD
and SPOT represent the series having the lowest number of records; knowing that these
records are concentrated among the first observations. On the other hand, Landsat and
Sentinel represent the highest number of records, with an increasing rate greater than in
the iid case.
Landsat
NT = 9
Record dates
Apr-15
May-15
Jun-15
Aug-15
Dec-15
Feb-16
Jan-17
Mar-17
Apr-17

Ln
1
2
3
5
9
11
22
24
25

Demand schemes
Sentinel
SPOT
NT = 7
NT = 5
Record dates Ln Record dates
Apr-15
1
Apr-15
May-15
2
May-15
Jun-15
3
Jun-15
Oct-15
7
Oct-15
Nov-15
8
Nov-15
Mar-17
24
Oct-17
31

Ln
1
2
3
7
8

GEOSUD
NT = 5
Record dates
Mar-11
May-11
Mar-12
Jun-14
Jan-15
Oct-15

Ln
1
3
13
40
47
56

Table 2: Record results (Rn , Ln , and NT ).
Series
p-value
Decision

Landsat
0.25%
Reject iid

Sentinel
3.9%
Reject iid

SPOT
23.75%
Accept iid

GEOSUD
23.39%
Accept iid

Table 3: Goodness of fit test for the iid classical model with an asymptotic confidence level
of 5%.
On a second step, we proceed by checking the Yang’s model hypothesis for Landsat and
Sentinel. We test the fitting of the inter-record time ∆Ln into a geometric distribution, by
using a Pearson’s Chi-squared test. Table 4 shows the p-value of the χγ̃ statistics, obtained
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at an asymptotic confidence level α fixed at 5%. Recall that a p-value significantly greater
than 5% indicates a good consistency of the Yang model assumptions. Otherwise, the Yang
model should be rejected in order to move to a more general case, where the observations
are dependent and not identically distributed. As a consequence, both time series Landsat
and Sentinel have an inter-record sequence following a geometric distribution (hypothesis
H0 accepted), for which it is reasonable to adopt the Yang model.
Series
p-value
Result

Landsat
0.1472
Accept H0

Sentinel
0.6868
Accept H0

Table 4: Goodness of fit test for the Yang model based on Chi-squared test with an asymptotic confidence level of 5%.
In addition to the previous theoretical findings, the Landsat and Sentinel demand behavior could be reinforced through an economic reasoning:
1. First, Landsat is heading towards a greater supply of images in the coming years:
Landsat_8 is adding data to its global archive at an unprecedented rate (above 700
images per day) [41, 60]. Therefore, this could bring more volatility to the market.
2. Second, future Landsat missions are designed to ensure a continuity of the oldest
archive images. This feature will likely boost the usage of combined images, as Landsat is transitioning to an operational monitoring system with more explicit characterization [36, 61].
3. The huge archive accumulated of the Landsat program may probably have a strong
effect on the global demand volatility, due to the increasing strategic offering of imagery [25, 26].
4. While our findings suggest that the Sentinel market presents more stability signs, a
lack still remains in the interoperability and integration of this data into other information chains [30]. The computing technology and the storage power capacity
are not sufficiently delivered form neither public nor private institutions in order to
better cope with the new data flows [65].
5. In addition, the new generation of EO satellites from the Sentinel missions developed, is generating large amounts of data that are not easily integrated into processing chains outside the Copernicus program [59].
6. Finally, the policy of open and free access to data, which is increasingly adopted instead of the EO paying systems, could be of more influence at periods when the constraints of lack of budgets and financial models of other Earth-observation programs
are questioned [7].
Moreover, as Table 5 shows, the probability of having a record can be computed for each
market and for any time in the near future.
We noted that the probability of a new record on June 2018 is higher in a non-iid case
than in the iid one, which fits well with our previous theoretical findings. Additionally,
in line with the low chances of a having a record for all the satellite series (as shown in
Table 5), no real demand record values were registered during June 2018 for the different
satellite image schemes through the PEPS and GEOSUD platforms.
Based on these results, we can state the following facts:
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Series
Landsat
Sentinel
SPOT
GEOSUD

Probability of having a record on June 2018
P[δt = 1] = 14.65%
P[δt = 1] = 8.60%
P[δt = 1] = 2.56%
P[δt = 1] = 1.14%

Table 5: Probability of records for each considered series.

• The Landsat and Sentinel demands follow a Yang model, with parameters γ
b = 1.1713
and 1.0907 respectively, which is evident through the relatively high probability of
records. This may be seen as an indicator for an unstable demand in the future for
these two schemes with a considerably high probability for future records in Landsat
series.
• The SPOT series are obedient to an iid model, with a low probability of record due
to the fact that the SPOT archive images, accessed through the PEPS operator, are no
more active (the demand is based on the SPOT Word Heritage collection of images).
• The probability of a record in the GEOSUD data is close to zero. This is in line with
the iid case and indicates that GEOSUD is stable in terms of demand. The probability
of large shifts, representing a high volatility in the future, is low.
As mentioned before, the trend to full free and open data access is on the rise, even for
high-resolution data. Although these data are usually distributed on a commercial basis,
some are available for free via web services such as Google Earth and Bing [37, 63]. The
HR satellite imagery provided through the GEOSUD SDI comes as additional concrete example. Since its launch, GEOSUD is facilitating the access to a wide variety of geospatial
data and services [33]. This shift is a major result from the United States open and free
data policy adopted in 2008. Other well-known systems such as CBERS4 have followed.
At the end of 2013, the European Union adopted also this strategy concerning the Sentinel
Earth-observing missions. Even the “New Space” actors such as Planet Labs and SkyBox
are recently making their data available for free to the academic sector and the non-public
organizations [29]. The market stability in the various aspects that it can take, will be a
direct consequence of these facts.
Finally, we perform an additional test to check the level of accuracy of the selected theoretical models with respect to the corresponding empirical set of observations. This step is
done by comparing the expected number of records, obtained theoretically by computing
PT
E[NT ] = t=1 Pt , to the real values computed directly from the set of observations of each
satellite image series. Results are detailed in Table 6.
Series
Real number of records
Expected number of records
Exact relative error (%)

Landsat
9
7.8314
12.984

Sentinel
7
6.0390
13.729

SPOT
5
4.2279
15.442

GEOSUD
5
5.0489
0.978

Table 6: Theoretical vs. empirical number of records.
4 ChinaâĂŞBrazil Earth Resources Satellite program: a cooperation program between Brazil and China aiming
at the development and operation of Earth observation satellites.
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The real number of records is close to the expected ones, which indicates that the considered record models were well-assigned to the series of observations. In addition, the
minimal error is recorded for the GEOSUD demand series, indicating a good fitting of the
classical iid model with the GEOSUD’s records behavior. Thus, an interpretation of this
result relies in a stable demand expected through the GEOSUD SDI on the long term. This
fact is due to the adoption of several actions, such as easy access policies to data, strong
technical support for users, specific training programs, etc. As a direct consequence, GEOSUD recorded a 7-fold increase in less than 10 years in terms of registered organizations on
its platform, with more than 1000 active users.
In general, the demand shifts occurring via a SDI platform can reveal and clarify
relatively the future directions to take, or the measure to deviate from in order to be
well-aligned with the user’s choices and orientations [11, 52]. While the platforms have
become important sources of establishing EO market opportunities, the set of activities
or strategies in the case of SDIs are much of importance in shaping the market dynamics.
In the following, we draw on our results to suggest specific recommendations to SDIs
concerning general market policy development:
Proposition 1. Diversify the SDI web portal with multi-service EO data. Given that the
supply of some EO market is largely superior to other, the attractiveness of one market
could be a factor to end-users to show interest in other schemes available on the SDI
platform.
Proposition 2. Promote adequate and accessible SDI developments, both on upstream
and downstream levels, through investment in storage capacities in order to increase the
satellite image flexibility.
Proposition 3. Provide incentives and subsidies concerning pricing mechanisms in order
to attract more users to the platform. The critical mass of users my increase the stability
through a SDI platform.
Equipping SDIs with processing capability management (sharing of resources, cloud
services, image-based applications, etc.) is necessary in enhancing the dynamic interactions occurring within the platform ecosystem. The sustainability of the future spatial data
operators will rely upon the access conditions and availability of the EO resources [14, 47].
Thus, the stability of the SDI markets, which is in close relation with the development of
common value-creation techniques, will depend on the implementation of open environment principles and interdependent markets and subsystems (e.g., federated user interfaces, interlinked EO data catalogues, standardized interfaces and data norms, etc.).

4

Conclusion

In general, the SDIs constitute a direct link between the large EO user community and the
EO providers. This study is based on two different record models to explain the demand
occurring via a SDI. The novelty results from applying the original Records theory into
the geospatial science field, in order to highlight the shifts happening on various satellite
image markets, each having its own characteristics.
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By studying the market stability of the satellite images through a SDI platform, this
paper offers an innovative and simple tool to exploit the dynamics occurring at the users’
demand level. It provides an additional element in understanding the demand shifts the
SDI could face on its platform. Despite the fact that the stability issue of a market is driven
by several factors (price mechanisms, service quality, users’ critical mass, etc.), applying the
Records theory could clarify the movements occurring on a market within a time-period
continuity. The market stability through SDIs depends on factors showing blurring indicators, making from the market analysis a complex exercise [42]. The challenges in the
satellite imagery markets rely in the rapid evolution of technology as well as the policy
frameworks of data dissemination. While the Records theory drops several constraints, it
offers an additional tool to describe the market stability, and therefore, adding a precision
level into the vague assumptions that could be present in a certain market. In addition, the
EO market dynamics are interdependent with several technological and economic facts,
that even a simple market analysis could be quasi-impossible [20]. Hence, with the unavailability of sufficient data or the complexity of a global market, the Records theory provides
a simple tool allowing to group heterogeneous characteristics and implicate them together
for performing a richer market analysis. As a first SDI market study using the Records
theory, several ways have been revealed for improvement and extension. The main challenge relies on the further development of this research in order to assess the record values
in the future. For this to be done, a more detailed theoretical work should be performed.
Moreover, the methodology used in this study could be reproduced on larger scales such as
the large EO observation programs (Airbus data history, NASA/Copernicus data demand
history, etc.) and other types of geospatial data, where the access and demand conditions
differ and the amount of data is largely greater with an impact consequently bigger. Other
record models may also be included in further assessment, leading to a better examination
of the demand occurring via the SDI ecosystems.
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