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Abstract

Future spaceborne imaging spectroscopy data will offer new possibilities for mapping eco-
systems globally, including urban environments. The high spectral information content of
such data is expected to improve accuracies and thematic detail of maps on urban composi-
tion and urban environmental condition. This way, urgently needed information for envi-
ronmental models will be provided, for example, for microclimate or hydrological models.
The diverse vertical structures, highly frequent spatial change and a great variety of materi-
als cause challenges for urban environmental mapping with Earth observation data, espe-
cially at the 30 m spatial resolution of data from future spaceborne imaging spectrometers.
This paper gives an overview of the state-of-the-art in urban imaging spectroscopy consid-
ering decreasing spatial resolution, the related user requirements and existing knowledge
gaps, as well as expected future directions for the work with new data sets.

Keywords Imaging spectroscopy - Hyperspectral - Urban - Unmixing - Spatial resolution -
Environmental Mapping and Analysis Program (EnMAP)

1 Introduction

In 2018, 55% of the world’s population is estimated to live in cities and the numbers of

urban dwellers and of mega cities will continue to increase rapidly (UN 2018). The
twenty-first century is therefore referred to as the Century of the City (Seto et al. 2010).
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Urbanization constitutes a demographic, socioeconomic and biophysical process that sub-
stantially contributes to global environmental change (Lambin et al. 2001; Pickett et al.
2011). The expansion of impervious areas, the loss of natural environments as well as the
increased landscape fragmentation along with the concentration of human consumption,
production and waste generation alter biogeochemical cycles, climate regimes, hydrologi-
cal systems and biodiversity at multiple scales (Grimm et al. 2008; Lawler et al. 2014).
Globally, urban areas are a major source of CO, and other greenhouse gas emissions (Ken-
nedy et al. 2009). At the regional and local scale, cities are characterized by the urban
heat island, that is, an increased air temperature (Grimmond 2007; Oke 1982), and by air
pollution (Fenger 1999; Hatt et al. 2004). Urban ecosystem condition, its functioning and
spatial-temporal change influence the quality of life and human health (Harlan et al. 2006;
Pauleit et al. 2005; Tan et al. 2010). At the same time, contemporary urbanization has the
chance to promote ecological sustainability due to increased environmental awareness and
returns from innovation, productivity and efficiency (Grimm et al. 2008; Seto et al. 2010).
To ensure that policy sustains benefits of urbanization and anticipates or manages the neg-
ative consequences of urban growth (UN-Habitat 2010), the interactions between socio-
economic and environmental processes in urban landscapes need to be better understood
(Alberti 2005). Integrated research targeting the diverse aspects and implications of urban
systems in times of rapid urbanization is of great importance to face the complexity of
urban dynamics.

Remote sensing can contribute in many ways to the analysis of urban environments
and provides substantial information on ecosystem characteristics (see Small et al. 2018
for a general overview on urban remote sensing). We define the term urban environment
in this paper as contiguous areas of anthropogenic, artificial surfaces used for transport,
commerce, production, administration or housing, plus the included or adjacent vegeta-
tion surfaces that are intensively managed and directly influenced by the artificial cover.
Land cover composition as detailed as construction material abundance (Herold et al.
2003; Roessner et al. 2001), vegetation characteristics such as type, structure or condition
(Alonzo et al. 2015; Degerickx et al. 2018; Delegido et al. 2014; Pontius et al. 2017), infor-
mation on vertical structures and surface roughness (Zhou et al. 2005), water run-off poten-
tials (Weng 2001) or spatial-temporal surface temperature changes (Deng and Wu 2013;
Imbhoff et al. 2010) can be deduced when the full spectrum of remote sensing technology is
considered, including multi- and hyperspectral optical sensors, thermal sensors, microwave
and lidar systems (Small et al. 2018). This way, ecologically relevant information such
as spatial patterns of impervious and vegetated surface, biomass estimates and inputs for
microclimatic or hydrological models can be derived (Carlson and Arthur 2000; Heldens
et al. 2017; Huang et al. 2013; Ngie et al. 2014; Voogt and Oke 2003).

The contribution from optical sensors to the list of variables that can be derived from
remote sensing data is mostly related to the identification of land cover types and mate-
rials or the type and biophysical condition of urban vegetation. Particularly, the spectral
information from imaging spectroscopy data adds relevant detail to the analysis of the
urban environment, for example, to the derivation of ecological indicators (Behling et al.
2015) or urban structure types (Heiden et al. 2012), the characterization of urban green-
ness (Degerickx et al. 2018; Delegido et al. 2014) or modeling meteorological variables
(Brackx et al. 2017). Nevertheless, imaging spectroscopy and optical remote sensing in
general also face challenges when urban environments are mapped. On the one hand, map-
ping is complicated by the high number of spectrally mixed pixels typical of urban imagery
with a great variety of surface materials and high frequent spatial change (Small 2003).
Phenomena such as shadow, illumination differences and object displacement from vertical
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structures, on the other hand, hamper the remote sensing analyses at all scales (Adeline
et al. 2013; van der Linden and Hostert 2009). The spectral ambiguity between land cover
types, due to the presence of construction materials with similar reflectance properties, and
the spectral heterogeneity within single land covers, due to the high diversity of materials
and species or the high spectral variability of the single materials or species, constitute
further challenges (Fig. 1; Herold and Roberts 2005; Herold et al. 2004; Small 2001; van
der Linden et al. 2007). Here, imaging spectroscopy data have proven more reliable than
data from multispectral instruments. Urban vegetation also marks an especially challeng-
ing case. Street trees, for example, live under extreme conditions, often being exposed to
higher actinic stress, lower water supplies and higher loads of air pollution (Damm 2008).
Their sparse spatial distribution requires very high spatial resolution imagery for accurate
mapping (Tigges et al. 2013), while urban street canyons may cause extreme illumination
situations and trees are often obscured by surrounding buildings (van der Linden and Hos-
tert 2009). Again, an increased spectral information adds to the quality of results (Alonzo
et al. 2014). The combined complexity of material composition and vertical structures also
renders the modeling of radiative transfer challenging and processing intensive. Despite
the existence of ray-tracing models that can model urban radiative transfer under certain
conditions (Gastellu-Etchegorry et al. 2015), studies reporting the use of model inversion
for mapping biophysical parameters for different land covers at relevant spatial extent are
still missing.

Given the fine-scale spatial patterns and highly frequent spectral variation of urban
surfaces, the spatial resolution of remote sensing imagery becomes a key factor in map-
ping urban environments. Thus, the soon-to-come step from airborne to spaceborne imag-
ing spectroscopy marks a major challenge for urban remote sensing. This overview paper
reflects on the state of imaging spectroscopy and the respective potentials and challenges
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Fig. 1 Examples for urban surface spectra ordered by land cover type. Plots reveal the spectral heterogene-
ity within built-up land cover classes and the similarity between them
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in the context of future spaceborne imaging spectrometers such as the Environmental Map-
ping and Analysis Program EnMAP (Guanter et al. 2015) or the Hyperspectral Infrared
Imager HyspIRI (Hochberg et al. 2015).

2 State-of-the-Art in Imaging Spectroscopy of Urban Environments

Imaging spectroscopy has been shown to be a powerful tool for remote sensing of urban
environments in many studies (Herold et al. 2007; Roberts et al. 2012). Its high spectral
information content overcomes the challenges caused by spectral ambiguities in multi-
spectral data to a certain extent (Herold et al. 2004) and allows analysis at different lev-
els of thematic detail (Fig. 2). Airborne imaging spectroscopy data have long been used
for detailed urban mapping up to the material level (e.g., Heiden et al. 2007; Herold et al.
2003). However, airborne observations are mostly constrained in spatial coverage (i.e., usu-
ally only parts of cities) and temporal frequency (i.e., irregular and usually not multiple
annual observations), which so far has led to a limited use in city- to regional-scale urban
applications such as urban ecosystem management or urban planning. Relatively few stud-
ies include satellite-based imaging spectroscopy data (e.g., Demarchi et al. 2012a; Fan and
Deng 2014; Licciardi and Del Frate 2011; Weng et al. 2008) or simulations of future spa-
ceborne systems (e.g., Okujeni et al. 2015; Roberts et al. 2012; Rosentreter et al. 2017),
which lack the spatial detail needed for many applications, especially in the context of
urban planning. Once upcoming spaceborne sensors provide high-quality full-range imag-
ing spectroscopy data with large area coverage and high temporal frequency, the number of
urban environmental applications with imaging spectroscopy data that do not require very
high spatial detail is expected to increase, for example, the mapping of physical composi-
tion for urban climate models.

The decrease in spatial resolution, when moving from air- to spaceborne observa-
tions, leads to the aggregation of different surface types into larger pixels (Fig. 3) and,
hence, to severe mixing of spectral signals (Fig. 4). The number of pure spectral sig-
nals that mark the vertices of the spectral feature space is quickly reduced when pix-
els from different surface types are aggregated. At 30 m spatial resolution, only few
pure clusters remain along the edges of the typical triangular mixing space described
by Small (2005), while the majority of pixels is located in the center of the spectral
feature space. With increasing spectral mixing, the distinct spectral characteristics of
unique urban materials are lost, which makes classification at the urban material level
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Fig.2 Hierarchical land cover categorization scheme adopted for urban mapping. VIS refers to a vegeta-
tion-impervious surface-soil (V-I-S) model. From Heiden et al. (2007, modified)
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HyMap 3.6 m HyMap 9.0 m EnMAP 30 m

Fig.3 True color images from airborne Hyperspectral Mapper (HyMap) data at 3.6 and 9.0 m and from
simulated Environmental Mapping and Analysis Program (EnMAP) data at 30 m spatial resolution for Ber-
lin, Germany, showing the loss of spatial and spectral detail caused by spatial aggregation of urban struc-
tures

HyMap 3.6 m HyMap 9.0 m EnMAP 30.0 m

PC1

Fig. 4 Two-dimensional spectral feature space along first and second principal components of data from
HyMap at 3.6 and 9 m spatial resolution and from simulated EnMAP data at 30 m. Density is displayed as
color range from dark blue over green and yellow to red; scaling is irrelevant, yet identical. Details see text

unrealistic. Urban mapping at coarser resolutions therefore rather focuses on delineating
the three main urban cover types vegetation, impervious and soil (VIS) (Ridd 1995), or
extended variants of the VIS framework (Fig. 2; e.g., Okujeni et al. 2015; Roberts et al.
2012; Weng et al. 2008). Due to the significant influence of spatial resolution on the
level of thematic detail and accuracy of existing studies, the remainder of this section
will be structured along the spatial scale, starting with the laboratory and field (indefi-
nitely high spatial resolution) through to the airborne (very high to high spatial resolu-
tion) and spaceborne (medium spatial resolution) scale. For each spatial scale, presented
literature is organized along the type of application, starting with qualitative analysis,
that is, discrete classification into land cover, material or vegetation types, leading over
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to quantitative analysis, that is, mapping of cover type fractions, and ending with the
description of biophysical parameters, if existent at that scale.

Field and laboratory spectroscopy allows for the most detailed spectral measurements
of urban materials or urban vegetation, given the very high number of spectral bands, for
example, 2150 in the case of the full-range Analytical Spectral Devices (ASD) spectro-
radiometer, indefinitely high spatial detail, and (at least partially) standardized illumina-
tion. Multiple spectral measurements from the field or laboratory are usually collected in
spectral libraries and analyzed for characteristics that have been acquired in parallel to the
measurement, for example, material composition or biophysical variables. However, only
few results from urban areas using field- or laboratory-based spectral libraries are reported
in the literature. Herold et al. (2004) developed a comprehensive field spectral library of
more than 4500 individual spectra for the vicinity of Santa Barbara, USA. In a systematic
statistical analysis, they revealed opportunities and limitations for separating urban land
cover types and for identifying important wavelength regions for urban remote sensing.
Ben-Dor et al. (2001) developed an urban spectral library from a collective spectral data-
base (Price 1995) to explore the visible and near-infrared spectral characteristics of urban
cover types typical for Tel-Aviv, Israel. In a follow-up study, the use of the entire visible to
shortwave-infrared region based on a spectral library obtained from in situ measurements
for the recognition of urban materials was illustrated (Ben-Dor 2001).

Pure image spectra that have been extracted from spectrally homogeneous regions in
high spatial resolution airborne imaging spectroscopy data constitute an alternative means
to develop or complement urban spectral libraries. For example, Heiden et al. (2007) devel-
oped a comprehensive field and image spectral library of more than 21,000 urban materi-
als representative for many German cities. They explored this library to identify unique
material-specific spectral features that are robust against spectral overlap between material
classes and within-class variability. Findings obtained from field, laboratory or high spatial
resolution image spectral libraries mainly contribute to an improved understanding of gen-
eral spectral properties of urban materials, including their brightness (albedo), slope and
shape of the broad continuum, absorption features or separability.

Beyond the description of urban materials, spectral measurements are also used to
describe vegetation properties and the relevance of very high spectral detail has, for exam-
ple, been shown in the context of mapping urban air pollution based on leaf chlorophyll
content and fluorescence yield of urban street trees (Brackx et al. 2017; Van Wittenberghe
et al. 2013). Even though the mixed pixel challenge is not tackled at this scale, insights into
opportunities and limitations of imaging spectroscopy for urban mapping at airborne and
spaceborne scales are provided.

With airborne imaging spectroscopy at 1-5 m spatial resolution, classification of
urban land cover has been shown to be highly accurate (e.g., Demarchi et al. 2014;
Roessner et al. 2001). The level of thematic detail in classification approaches (com-
pare Fig. 2) is related to the subsequent analyses and reaches from extended variants of
VIS (e.g., Roessner et al. 2001; van der Linden et al. 2007), to more material-oriented
mapping approaches (Franke et al. 2009; Herold et al. 2003). Priem and Canters (2016)
used airborne prism experiment (APEX) data of 2 m spatial resolution and 252 spec-
tral bands for mapping the city center of Brussels, Belgium, with 27 material and land
cover classes (Fig. 5). They applied kernel-based support vector machines from the field
of machine learning and derived a map of 81% overall accuracy (Fig. 5c). They could
reliably separate distinct types of roofs (ceramic tiles, shingle, fiber cement), pave-
ment (asphalt, concrete, cobble stone), soil, trees and grass. The strength of machine
learning approaches like support vector classification for the analysis of urban imaging
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Fig.5 True color red/green/blue (RGB) visualization of APEX data from Brussels, Belgium (a), shadow
mask representing the digital surface model information used for post-classification correction (b) and the
results from support vector classification (SVC) without (¢) and with (d) inclusion of the digital surface
model. From Priem and Canters (2016)

spectroscopy data at very high spatial resolution is also shown in studies aiming at
extended VIS classes that include multimodal spectral distributions, typical for urban
environments (e.g., van der Linden et al. 2007). An alternative to machine learning clas-
sification is classification based on unmixing approaches (Franke et al. 2009) or combi-
nations of unmixing and statistical classification (Roessner et al. 2001). Despite the high
level of thematic detail and accuracy that is achieved with very high spatial and spec-
tral resolution imaging spectroscopy data and powerful classifiers, some typical urban
challenges like spectral ambiguity and low signal in shadowed areas remain. Priem and
Canters (2016), for example, further improved their results from 81 to 88% overall accu-
racy over Brussels by post-processing of their APEX-based map using information from
high-resolution lidar data (Fig. 5d). Studies focusing on classifying vegetation cover
types in urban areas come to similar conclusions: very high-resolution airborne visi-
ble/infrared imaging spectrometer (AVIRIS) data alone allowed high overall accuracies
when mapping, for example, 15 tree species over Santa Barbara, USA, while tree crown

@ Springer



Surveys in Geophysics

mapping was more reliable when including vertical density measures from full wave-
form lidar data (Alonzo et al. 2013, 2014).

Even at spatial resolutions below 5 m, a high number of spectral mixings occur and sin-
gle pixels are often composed of more than one spectral endmember, that is, a spectral sig-
nal that is considered as being the pure representation of a cover type at the thematic level
of the given research. Wetherley et al. (2017), for example, stated that about half of the
pixels in a 4-m resolution AVIRIS Next-Generation (NG) image consisted of two or more
endmembers according to model selection in a multiple endmember spectral mixture anal-
ysis (MESMA). This finding is confirmed by a multi-scale analysis at the thematic level
of extended VIS that was synthesized in the context of this review from existing studies:
Approximately 45% of the pixels in 3.6-m resolution data are composed of more than two
of the extended VIS land cover types according to detailed reference maps (Fig. 6). The
share of mixed pixels and the number of land cover types mixed in single pixels increases
with coarser spatial resolution.

To effectively cope with the spectral mixing without information loss, quantitative map-
ping approaches, that is, approaches estimating land cover fractions within pixels, are used
to estimate sub-pixel fractions of urban land cover at the pixel scale. Okujeni et al. (2013)
showed that the high information content of airborne imaging spectroscopy data allowed
for extended VIS fraction mapping, that is, impervious, the 7, into roofs and paved surfaces
and vegetation, the V, into trees and low vegetation, in a support vector regression approach
that used synthetically mixed training data from a 3.6-m HyMap data image endmember
spectral library. Similar results for an extended VIS framework are reported by Degerickx
et al. (2017) on the same data set using MESMA with different endmember selection tech-
niques and Wetherley et al. (2017) using AVIRIS NG data at 4 m with MESMA, as well as
by Chen et al. (2017) using reflective optics system imaging spectrometer (ROSIS) data at
1.3 m covering the visible to near-infrared range and a more recent sparse spectral unmix-
ing approach.

Beyond mapping and quantifying of urban land cover, the information in high spatial
and spectral resolution airborne data can be used to characterize the state and condition
of urban green. Degerickx et al. (2018) employ 2-m resolution APEX data in combination
with airborne lidar data to retrieve the chlorophyll content and leaf area index of individual
urban trees in the city of Brussels, Belgium, using partial least squares regression. By com-
bining these outcomes into an objective urban tree health assessment, which is shown to
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Fig.6 Relative frequencies of pixels including different numbers of discrete land cover types in HyMap
imagery at 3.6 and 9 m spatial resolution and a simulated EnMAP image at 30 m resolution. High-resolu-
tion land cover reference information included the extended VIS classes roof, pavement, low vegetation,
trees and soil. Based on data from Okujeni et al. (2013, 2014, 2015)

@ Springer



Surveys in Geophysics

match the results from a traditional visual tree health assessment, the authors clearly illus-
trate the potential of imaging spectroscopy for urban tree health monitoring.

With airborne imagery at coarser spatial resolution of >5 m ground sampling distance,
classification into discrete classes has hardly been used in the urban context and quanti-
tative mapping techniques are becoming even more important. Several authors report on
the strength of imaging spectroscopy data in this context. Wetherley et al. (2017) com-
pared results derived from AVIRIS NG at 4 m and from AVIRIS Classic at 18 m using
MESMA with different image endmember library variants. The two AVIRIS sensors were
flown at different altitudes and could, hence, be processed at native resolutions. For their
best fraction estimates, the authors reported similar accuracies for the green vegetation,
impervious and pervious (mean R? of 0.933 at 4 m and 0.900 at 18 m). For spectrally more
similar cover types in the extended VIS model, that is, turf grass, tree, paved, roof, non-
photosynthetic vegetation and soil, they discovered a decrease in accuracies (mean R* of
0.837 at 4 m and 0.760 at 18 m). Despite this decrease, these findings indicate the pos-
sibility to work with more detailed classes when adopting coarser resolution data. Okujeni
et al. (2014) transferred their findings from 3.6 m data to 9 m and reported high accuracies
for the work with synthetic training data when combined with support vector regression,
but also other machine learning approaches. More detailed maps on urban vegetation also
require quantitative mapping frameworks. Gu et al. (2015), for example, used non-metric
multidimensional scaling ordination (NMDS) to map canopy traits in 11.8-m AVIRIS data.
Based on these trait maps, they predicted dominant species composition of urban forest
patches. However, studies at spatial scales>5 m do not achieve the accuracies of studies
with higher spatial resolution (Delegido et al. 2014) or studies including structural infor-
mation from, for example, lidar sensors (Alonzo et al. 2015).

Nowadays, spaceborne imaging spectrometers can acquire data at minimal ground sam-
pling distances of 30 m, as will be the case for ENAMAP or HyspIRI (Guanter et al. 2015).
So far, only few studies in urban environments have used Hyperion imagery, which comes
closest to the characteristics of future systems but lacks sufficient radiometric quality in
the shortwave-infrared (Kruse et al. 2003). All these studies aim for land cover fractions
instead of discrete classification. Weng et al. (2008) extracted the fraction of impervious
surface from Hyperion data with an RMSE of about 17% using a VIS approach that sepa-
rated high and low albedo impervious surfaces as suggested by Wu and Murray (2003)
based on multispectral data. Fan and Deng (2014) achieved similar accuracies for imper-
vious surface fractions, while separating tree and non-woody vegetation in an enhanced
MESMA approach. The spaceborne compact high-resolution imaging spectrometer
(CHRIS) only covers the wavelength range from 410 to 1050 nm and can therefore achieve
18-m ground instantaneous field of view. It is capable of tilting to derive quasi-simultane-
ous image acquisitions at multiple viewing angles and has been used by various authors in
an urban context (e.g., Demarchi et al. 2012a; Duca and Del Frate 2008; Licciardi and Del
Frate 2011). For example, Duca and Del Frate (2008) used multi-angular acquisitions from
the CHRIS instrument and improved classification accuracies of an extended VIS scheme
(dark asphalt, bright asphalt, buildings, among other cover types) by almost 7% compared
to a single nadir acquisition. Demarchi et al. (2012b) also showed an improvement in the
accuracy of quantitative mapping of imperviousness from CHRIS data when using multi-
angle instead of single, close-to-nadir imagery.

The limitations of existing spaceborne imaging spectrometers have led to an increased
use of data from end-to-end sensor simulations in the context of mission preparations for
EnMAP or HyspIRI (Roberts et al. 2012; Segl et al. 2012). During end-to-end simulation,
an at-sensor raw digital number (DN) image is modeled for an area with known reflectance
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factors, assuming realistic solar illumination and atmospheric conditions. The reflectance
factors may stem from high spectral and spatial airborne imagery or from forward mod-
eling of, for example, vegetation canopies. The full radiative path from Sun to the geo-
graphic location of the area and to the sensor is simulated, followed by a simulation of the
signal’s modulations within the sensor and during recording. The resulting raw DN product
is afterward preprocessed to level 2a using the standard ground segment workflow. Several
authors have worked on urban environments with future Earth observation imaging spec-
troscopy data from such simulations. Okujeni et al. (2015) used simulated EnMAP data
for mapping extended VIS components. The study proved both the capability of imaging
spectrometry data to quantify spectrally similar cover types like roofs and pavements, or
low and high vegetation at 30 m and the superiority of the higher spectral resolution in
comparison to multispectral Landsat data. This is in line with results from Roberts et al.
(2012) using simulated HyspIRI data with MESMA and from Rosentreter et al. (2017) who
used simulated EnMAP data and a multi-class SVR. They all conclude that mapping class
fractions at the thematic detail of extended VIS from spaceborne imaging spectroscopy is
worthwhile.

3 User and Observational Requirements

The literature overview in the previous section clearly shows that imaging spectroscopy
data is mainly used for the identification of materials and the estimation of their associated
land cover. Based on the reported state-of-the-art, the following user and observational
requirements can be derived.

The requirements in terms of temporal resolution strongly depend on the thematic
classes to be studied. On the one hand, individual images are usually sufficient to map
anthropogenic surfaces. Ideally, the acquisition date and time minimize the share of
shadow and the degree of reflectance anisotropies. The combination of leaf-on and leaf-
off data from the same year, on the other hand, can help quantifying deciduous tree cover
or surface cover underneath canopies. The advantage of multiple images per year is even
higher when mapping tree species: information from various dates to better describe phe-
nology stages will increase separability and improve characterization of vegetation struc-
ture and vigor (e.g., using multispectral data refer to Pontius et al. 2017; Tigges et al. 2013;
Wirion et al. 2017). Denser time series of acquisitions may help characterize phenology
and the influences of, for example, neighboring artificial surfaces on microclimate models.

Radiometric resolution requirements are not as high as, for example, in aquatic applica-
tions (see Giardino et al. 2018, this issue). However, the analysis of images with a high
amount of shadow may benefit from high radiometric resolution and better signal-to-noise
ratios in order to better differentiate land cover in shaded areas (van der Linden and Hostert
2009).

Looking at spectral resolution requirements, the benefits of the high spectral informa-
tion content have been demonstrated in many studies. Particularly, when classification
schemes aim for a high level of detail, such as material composition, additional spectral
information leads to significantly higher accuracies at all spatial scales (Herold et al. 2003,
Okujeni et al. 2015). The description of vegetation characteristics in urban environments
also benefits from high spectral resolution (Alonzo et al. 2014; Delegido et al. 2014; Lau-
neau et al. 2017).
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To acquire data with very high spectral resolution from space, however, the spatial res-
olution must be decreased. Maps on urban material composition at more thematic detail
than extended VIS schemes appear unrealistic with the near future spaceborne imaging
spectrometers at 30 m spatial resolution, due to the high degree of spectral mixing (Fig. 4),
while the level of detail as in extended VIS schemes appears feasible to differentiate
(Okujeni et al. 2015; Roberts et al. 2012). To summarize the influence of spatial scale as
reported in Sect. 2, results from existing studies have been collected and reanalyzed in the
context of the present review (data from Okujeni et al. 2013, 2014, 2015). The deficiencies
and potential of mapping extended VIS components at scales reaching from 3.6-m spatial
resolution airborne data to (simulated) spaceborne resolution are illustrated in Figs. 7 and
8. Despite the significant increase in spectral mixing and loss in spatial detail, Fig. 7 shows
general spatial patterns of the extended VIS fraction estimates as derived by support vec-
tor regression models that were trained with synthetic library mixtures are well preserved
across scales (Fig. 7). Roof, low vegetation, trees and soil fractions can be estimated with
a slight decrease in model performance when progressing from<5 to 30 m spatial reso-
lution (Fig. 8). Pavement fractions are inaccurate and underestimated at all scales, while
roofs and soils are often overestimated at very low fractions. This observation points to the
general limitation of separating paved areas from roofs and soils in optical remote sensing
data even when using imaging spectroscopy for urban mapping. Similarly, low vegetation
is underestimated, while trees are slightly overestimated across the entire range of values.
Both effects relate to spectral ambiguity of materials, high shadow fractions and high fre-
quencies of spectral mixing along small objects or linear features.

Therefore, there is evidence that data from future spaceborne spectrometers will con-
tribute relevant information to studies at 30-m scale and for subsequent analyses, for exam-
ple, environmental models, at such spatial scales, despite the loss of spatial detail compared
to airborne sensors. The final accuracy and level of detail that can be achieved with actual

HyMap 3.6 m HyMap 9.0 m EnMAP 30 m

BlRoof [ ]Pavement [ |Low vegetation [JlllTree [MSoi [Other
Fig. 7 Quantitative land cover maps of Berlin using imaging spectroscopy data at different spatial resolu-

tions based on the synthetic unmixing approach by Okujeni et al. (2013). Map colors are weighted averages
of class colors. Gray to brown colors, as visible in the 30-m resolution map, depict multi-class mixtures
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Fig. 8 Scatter plots and error metrics of fraction estimates for rooftops, paved surfaces, trees, low vegeta-
tion and soil based on imaging spectroscopy data at 3.6, 9 and 30 m spatial resolution. Estimates are com-
pared to reference fractions based on very high-resolution vector layers aggregated to the 30-m raster cells
of the simulated EnMAP data. Results based on reanalyzed data from Okujeni et al. (2013, 2014, 2017)

data cannot be predicted based on simulated data from end-to-end simulation. The reflec-
tance surfaces underlying such simulations always include artefacts following the complex
surface geometry of the urban environment, for example, through object displacement (van
der Linden and Hostert 2009), or illumination anisotropies from large view angles in the
original airborne data (Schiefer et al. 2006).

In comparison with other environments, the requirements for mapping and monitoring
urban areas with Earth observation data may to some extent be similar to those from geo-
logical applications (e.g., van der Meer et al. 2012), where material identification and frac-
tion estimates prevail. Only relatively large and homogeneous urban vegetation surfaces,
for example, larger forest patches, may require similar approaches as forest mapping out-
side urban areas (see Hill et al., under review, this issue).

4 Challenges and Future Directions

Nowadays, spaceborne multispectral imagery is available from finer than 1 m spatial reso-
lution for the analysis of urban environments. In the near future, imaging spectroscopy data
will be acquired at 30 m resolution with sensors such as EnAMAP and HyspIRI, as well as
the Hyperspectral Imager Suite (Matsunaga et al. 2017) and PRISMA (Guarini et al. 2017).
These sensors enable repeated observations almost everywhere on the globe under more
standardized acquisition conditions and with operational preprocessing. Still, the selection
of data sets by users working in urban environments will always depend on the intended
level of spatial detail. Given the technical trade-off in spectral and spatial resolution, spa-
ceborne imaging spectroscopy data alone will hence not automatically become number one
choice, for example, by urban planners, due to the small size of most urban objects.
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To incorporate the potential of higher spectral resolution, data fusion techniques can be
expected to play a pivotal role in fostering the use of such data. For the fusion with second-
ary optical data, approaches based on Sentinel-2 Multispectral Imager (MSI) data appear
promising (Yokoya et al. 2016). The relevance of increased spatial detail in combination
with high spectral information content for urban mapping has already been shown using
CHRIS data (Demarchi et al. 2012b).

The benefits of including structural information especially from lidar are mentioned
in Sect. 2. With the Carnegie Airborne Observatory-2 (Asner et al. 2012), similar multi-
sensor constellations have been successfully implemented for airborne observation. Such
structural information may be used at the original 30 m or even higher resolutions by
downscaling the spectral signal as done by Alonzo et al. (2014) for analyzing single urban
trees. With detailed digital surface models being available for many urban areas around
the world as well as products from microwave sensors such as TanDEM-X, more fusion
approaches become feasible, once imaging spectroscopy is available at higher frequencies.
Attempts to achieve this in urban environments with multispectral data exist (Zhu et al.
2012).

For studies aiming at monitoring temporal developments or mapping entire regions as
well as for comparative studies on urban areas at continental or even global scale, future
spaceborne imaging spectrometers will introduce major advantages with regard to data
availability: (1) at least for selected regions, multiple observations per month become pos-
sible and (2) data will be globally available under stable sensor characteristics and with
standardized preprocessing workflows. These changes offer several opportunities for the
work with imaging spectroscopy data. Yet the suite of analysis approaches will have to be
adapted at some points, before being able to make ideal use of the new wealth of data. With
regard to multi-temporal data sets, for example, time-series analysis has to move beyond
the analysis of simple, mostly vegetation-related indices that may also be calculated from
multispectral data. Such indices are better derived from instruments such as Sentinel-2
with significantly higher repetition rate and spatial detail. Instead, new spectral indices or
feature extractions from waveband regions only present in imaging spectroscopy data are
required (Leitdo et al. 2015). This way, temporal changes may be incorporated in the analy-
sis of urban areas to observe urban growth, densification or changes in composition.

When the same sensor and preprocessing are used for comparative analysis, the trans-
fer of models, spectral libraries and even expert knowledge, for example, on characteristic
spectral features as described in Heiden et al. (2007) will offer new ways for developing
biophysically based semiempirical or purely empirical mapping models.

This will, however, require joint activities, for example, the generation of urban spectral
libraries including image spectra from cities in all regions that shall be monitored. First
attempts in this direction are already being made for foliar traits (e.g., Singh et al. 2015)
and may in similar ways be extended for urban areas. The idea of using synthetic mixtures
between different surface spectra from spectral libraries (Okujeni et al. 2017) to map sur-
face fractions in imagery of different spectral resolution has been proven useful (Priem
et al. 2016, 2017). Similarly, Wetherley et al. (2017) used spectra from images at different
spatial resolutions and this way improved results at all scales. In addition, more work is
needed to adapt spectral libraries to new image data sets, by pruning techniques (Degerickx
et al. 2017) or extension of libraries by automated integration of unknown surface material
spectra (Jilge et al. 2017).

Finally, the production of more detailed and accurate maps requires new frameworks
that allow several application fields to make use of the same high-quality maps derived
from urban imaging spectroscopy data. In the context of land cover mapping, advances
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were made regarding land cover classification scheme standardization. Most of urban plan-
ning activities are based on urban spatial units such as land parcels, urban blocks, urban
structure types, urban biotopes or administrative units. However, the nomenclature of such
units is highly complex and lack standardization and consistency. This led, for example,
to the concept of Functional Urban Areas in the Urban Atlas of the European Copernicus
Services (http://land.copernicus.eu/local/urban-atlas). Environmental modelers need more
physical-based parameters such as abundance of impervious areas, the building density and
the abundance, structure and condition of vegetation. Over the past years, the concept of
local climate zone mapping, for example, has become widely recognized even beyond pure
climate science. It characterizes regions of uniform surface cover, structure, material and
human activity (Bechtel et al. 2015; Stewart and Oke 2012). Based on spaceborne urban
surface material mapping, any urban spatial unit can be characterized and thus can support
the standardized physical description of cities.

The future availability of spaceborne imaging spectroscopy data will offer room for new
analysis approaches of urban environments, yet efforts at several ends are needed for an
operational use of the new data.
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