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Chapter 1
Introduction
1.1

Motivation

Montane cloud forest (MCF) is one of the most threatened ecosystems worldwide (cf. Sect. 1.2). For the planning of measures for its protection as
well as for research purposes, the mapping of MCF areas throughout the
globe is urgently required. This view is shared in the UNEP-World Conservation Monitoring Centre (UNEP-WCMC) Cloud Forest Agenda (Bubb et
al., 2004). Precise mapping approaches would, for example, help to assess
whether MCF is sufficiently covered by existing conservation areas. Also,
the impact of climate change and other human disturbance could better be
estimated using maps of MCF areas. Vegetation studies covering a large
area using remote sensing methods (that can, for example, be used to map
the condition of the vegetation) would benefit from MCF maps by having a
clearly defined area of investigation.
Despite this necessity, a reliable MCF map does not exist for the full area
of the island of Taiwan. A map of MCF by Bubb et al. (2004) distributed in
the UNEP-WCMC Cloud Forest Agenda that was created for the whole tropics and should therefore cover the tropical south of Taiwan does not show
any MCF occurrence here. A map by Mulligan and Burke (2005), which
was also created for the whole tropics, shows MCF occurrence in Taiwan
(cf. Sect. 1.4). The mapped area is, however, not consistent with vegetation plots from the National Vegetation Database of Taiwan (Global Index
of Vegetation-Plot Databases ID: AS-TW-001) and covers only the tropical
south of Taiwan.
The best available information about the extent of MCF in Taiwan is
therefore given by the vegetation plots from the National Vegetation Database
of Taiwan (Fig. 1.1). These plots (each with an area of 400 – 2000 m2 ) are

1

distributed over the whole island but cover only a fraction of it. Therefore
it can, for example, not be stated whether the MCF plots that are outside
of protected areas (hatched area in Fig. 1.1) are parts of bigger MCF areas
or more isolated occurrences. In conclusion, a new mapping effort seems
necessary for MCF in Taiwan.

1.2

Object of investigation

For mapping purposes, a precise definition of what will be mapped is necessary. Many definitions exist for the term “montane cloud forest” and different
terms are used to refer to forest types that can be considered as MCF (cf.
Stadtmüller (1987) for an overview on nomenclature). As montane cloud
forest ecosystems exist under various environmental conditions (regarding,
e.g., rainfall, temperature, distance to the sea, height, exposure to wind and
mountain size; Bruijnzeel and Hamilton, 2000; Bubb et al., 2004; Bruijnzeel
et al., 2011; Grubb, 1977), a definition including all these ecosystems is required. Therefore the definition of MCF as forest affected by frequent and
persistent occurrence of clouds on ground level (ground fog) is widely used in
literature (e.g., Bubb et al., 2004; Hamilton, 1995; Mildenberger et al., 2009;
Mulligan and Burke, 2005; Mulligan, 2010; Nair et al., 2008; Thies et al.,
2015). This definition is, however, not applicable for MCF mapping in Taiwan as hardly any ground truth data about ground fog occurrence is available
for the mountainous areas, where MCF might occur (cf. Sect. 4.2). Binarily
classified (MCF/non-MCF) plots from the National Vegetation Database of
Taiwan will be used as a reference instead. The classification of the plots (cf.
Sect. 4.4.3) is based on expert knowledge that has been formalized based
solely on the species composition. Therefore the definition of MCF used in
this thesis is “forest with a species composition that is highly correlated with
frequent and persistent occurrence of clouds on ground level”.
MCF areas are mostly located within a narrow altitudinal zone with
frequent ground level condensing conditions. Therefore this ecosystem is
naturally fragmented. The frequent cloud immersion of the forest leads to
interception of cloud water by the canopy. In combination with reduced
evapotranspiration caused by lowered irradiation due to the frequent cloud
occurrence, a low vapor pressure deficit, and canopy wetting, this results in a
net gain of the water budget (Bubb et al., 2004; Postel and Thompson, 2005).
This is especially important in relatively arid areas as the additional water
supply can double the overall water supply. In humid areas, the contribution
to the overall water supply is still significant, adding up to 15 to 20 % of the
precipitation by rainfall (Bruijnzeel and Hamilton, 2000). Rivers originating
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Figure 1.1: Topography (derived from the ASTER GDEM 2 digital elevation
model (property of METI and NASA) distributed via the USGS global data
explorer (United States Geological Survey, 2013)) and vegetation of Taiwan
(taken from the National Vegetation Database of Taiwan and classified as described in Sect. 4.4.3). Protected areas were taken from the World Database
on Protected Areas (IUCN/UNEP-WCMC, 2016). Country borders were
taken from OpenStreetMap (OpenStreetMap contributors, 2016)

in MCF areas carry – for the same amount of rainfall – more water than other
rivers and their level is more steady during dry periods. Thus, MCFs allow
a stable water supply for human settlements and are therefore an important
ecosystem service provider (Bruijnzeel et al., 2011; Bubb et al., 2004; Dudley
and Stolton, 2003; Hamilton, 1995; Postel and Thompson, 2005)
Ecological as well as edaphic properties of MCF are strongly influenced
by its hydrological characteristics. Trees are covered by mosses, lychens, and
other epiphytes contributing to the interception. Furthermore, MCFs are
among the species-richest ecosystems and are the habitat of many endemic
species (Bruijnzeel et al., 2011; Gentry, 1992; Hsieh, 2002). The occurrence of
endemic species is favored by the fragmentation of MCF areas (Foster, 2001).
An analysis by Bruijnzeel et al. (2011) has shown that the species richness
of mammals is for the average of all tropical cloud forest areas (as mapped
globally by Mulligan and Burke (2005), cf. Sect. 1.4) ∼ 40 % higher than
for the average of non-cloud forest tropical ecosystems and the number of
endemic mammals is ∼ 4 times higher. The soils of MCF are usually (but not
necessarily) acidic and peaty and tend to be characterized by waterlogging
(Campanella, 1995; Stadtmüller, 1987).
MCF is considered to be one of world’s most threatened ecosystems
(Aldrich et al., 1997a; Bubb et al, 2004). Different studies have shown a decrease in fog frequency in MCF areas that might be linked to global warming
(Bruijnzeel et al., 2011; Hu and Riveros-Iregui, 2016; Loope and Giambelluca, 1998; Ponco-Reyes et al., 2012; Pounds et al., 1999; Still et al., 1999).
As the fragmentation of MCF areas impedes relocation as well as repopulation, an adaptation to changing conditions is difficult (Foster, 2001). The
fragmentation of MCF is further increased by human deforestation for road
construction, timber harvesting or agriculture (Bubb et al, 2004; Lawton et
al., 2001; Peh et al. 2011; Pope et al., 2015). Recovery to near-original conditions from such impacts is slow – the recovery rate is among the lowest of
all tropical forest types (cf. Bruijnzeel et al. (2011) for a literature overview)
– and can take up to 200 to 300 years (Olander et al., 1998; Weaver, 1990).

1.3

Study area

The name Taiwan refers to an island off the southeast coast of mainland
China (cf. Fig. 1.1) as well as to the Republic of China that is located on
this island and some minor nearby isles. As all known occurrence of MCF
within the Republic of China is located on the island of Taiwan, the study
area of the present thesis is restricted to its extent and the name Taiwan will
hereinafter be used to refer to the island and not to the Republic of China.
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Taiwan is crossed by the Tropic of Cancer dividing it into a tropical
southern part and a subtropical northern part. Its climate and its altitudinal zonation are described in detail in Sect. 4.2. Of particular importance for
the present work is the montane cloud zone between ∼ 1500 and 2500 m a.s.l.
that is characterized by frequent ground fog occurrence (Li et al., 2013). Especially on the eastern slopes of the Central Mountain Range (CMR) advection and orographic uplift of moist air masses from the Pacific Ocean lead to
the frequent formation of a sea of clouds (cf. Fig 2.4 and 3.2) causing ground
fog. The vegetation within the montane cloud zone is dominated by either a
mix of deciduous broad-leaved, coniferous, and evergreen broad-leaved forests
or purely evergreen broad-leaved forests, both with characteristic features of
MCF.
As the plots from the National Vegetation Database of Taiwan show,
MCF can also be found outside of the 1500 to 2500 m a.s.l. interval. In the
northern and southern parts of the CMR, the distribution reaches altitudes
as low as 1000 m a.s.l.. Isolated occurrences (particularly in the north) can
be found below 500 m a.s.l. (cf. Fig. 1.2). Two factors can be assumed to
be responsible for this distribution:
• Besides altitude, monsoonal influence has the strongest impact on the
climatic variation in Taiwan. The summer monsoon coming in May to
August from the southwest brings heavy rainfall to the whole island.
The winter monsoon coming from the northeast in September to
April brings moderate rainfall and heavy fog to the windward parts of
the island (Chen and Chen, 2003; Li et al., 2015; Lai et al., 2006). The
latter was linked by Li et al. (2013; 2015) to MCF at atypically low
altitudes in northeastern Taiwan. Also, Fig. 1.1 and Fig. 1.2 show
many MCF plots at low altitudes here.
• The Massenerhebung effect causes a contraction (= lowering) of
vegetation zones for isolated mountain terrain, especially if it is near
the ocean. It is of particular importance for the distribution of MCF as
it shifts the condensation level (and thus the altitude of frequent cloud
immersion of the terrain) downwards. This is linked to a steep temperature lapse rate of isolated mountains and a high water vapor content
of the atmosphere around isolated coastal mountains (Bruijnzeel et al.,
1993; Flenley, 1995; Foster, 2001; Ohsawa, 1995).
For Taiwan, the Massenerhebung effect is considered as an explanation
for lowered altitudes of the vegetation zones in the north and south
of the CMR as the mountain terrain is more isolated here than in the
center of the island (Su, 1984). This thesis is underpinned by findings of
5

Figure 1.2: Altitudinal occurrence of MCF and non-MCF plots from the
National Vegetation Database of Taiwan

Guan et al. (2009), who could (based on modeled temperatures) show
a positive temperature anomaly for the central parts of the CMR.
Both effects can be assumed to cause local variations of the ground fog
frequency and locally shift the altitude of maximal ground fog occurrence.
Other factors (e.g., leeward effects or land-sea interactions; Scatena et al.,
2011) might have similar consequences. All these phenomena influence the
distribution of MCF and will further be referred to as local deviations in the
altitudinal distribution of ground fog occurrence.

1.4

The current state of research on the mapping of montane cloud forest

Under the assumption that climatic (temperature, precipitation, and particularly ground fog frequency) and edaphic (soil water status and acidicity)
factors play a role in the distribution of MCF, terrain altitude (which can
be considered to be a proxy for these variables) is suitable to map MCF
(Scatena, 2010). Vegetation transects can be employed to derive an altitudinal zonation of a landscape (Frahm and Gradstein, 1991; Gerold et al.
2008). MCF can then be mapped by applying height thresholds based on this
zonation on a digital elevation model (DEM). As regional climatic variations
(resulting in varying mean cloud thicknesses and lifting condensation levels)
influence the altitude of the lower and upper bound of the montane cloud
zone, a certain zonation is, however, only valid for a geographically limited
study area. Bubb et al. (2004) have used an altitude based approach for
their map of MCF distributed in the UNEP-WCMC Cloud Forest Agenda.
They dealt with the problem of regionally varying altitudes of the montane
cloud zone by deriving different height thresholds for each mapped island or
mountain system. The resulting MCF map does, however, not account for
more local deviations in the altitudinal distribution of ground fog occurrence
described in Sect. 1.3.
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Instead of a proxy that is obviously not perfect, it is possible to directly
map environmental variables with significant impact on the MCF distribution. Mulligan and Burke (2005) did that for the whole tropics. First, they
defined an area in which MCF would grow if forest cover was present. This
area will be further referred to as area of MCF conditions. It was defined
based on the ground fog frequency as the main driver for MCF distribution and the cloud frequency. The ground fog frequency was derived from
temperature (taken from monthly WorldClim data interpolated to a 30 arcsecond resolution; Hijmans et al., 2005), relative humidity (monthly data
in 0.5◦ resolution; New et al., 2000) and air pressure at sea level (monthly
HadSLP2 data in 5◦ resolution; Allan and Ansell, 2006). From these variables, monthly mean lifting condensation levels were modeled and compared
to the GTOPO30 DEM in 30 arcsecond resolution (United States Geological Survey, 1996) in order to map the frequency of ground level condensing
conditions (= ground fog frequency). As cloud cover increases rainfall and
reduces incoming radiation – variables that are assumed by Mulligan and
Burke to have an influence on the distribution of MCF (based on findings by
Bruijnzeel and Veneklaas (1998) and Letts and Mulligan (2005)) – the cloud
cover frequency was also taken into account. It was calculated from HIRS
data in 1◦ resolution (Jin et al., 1996). A threshold of 70 % was then applied
on the mean of the ground fog frequency and the cloud cover frequency for
the whole tropics. All pixels above this threshold were considered to be areas
of MCF conditions. As cloud forest can only exist where there is forest, data
about forest cover was taken from the MODIS 500 m Vegetation Continuous
Fields data set (Hansen et al., 2003) and combined with the map of MCF
conditions to a final MCF map.
As shown in Fig. 1.3, Mulligan and Burke’s mapping approach is very
inaccurate for Taiwan. There are several reasons for this:
• The data set used for validation purposes (UNEP-WCMC cloud forest
locations; Aldrich et al., 1997b) was also used to set the 70 % threshold.
Therefore a proper separation between “training” and validation data
was not conducted.
• The UNEP-WCMC cloud forest locations data set does not contain any
information about the absence of MCF. A very low threshold, resulting
in big MCF areas, would thus easily lead to a perfect validation result.
The authors tried to solve this problem by setting the threshold aiming
at a maximum of validation plots being covered by an MCF area of
minimal extent.
• A single threshold was used for the whole tropics. It can, however, be
7

Figure 1.3: MCF distribution in southern Taiwan according to the tropicswide MCF mapping approach by Mulligan and Burke (2005) in comparison
with plots from the National Vegetation Database of Taiwan. The fraction
of cloud forest cover (shades of green) is based on the Vegetation Continuous
Fields forest cover fraction only. MCF conditions are therefore met for the
whole green area. (cf. Sect. 1.4).

assumed that the best possible threshold may vary globally. For Taiwan, this is especially crucial as no UNEP-WCMC cloud forest location
exists on the island. Therefore the global threshold does not account
for the characteristics of MCF in Taiwan at all.
• The climatological inputs used by Mulligan and Burke have a coarse
resolution. Small-scale details in the ground fog and cloud frequency
as the local deviations in the altitudinal distribution of ground fog
occurrence in Taiwan are therefore missed. The authors suggest to
use Moderate-Resolution Imaging Spectroradiometer (MODIS) cloud
masks (MOD/MYD35) with a spatial resolution of 1 km instead of the
HIRS data set in order to partly overcome this problem.
Despite these issues, which are mostly linked to the global availability of
data, other authors adopted the basic approach (linking MCF conditions to
the ground fog frequency) of Mulligan and Burke.
Nair et al. (2008) modeled the ground fog occurrence in Costa Rica,
southern Nicaragua, and northern Panama based on MODIS products and
8

NCEP FNL data. For pixels that are cloudy according to the 1 km MODIS
MOD/MYD35 cloud mask, the cloud top height was computed from the
MODIS MOD/MYD06 cloud top temperature product and dew point temperature profiles taken from NCEP FNL reanalysis data. The cloud thickness
was derived from the MOD/MYD 06 optical thickness and effective cloudparticle radius products using an adiabatic model. From the cloud top height
and thickness, the cloud base height could be calculated. It was compared
to the GTOPO 30 DEM (United States Geological Survey, 1996) to check
for ground contact of clouds causing ground fog. Nair et al. could show a
relationship between high ground fog frequencies and UNEP-WCMC cloud
forest locations. The meaningfulness of their study is, however, limited as
only 13 UNEP-WCMC cloud forest locations are given in the study area.
Furthermore, the period of investigation was short. The cloud frequency
was only calculated from March of the years from 2003 to 2006. Nevertheless, the authors were able to capture leeward effects in their ground fog
frequency maps and could therefore show the potential of approaches based
on the imagery of spaceborne optical sensors to detect local deviations in the
altitudinal distribution of ground fog occurrence.
Within the scope of the project in which the work presented in the current
thesis was conducted, Thies et al. (2015) have investigated the relationship
between the low cloud frequency (calculated from the MODIS MOD/MYD35
cloud mask product) and MCF distribution (according to the National Vegetation Database of Taiwan) in Taiwan. This was done assuming that low
cloud frequency and ground fog frequency could be correlated. Using receiver
operating characteristics (ROC; cf. Chapter 5), the authors tested whether
the application of a threshold on the low cloud frequency is suited to map
MCF. This approach was possible as the National Vegetation Database of
Taiwan contains (in contrast to the UNEP-WCMC cloud forest locations
data set) plots of different vegetation types, including non-MCF vegetation.
Thies et al. could show a clear relationship between low cloud frequency
and the MCF distribution only for certain types of MCF, the occurrence of
which is locally limited. For the clearly dominating Quercus montane evergreen broad-leaved cloud forest, no relationship could be shown at all. The
authors state that the reason for this is most probably the fact that most
low clouds do not directly interact with the vegetation and the low cloud
frequency seems not to be a suitable proxy for the ground fog frequency.
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1.5

Aim and hypothesis

As no reliable information about its extent exists, it is the aim of the
present thesis to create a map of the montane cloud forest of Taiwan
for the whole area of the island.
The analysis of the approaches by Bubb et al. (2004) and Mulligan and
Burke (2005) in Sect. 1.4 has shown that mapping efforts based on simple
height thresholds or ground fog frequency maps derived from coarse resolution climatological data are not suitable for this aim as the effects of local deviations in the altitudinal distribution of ground fog occurrence on the MCF
distribution are not captured by them. The work by Nair et al. (2008) suggests, that remote sensing-based ground fog frequency maps allow to capture
these effects due to their (in comparison to the data used by Mulligan and
Burke) high-resolution. As shown by Thies et al. (2015), low cloud frequency
maps are not a satisfying surrogate for ground fog occurrence. Altogether,
the usage of remotely sensed ground fog data seems reasonable for proper
MCF mapping in Taiwan. The hypothesis, which will be tested in this thesis, is therefore that local deviations in the altitudinal distribution of
ground fog occurrence influence the distribution of montane cloud
forest in Taiwan. This hypothesis implies that the inclusion of remote
sensing-based ground fog frequency maps in an MCF mapping approach will
increase its quality as the influence of the local deviations would be missed
otherwise. This should, in particular, be true for low altitudes as the growth
of MCF is linked to the local deviations here.

1.6

Structure of this thesis

In order to create a map of the MCF distribution in Taiwan and verify or
disprove the hypothesis, the workflow shown in Fig. 1.4 was applied.
As the aim and hypothesis required ground fog frequencies in Taiwan being mapped, an algorithm for ground fog detection was necessary. Therefore,
several existing methods relying on the derivation of cloud top height and
cloud thickness were examined regarding their suitability for an application in
Taiwan (cf. Sect. 3.2.1). As they could not be applied in Taiwan for various
reasons, a new algorithm for ground fog detection needed to be developed.
This approach had to be validated and preliminary considerations regarding
suited remote sensing data were necessary for its development. Both required
ground reference data about cloud immersion of the terrain. Automated cameras were installed in various locations in the Taiwanese mountains for the
collection of these data. In Chapter 2, the camera setup and an algorithm for
10

Figure 1.4: Simplified depiction of the workflow used to create a map of the
MCF distribution in Taiwan.
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the automatic analysis of the camera data will be presented. The algorithm
allows to automatically retrieve cloud top heights from the camera footage.
The new algorithm for ground fog detection named DOGMA is based
on MODIS data. It will be presented in Chapter 3. For its validation the
camera data was manually evaluated. This allowed to determine cloud base
heights and information about the cloud immersion of the camera positions.
Climatological maps of the ground fog frequency for the area of Taiwan
will be presented in Chapter 4. In order to check whether MODIS/DOGMA
data is suited for meaningful ground fog frequency mapping in Taiwan, a
preliminary study based on the cloud top heights derived from the camera
footage had been conducted before their creation. The ground fog frequency
maps were used – similar to the approach by Mulligan and Burke (2005; cf.
Sect. 1.4) – to map the area of MCF conditions as a first step towards an
MCF map. Unlike to the mapping by Mulligan and Burke, this was, however,
not done by the simple application of a threshold. Instead, a machine learning
approach was used in order to improve the quality of the resulting map.
Machine learning methods allow to include several variables and account
for the relationships between those variables. The following inputs were
investigated for their suitability for MCF mapping using random forests:
• Monthly ground fog frequency maps. Unlike a ground fog frequency
map calculated for the whole year, this input allows to account for the
influence of seasonal variations of the ground fog frequency. This could
be relevant as, for example, the additional water entry by cloud interception is more important in dry periods (cf. Sect. 1.2). A connection
between fog seasonality and MCF occurrence in Taiwan has been drawn
by Li et al. (2015).
• A DEM and different parameters derived from it. The altitude read
from the DEM serves as described in Sect. 1.4 as a proxy for several
variables that are connected to the vegetation composition. The additionally derived parameters are assumed to be connected to soil water
availability and light input (cf. Sect. 4.4.6).
• Solar Landsat 7 bands. This input might help to discriminate between
MCF and other forest types as the vegetation composition of both
could differ regarding spectral characteristics. Additionally, geostatistical texture features were calculated from the solar Landsat bands (cf.
Sect. 4.4.8). They were included in the investigation to account for
differences in the structure of different vegetation types. Trees tend,
for example, to be smaller under MCF conditions (Hamilton, 1995),
which might result in a certain texture of the Landsat imagery. For the
12

classification of non-MCF forest types, geostatistical texture features
have already proven their suitability (Galiano-Rodriguez et al., 2012;
Wijaya, 2008).
Binarily classified (MCF/non-MCF) plots from the National Vegetation
Database of Taiwan have been used to train a random forest model to predict
the area of MCF conditions based on these inputs. Another model was
trained with the ground fog frequency maps being excluded. Both models
were then used to create maps of MCF conditions for the whole area of
Taiwan. As the hypothesis of the current thesis implies that ground fog
frequency data will enhance the quality of an MCF mapping approach, the
quality of the resulting maps was compared for different height intervals.
The better map of MCF conditions was then combined with a map of forest
distribution created from Landsat data to a final map of MCF in Taiwan.
ROC curves are a suitable tool to obtain insights regarding the advantage
of the multivariate random forest approach over a threshold applied on the
ground fog frequency. As ROC curves rely on continuous data, a map of the
probability of MCF conditions has been created from a random forest model
in addition to the binary MCF conditions map. ROC curves were then used
to compare it to a map of the full-year ground fog frequency regarding the
suitability to derive a map of MCF conditions from it. The comparison
result is presented in Chapter 5. The ROC curves also allow an assessment
to which degree the DOGMA-based full-year ground fog frequency map is
better suited to discriminate between MCF and non-MCF conditions than
the low cloud probability used by Thies et al. (2015; cf. Sect. 1.4)
In Chapter 6, a summary will be given, a conclusion will be drawn and it
will be discussed whether the aim of this thesis could be achieved and the hypothesis could be confirmed using the presented methodology. Furthermore,
an outlook will be given regarding the suitability of the developed methods
as well as the generated data for further research.
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Abstract
A new method is presented for the determination of cloud top heights using
the footage of a time-lapse camera that is placed above a frequently occurring cloud layer in a mountain valley. Contact points between cloud tops and
underlying terrain are automatically detected in the camera image based on
differences in the brightness, texture and movement of cloudy and non-cloudy
areas. The height of the detected cloud top positions is determined by comparison with a digital elevation model projected to the view of the camera.
The technique has been validated using data about the cloud immersion of a
second camera as well as via visual assessment. The validation shows a high
detection quality, especially regarding the requirements for the validation of
satellite cloud top retrieval algorithms.
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2.1

Introduction

Cloud forests are forest types whose ecology is strongly affected by the frequent occurrence of ground fog (Bruijnzeel et al., 2011). Since they are often
hard to access due to their location in mountainous areas, the mapping of
cloud forest is difficult in many aspects. An appropriate method for mapping
efforts is, however, satellite-borne remote sensing. Mulligan (2010) showed
that satellite-derived ground fog frequency maps can be used to distinguish
between cloud forest and other forest types by the simple application of a
frequency threshold.
Different existing approaches for ground fog detection from the imagery of
geostationary (GEO) and low Earth orbit (LEO) satellite platforms do exist
(cf. Cermak and Bendix (2011) for a GEO approach and Welch et al. (2008)
for a LEO approach). In most cases they estimate the cloud base height (zCB )
for each pixel of an image and compare this value to the terrain height of the
pixel (zDEM ) taken from a digital elevation model (DEM). If zDEM is equal to
or above zCB , a pixel is considered as foggy because the cloud is assumed to
touch the ground and consequently reduces the horizontal visibility to below
1 km (which is the meteorological definition of fog; World Meteorological
Organization, 1992). The estimated value for zCB is calculated by subtracting
the cloud geometrical thickness (∆z) from the cloud top height (zCT ) (cf.
Fig. 2.1). However, the calculation of zCT , which is usually done based on the
cloud top temperature under the assumption of a certain atmospheric profile,
is still causing some problems regarding its precision (cf. Marchand et al.
(2010) for a review). State-of-the-art methods for the retrieval of the cloud
thickness and therefore of the cloud base height, for instance the one proposed
by Cermak and Bendix (2011), are imposing even more uncertainties. This
results in a distinction of foggy pixels that is far from perfect. To overcome
these problems, an extensive validation of zCT and zCB values used in future
fog detection algorithms would be helpful.
Typical data that can be used for this purpose are those of visibility
sensors, ceilometers and cloud radars. The data of visibility sensors, however,
are of low informative value since they can only be used to decide whether a
distinct point in space is immersed in clouds or not. Ceilometers and radar
devices are expensive and thus generally not available in remote areas like
mountain cloud forests.
The lack of cloud height data in remote regions also impedes the design of
ground fog detection schemes for mapping fog frequencies. If the intradiurnal
dynamic of cloud heights is high, the ground fog detection should be based on
GEO data to prevent the resulting cloud frequency map from being heavily
biased by the low temporal sampling rate of LEO satellites. Especially in
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Figure 2.1: Some definitions used in this paper.
complex terrain, however, the maps could strongly benefit from the high
spatial resolution of LEO data. Therefore cloud top and base height data
measured with a high temporal sampling rate directly in an investigation
area are necessary as a basis for solid decision making regarding whether to
use GEO or LEO data for mapping purposes.
Nair et al. (2008) and Welch et al. (2008) compared different approaches
for the computation of cloud base heights from Moderate-Resolution Imaging
Spectroradiometer (MODIS) data and used them to map cloud immersion
frequencies in their study area in the Costa Rican mountains. Because of
the aforementioned problems, a comprehensive validation of the different
approaches was performed using ceilometer data from US airports located
in relatively flat terrain only. It is obvious that the validity of such an
approach that transfers the validation results from flat terrain in the US to
complex terrain in tropical regions is limited. A validation in the study area
itself was only possible on a much smaller scale: photos from cloud-immersed
mountains in the study area were taken and used to estimate the height of the
intersection between the cloud base and the terrain based on expert knowledge about the area as well as GPS positions of visually prominent features.
Due to this non-automatic approach, only a small number of photos could
be incorporated into the validation, the significance of which is therefore
decreased. The necessity for manual evaluation of the photos makes the
approach hardly applicable for any comprehensive statistical investigation
such as the analysis of the intradiurnal variability of cloud heights. The
above authors, however, stressed the suitability of camera footage for cloud
height determination.
A semi-automated approach presented by Bendix et al. (2008) detects
clouds in webcam footage by applying manually defined brightness thresholds
on the images. The resulting cloud masks are compared to a DEM projected
to the camera view so that zCT and zCB can easily be determined. This
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simple approach is not suitable for complex lighting conditions and viewing
geometries that entail greatly varying viewing distances to the different image
pixels (cf. Sect. 2.4.2). Although it still needs human intervention, it shows
the potential for further automation.
The aim of this paper is to develop and validate a cost-effective method for
zCT determination from camera footage in a cloud forest area of Taiwan with
a much higher degree of automation. The method (cf. Sect. 2.4) has been
developed to be in principle suitable for zCT as well as zCB depending on the
position of the camera. For the current study the camera was placed above
a frequently occurring cloud layer (cf. Sect. 2.2). Therefore the method
will be demonstrated and validated for the cloud top height. Results will
be presented in Sect. 2.5 and discussed in Sect. 2.6. The suitability of the
method for zCB will be addressed in future studies.

2.2
2.2.1

Study area and camera setup
Study area

Taroko Gorge, located in eastern Taiwan, is famous for a frequently (almost
daily) occurring sea of clouds, which can be observed from higher terrain.
Since cloud forest is present on the slopes of the gorge, the frequency of
ground fog will be mapped using satellite data in a future study. The width
of the gorge is between about 3 and 7 km for most of its length. Many smaller
side valleys incised into its slope form a complex topography that would be
barely recognizable in the low spatial resolution (e.g., up to 1 km per pixel
for MTSAT) of GEO satellites. The shape could be much better reproduced
from LEO data (e.g., Terra/Aqua imagery with a resolution of up to 250
m per pixel). It is, however, not known whether the temporal dynamic of
the cloud occurrence can be captured unbiasedly by the sampling rate of
polar-orbiting satellites. Therefore the area is ideally suitable for testing a
technique that can be used to design and validate methods for ground fog
retrieval from satellite data. The area is accessible via roads but due to its
sparse population electric power is not available in most parts. Since the
terrain is mostly steep and therefore difficult to access, only some places
(mostly near roads) can be considered as suitable for the installation of the
cameras used for our cloud top height determination approach.
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Figure 2.2: Isometric view of the western end of the Taroko Gorge with the
positions of the cameras. The black arrows denote the cameras’ viewing
directions. The red line marks a small recess in the slope. The location of
the area in Taiwan is marked in the upper right overview map.

2.2.2

Camera setup

Two cameras of the type PlotWatcher Pro (Day 6 Outdoors, LLC, USA)
were installed near the western end of the Taroko Gorge (cf. Figs. 2.2 and
2.3). The PlotWatcher Pro is usually used to observe game animals but it is
also well suited for cloud top height determination purposes. The waterproof
housing and a battery-powered operation mode allow for installation independent of any infrastructure. Due to its construction, the camera can easily
be mounted on any pole. In our case, traffic sign posts were used. After
setup the camera automatically takes images in an adjustable time interval
for a given time span each day. The footage is saved to a SD card.
The positions of the cameras were taken from differential GPS measurements. Their viewing directions were roughly determined using a compass.
The camera used for the determination of zCT (further referred to as main
cam) was installed at 24◦ 100 42.4400 N, 121◦ 180 14.1800 E at a height of about
2681 m a.s.l. on the eastern slope of the North Peak of Hehuan Mountain.
The camera is facing eastwards so that it oversees the gorge (cf. Fig. 2.3).
The clouds usually form at different heights below the camera location, but
on some days the camera itself is immersed in clouds for approximately 1 h
in the afternoon. As the height of the camera sets an upper limit, cloud top
heights cannot be detected in these cases.
Another camera (further referred to as validation cam) is installed at
◦
24 100 46.6400 N, 121◦ 210 33.9500 E on the northern slope of the gorge. The val23

Figure 2.3: Camera positions and the view shed of the main cam.
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idation cam is located at a height of 2377 m a.s.l. which is cloud immersed
much more often than the main cam height. Its location can be seen from the
main cam viewpoint. The camera is facing northwestwards onto the valley
slope. Because of a small recess in the slope (red line in Fig. 2.2), its viewing
axis intersects the terrain at a distance of about 200 m. The validation cam
is used to check whether its position is cloud immersed or not. The footage is
needed to validate the cloud top heights derived from the main cam footage
(cf. Sect. 2.4.3).
Both cameras in the Taroko Gorge were set up to take pictures from 05:00
to 19:00 UTC + 8 each day in 1 min intervals (resulting in 840 captured frames
each day). With these settings they can operate autonomously for several
months until the batteries and SD cards need to be replaced.

2.3

Data

In this study, camera footage from 14 March 2013 to 3 May 2013 has been
used. For each day the cameras create a separate video file in a resolution of
1280 × 720 pixel. The video files are saved in 8 bit RGB color space ranging
from 0 to 255. The footage is largely free of image distortions and can
therefore be used without further image calibration (cf. Sect. 2.4.1). An
example image of the main cam is shown in Fig. 2.4.
The only data used in addition to the camera footage are from the Advanced Spaceborne Thermal Emission and Reflection Radiometer Global Digital Elevation Model 2 (ASTER GDEM 2, property of METI and NASA) as
distributed via the USGS global data explorer (United States Geological Survey, 2013). The DEM has a horizontal resolution of 30 m per pixel and the
95 % confidence interval for the vertical accuracy is 17.01 m. The root-meansquare deviation (RMSD) of the height is 8.68 m (Tachikawa et al., 2011).

2.4
2.4.1

Methodology
Check for image distortions

The existence of image distortions in the PlotWatcher Pro footage was tested
by taking pictures of checkerboard patterns and measuring the straightness
of the lines between the rows and columns with an image editing program.
Although the image distortion never exceeded about 2 pixels, a camera calibration as described in Zhang (1998) and implemented by Abeles (2012) has
been performed for testing purposes. Since the calibration did not further
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Figure 2.4: View of the main cam on 15 March 2013, 10:14 UTC + 8 (main
picture) and the DEM projected to the view of the main cam (inset). The
mountain top marked by a red square is used in Sect. 2.4.3 for the assessment
of errors caused by a misfit between the real camera and the virtual camera.
See Sect. 2.4.2 for explanation of the arrows.
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enhance the straightness of the lines, the image is used without any image
calibration.

2.4.2

Workflow for the retrieval of zCT

The basic idea of Bendix et al. (2008) is adopted in our approach: the DEM
is reprojected to the view and resolution of the main cam (cf. Fig. 2.4, upper
left) so that the height of the contact points between the cloud surface and the
terrain (further referred to as cloud tops, cf. Fig. 2.1) that have been detected
in the camera image can be read from the corresponding pixels of the DEM.
The new approach should, unlike the method by Bendix et al. (2008), be
suitable for batch processing. Therefore several video files (each consisting
of 840 frames) need to be processed without human intervention. This higher
degree of automation entails a more complex workflow (cf. Fig. 2.5). It also
increases the computation time. Therefore each PlotWatcher Pro video that
is used as input is split into groups of five successive frames (further referred
to as scene). For each group, the mean image is calculated. The analysis of
each video is performed based on these mean images instead of single frames.
Therefore the output of the presented workflow are zCT values at a temporal
resolution of 5 min.
Scenes are discarded if the location of the main cam itself is cloud immersed. Cloud immersion results in an undifferentiated mean image. Therefore the coefficient of variation of the brightness of all image pixels that are
below the horizon of the reprojected DEM can be used to detect that condition. If it is below 0.8 for each color channel, the camera is cloud immersed.
Scenes that are too dark to be analyzed (mean brightness of all pixels below the horizon is below 25) are also excluded from further analysis. For all
other scenes the image analysis algorithm delineated in Sect. 2.4.2 is used to
detect cloud tops in the main cam imagery. The projection of the DEM to
the camera perspective and other input derived from the DEM that is used
for the image analysis as well as input that is derived from the mean image
is described in Sects. 4.2.1 and 4.2.2, respectively.
Input derived from the DEM
The projection of the DEM to the main cam view accounts for the curvature
of the Earth. It is conducted under the assumption of a perfectly round
geoid with a radius of 6370 km. The reprojected DEM contains information
about the distance to the camera calculated using Jcoord (Stott, 2006) and
the terrain height for each pixel. The projection is performed using a virtual
camera that is defined by the three parameters position (longitude, latitude
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Figure 2.5: Workflow for the retrieval of zCT .
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and height), orientation (rotation around the x, y and z axis) and focal
length. Ideally the parameters of the virtual camera would match those of
the real main cam. While the position of the real camera is known from
the GPS measurements (cf. Sect. 2.2.2) with high precision, the rotation is
based on the much more imprecise compass readings in the field. Therefore
an interactive tool was written that allows for the virtual camera to initially
be fine-adjusted manually by using the main cam footage as an overlay over
the reprojected DEM.
The rotation and the focal length of the real-world main cam have, however, proven not to be stable over time. The footage shows that they change
over the day depending on the position of the sun. This is most probably
caused by thermal extension of the camera body. Additionally, the camera
could be slightly rotated when the SD card or batteries are replaced. To
overcome these problems the virtual camera is automatically readjusted every 24th scene of the camera footage (this corresponds to a time span of
120 min). For this purpose the current mean image is checked for whether
it is usable for camera adjustment. This is the case if the horizon is visible (i.e., the view to the horizon is obstructed by neither clouds nor mist).
To check for this a buffer of 20 pixels is placed around the virtual horizon.
Due to the initial adjustment and the regularly performed automatic adjustments the horizon in the real-world camera image should always be located
in the buffer area. For each column of pixels in the buffer, the differences
(Euclidean distances in RGB color space) between every two pixels with a
vertical distance of 3 pixels to each other is calculated. The ratio between
the maximum value (which is high if the horizon is visible) and the mean
value (which accounts for image characteristics as image noise and texture
that are also affecting the maximum value) of these differences is calculated
for each column and averaged over the whole buffer. If this value exceeds
an empirically derived threshold of 6.4, the scene is regarded as usable for
camera adjustment. Otherwise, the next suitable scene is used.
To adjust the camera, the fit between the virtual horizon and the horizon
in the mean image is calculated. As the horizon can (if it is not obstructed
by clouds or mist) be seen as an edge in the camera footage, a simple edge
detection is applied: for each pixel of the mean image the sum of the Euclidean distances in RGB space to its neighboring pixels is calculated and
written to a new image further referred to as edge image. For each pixel pi of
the scene that touches the virtual horizon, the sum si of all edge image pixel
values epxy in a 10 × 10 pixel window surrounding pi (with x, y ranging from
−5, −5 to 5, 5) weighted by the reciprocal value of their distance in pixels
to pi is calculated. The fit, which quantifies how well the virtual horizon
matches with edges in the mean image, is then calculated as the average of
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all N values of si .
N
P
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(2.1)
N
The closer the horizon pixels (i.e., pixels with high edge image values) of
the mean image are to the virtual horizon, the higher the fit value.
The actual camera adjustment is done using an iterative algorithm: the
virtual camera is rotated clockwise as well as counterclockwise around each
of its three axes one after another by 0.05◦ . Afterwards, the focal length is
also increased and decreased. After each of these eight possible parameter
changes the fit is calculated. If it has been increased, the parameter change is
maintained and the whole procedure is done from the beginning. Otherwise
the change is undone and the algorithm continues with the next parameter
change. If every possible parameter change has been conducted without the
fit being improved, the camera adjustment is done.
The DEM reprojected to the view of the correctly adjusted virtual camera
serves as an input for the image analysis that is used to determine zCT . Other
inputs entirely or partially derived from the reprojected DEM are as follows:
• A mask (white areas in Fig. 2.6, blue areas in Fig. 2.3) marks the areas
of the camera footage that are not used for zCT determination. These
areas include sky, foreground objects that are included in a manually
created JPEG image, terrain with a distance of more than 10 km to the
main cam (this corresponds to a natural segmentation of the camera’s
view shed: every visible pixel with a distance of more than 10 km to the
camera is also at least 13 km away; at such a distance the accuracy with
which zCT can be determined is significantly lowered; cf. Sect. 2.4.3),
and areas that are in a vertical buffer of 10 pixels around distinctive
edges in the terrain. Edges in the terrain are defined as areas where the
difference between the distance from a pixel of the reprojected DEM
to the main cam and the distance of its upper neighboring pixel to the
main cam exceeds a threshold of 400 (northern slope) or 200 (southern slope) meters (both thresholds are empirically determined and are
dependent on the slopes’ topography and the viewing angle). Near
those edges the presented method could provide fundamentally incorrect values of zCT since a small misfit of the virtual camera parameters
could drastically influence the height that is attached to a main cam
pixel in these areas. Furthermore they could be mistakenly considered
as cloud edges in the image analysis.
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All other input images are calculated for areas that are not masked out
only.
• The slope image is used to separate between the northern (greenish in
Fig. 2.6) and the southern slope of the valley (reddish in Fig. 2.6). It is
calculated by identifying the pixel with the lowest height of each row of
pixels in the reprojected DEM. Every visible DEM pixel to the left of
the lowest height pixel is marked as northern slope, and every pixel to
the right of it is marked as southern slope. This very simple approach
needs to be corrected in order to achieve valid results by removing
isolated islands with a bounding box size of less than 30 × 30 pixels
of southern slope pixels surrounded by northern slope pixels and vice
versa.
• The segment images separate each slope into distance classes. These
classes are not based on fixed intervals but are the result of a k-means
clustering of the distance of each pixel of the reprojected DEM to the
main cam. This approach was chosen to ensure that each segment
corresponds to the natural segmentation of the slopes as seen from the
camera as far as possible. In other words, it helps to prevent the view
to each segment from being cutoff at some heights by terrain that is
nearer to the camera. A fine segmentation (using 400 initial centroids
for each slope) as shown in Fig. 2.6 and a coarse segmentation with a
drastically decreased number of classes (six per slope) are performed
to obtain both segment images. The numbers of centroids have proven
to be suitable for the location in the Taroko Gorge and may need to be
adapted for different locations.
• The height interval image is created by subdividing the DEM into several height classes of each 5 m.
• The combination of the height interval image and the fine segment
image is further referred to as the DEM section image. It separates the
DEM into several small sections, each of which is the intersection of a
fine segment and a height interval.
Input derived from the main cam footage
Inputs for the image analysis algorithm derived from the main cam footage
are the mean image for the current scene as well as a movement image. The
movement image (which, for the sake of computational time, is calculated in
a resolution that is decreased by a factor of 4 in each dimension) shows the
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Figure 2.6: Segmentation of the terrain into northern (greenish area) and
southern (reddish area) slope as well as into fine segments (color shades).
The white areas correspond to parts of the image that are masked out.
difference between the five frames a scene consists of. For the latter four of
these five images the difference measured in terms of the Euclidean distance in
RGB space to the previous frame is calculated for each pixel. The movement
image is the mean of the four difference images. Before the difference image
can be calculated, the latter four frames are histogram-matched (Burger and
Burge, 2008) to the first frame of the scene. This helps to overcome the
problem of exaggerated movement values that are caused by changes in the
brightness of the whole images. The histogram matching is performed for
the sky and the terrain separately since the brightness of both areas reacts
differently to illumination changes.
For the R, G and B channel of the mean image, as well as for the movement image, an image of the standard deviation (further referred to as SD
image) is calculated. For each pixel pi the SD images contain the standard
deviation of the pixel values in a vertical 40 × 1 pixel window surrounding
pi .
Image analysis for the derivation of zCT
The image analysis algorithm for the derivation of zCT is driven with the
input described above.
A simple threshold approach as used by Bendix et al. (2008) is not suitable
for this algorithm. In addition to the fact that it is only partially automated
and therefore could not handle the amount of scenes the main cam produces
over time, the viewing geometry in the Taroko Gorge is too complex to detect
clouds by simply applying a brightness threshold. Since the nearest pixels of
the mean image that are not masked out have a distance of about 2 km to the
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main cam while the furthest pixels are about 10 km away, the atmospheric
signal that influences the pixel colors varies greatly. As seen in Fig. 2.4,
terrain generally appears to be darker than clouds. If the two pixels marked
with the arrows are compared to each other, it becomes apparent that this is
an optical illusion. The pixel denoted as 1 has a color value of (R: 137, G: 140,
B: 149), while pixel 2, which is much nearer to the camera, has a color value of
(R: 121, G: 126, B: 129). Obviously the distance-dependent influence of mist
prevents a simple separation of fog and terrain based on one global brightness
threshold for the whole image. This is the reason why the segmentation of the
terrain into several distance classes is conducted. A valid separation based
on thresholds, however, is not possible, even if in each segment an individual
threshold is applied. This is caused by the fact that the sea of clouds is often
illuminated irregularly due to its complex surface structure (this is especially
of importance if the sun is low) as well as shadows of overlying cloud layers.
These local differentiations in the brightness are not dependent on distance.
Thus, the problems they cause for a threshold approach cannot be overcome
by segmenting the image into distance classes. Additionally, the pixel colors
of the terrain (e.g., green under sunny conditions, dark gray under overcast
conditions) and the clouds (e.g., white if the sun is high, reddish if the sun
is low) vary greatly over time, which would also complicate the application
of thresholds.
The algorithm used instead (cf. Fig. 2.7) is based on the idea that, in
spite of small-scale variations caused, for example, by lighting conditions, the
mean pixel value of different input images (mean image (R, G and B channel),
movement image and SD images of those images) differs between the cloudy
part of a fine segment and the non-cloudy terrain. Therefore, for each DEM
section and each mentioned input, image the difference between all pixels
above and all pixels below or in the DEM section is calculated. The resulting
differences are as follows:
• diffR , diffG and diffB . These values contain the color difference between
the pixels above and below the DEM section. They are high for cloud
tops since clouds are overall brighter than terrain.
• diffSD(R) , diffSD(G) and diffSD(B) can be considered as simple measures for
texture differences between the area above and below a DEM section.
Their absolute values are high for cloud tops due to texture differences
between clouds and terrain.
• diffmovement and diffSD(movement) account for the degree and structure of
movement that is much higher in cloudy areas than for the terrain.
Therefore these values are also high in the peripheral area of clouds.
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Figure 2.7: Simplified flowchart for the image analysis in order to derive zCT .
For the sake of simplicity, the mask as an input is not shown as every processing step is restricted to the pixels that are not masked out. In addition,
the height extracted from the reprojected DEM is used in a lot more steps
than shown (see text).

All these differences are non-local and therefore hardly disturbed by smallscale variations in the input images. In addition the following local variables
are calculated for each DEM section:
• movlocal is the average movement at a distinct height level. It is high
where the cloud surface is touching the terrain due to the billowing
movement of clouds.
• difflocal is the color difference between a DEM section and the next
highest DEM section of the same terrain segment. It is calculated as

diff local = |RDEMsection − RDEMsection+5 m |
× |GDEMsection − GDEMsection+5 m |
× |BDEMsection − BDEMsection+5 m |

(2.2)

and is high for height intervals that contain a cloud edge, as well as for
other edges in the image.
The local variables are high at the height of zCT as well as in some other
areas of the image. Also, the non-local differences are not necessarily high in
cloud top areas only but all local and non-local variables have in common that
their absolute value is high at least in DEM sections at zCT . Therefore the
absolute values of all variables are combined to their geometric mean for each
DEM section. Since its calculation involves multiplying all input variables,
a high geometric mean is particularly obtained for the edges between clouds
and terrain where each of the mentioned variables is high. Therefore the
geometric mean is further referred to as edge value. It is calculated for each
pixel that is not masked out.
Since cloud tops are less distinct in distant terrain and therefore most
edge values cannot be compared to each other, the standard score of the
edge value was calculated for different distance classes. The result (further
referred to as edge value z ) is shown in Fig. 2.8 for a scene that includes the
frame shown in Fig. 2.4. The distance classes used for the standardization
are the coarse segments as many fine segments do not cover the whole height
of a slope, and hence some of them would be entirely situated above or below
zCT . Low edge values that are not caused by cloud tops would be exaggerated
in these segments after standardization.
For each slope, the height interval with the highest median of the edge
valuez is calculated. This height (red line in Fig. 2.8) can be considered
as the mean zCT for each slope (further referred to as zCT slope ). This is,
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however, only true if clouds are present and if the maximum of the edge
value at the corresponding height is actually caused by the cloud top instead
of the cloud base. The latter is tested for each fine segment of the image
using the absolute values of diffR , diffG and diffB . If more than 50 % of the
fine segments of one slope are brighter (this means at least two of three color
channels are brighter) below zCT slope than above this height, it is actually
accepted as the height of the cloud top surface. Otherwise zCT slope is the
height with the next highest median of the edge value for which more than
50 % of the fine segments are brighter below. If such a height does not exist,
the slope is marked as cloudless.
Since the surface of the sea of clouds is more or less plain, for each fine
segment the cloud top should be near to zCT slope . Therefore zCT for each fine
segment (further referred to as zCT segment ) is assumed to be located inside a
height interval around zCT slope (area between the dashed lines in Fig. 2.8).
The more even the cloud surface, the smaller the interval. For each slope,
its size is calculated from the RMSD of the height of all N DEM sections to
zCT slope . In the calculation of the RMSD, the height distance of each DEM
section to zCT slope is weighted by its edge valuez :
v
uP

u N (height − z
2
u
CT slope ) × (edge valuez )i
i
u
. (2.3)
weighted RMSD = u i=1
N
t
P
(edge valuez )i
i=1

Visual evaluation has shown that the weighted RMSD times 1.2 is a
reasonable size for the height interval in which zCT segment is determined.
Fine segments that do not reach zCT slope may also not reach their
zCT segment . Therefore they are excluded from further analysis. For all other
fine segments the height inside the interval around zCT slope with the highest edge valuez is marked as the preliminary result for zCT segment . The 1.2
RMSD interval may not necessarily contain the cloud top of each fine segment. zCT segment would be detected at a wrong height in these cases. Therefore the validity of each zCT segment is checked individually by using a linear
regression between the height distance of the DEM sections of the associated
fine segment to zCT segment and the image brightness (mean value of the R,
G and B channel standardized on a fine segment basis). This regression is
carried out for DEM sections that are located in a height interval of RMSD
times 1.2 around zCT segment only. Since clouds are overall brighter than noncloud- (and non-snow-) covered terrain (if analyzed for each fine segment
separately), fine segments for which the slope of the regression is above an
empirically derived value of −0.01 standard deviations per meter of height
36

Figure 2.8: Standardized edge value for the scene from on 19 March 2013
from 10:12 to 10:16 UTC + 8 (see also Fig. 2.4). The higher the edge valuez ,
the brighter the shade. zCT slope is marked with the red line, while the interval
of 1.2 times RMSD is the area between the dashed lines.
most probably do not contain cloud tops inside the 1.2 RMSD interval.
In the calculation of zCT slope and the preliminary results for zCT segment ,
the absolute (not standardized) edge value has not been respected. Therefore
it is unclear whether the detected edges are distinct enough to be cloud
tops. In the absence of clouds they could also be any edge in the terrain.
Consequently, for each valley slope, the validity of the detected edges as cloud
top indicators is tested. For heights that are located in an interval of RMSD
times 1.2 around the preliminary zCT segment of each associated fine segment,
a linear regression between the height distance of each DEM segment to the
corresponding preliminary zCT segment and the image brightness (mean value
of the non-standardized R, G and B channel) is performed. If the absolute
value of the regression slope is above an empirically determined threshold of
0.1 per meter of height, the edge can be considered as distinct enough to be
a cloud top. Otherwise the corresponding valley slope is most probably not
cloudy and therefore excluded from further analysis.
Every test described above is performed under the assumption that clouds
in the Taroko Gorge occur as a more-or-less stratiform sea of clouds or at least
touch the terrain. In these cases it is valid to read the height and position of
cloud tops that have been identified in the two-dimensional mean image from
the three-dimensional reprojected DEM. In other cases this method would
cause wrong results for zCT . Therefore scenes with a horizontal distance of
less than 1 km between the two detected cloud tops that have the greatest
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Figure 2.9: Cloud tops (green) detected in the scene taken on 19 March 2013
from 10:12 to 10:16 UTC + 8.
distance to each other are classified as not applicable for further use.
For usable scenes the detected cloud top positions are marked in the mean
image (cf. Fig. 2.9) and/or written to an output file for each scene of a video
file. These files contain the heights as well as the geographical location of all
detected cloud top positions and may be further processed in different ways.
In this study the zCT values were spatially interpolated using inverse distance
weighting (IDW) with an exponent of 2 (Shepard, 1968). The interpolation
was conducted for the area of the bounding box of all detected cloud top
positions (cf. Sect. 2.5).
Adaptation of the method for the derivation of zCB
For the detection of zCB instead of zCT some minor changes in the method
presented in Sect. 2.4.2 are necessary. In detail these adaptations are follows:
• The non-local difference values for each DEM section need to be calculated between all pixels below the section and all pixel in or above the
section.
• difflocal needs to be calculated as follows:

diff local = |RDEM section − RDEM section−5 m |
× |GDEM section − GDEM section−5 m |
× |BDEM section − BDEM section−5m | .
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(2.4)

• While a test is performed for each detected zCT slope to check whether
it is actually a cloud top height, for each zCB slope it needs to be tested
whether it is the cloud base height. This is done by checking whether
more than 50 % of the fine segments of the corresponding slope are
brighter above zCT slope than below this height.
• For the validity check of each zCB segment , a threshold of 0.01 per meter
of height (instead of −0.01 per meter of height for zCT segment ) has to
be used on the slope of the regression.

2.4.3

Validation

Cloud top heights derived from daily camera footage taken between 14 March
and 3 May 2013 were used to validate the method for cloud top height determination presented in Sect. 2.4.2. This corresponds to a total number of
8400 scenes. For these scenes the cloud top positions were calculated and
validated using two different approaches. This was done by summarizing the
validation results in three confusion matrices for each validation approach.
One of these matrices contains all incorporated scenes. Another matrix contains only scenes that were taken under complex lighting conditions defined
by a sun elevation between 5 and 15◦ (calculated using code from FMet (Cermak et al., 2008), additionally taking into account atmospheric refractions
as described by Sæmundsson, 1986). Below a sun elevation of 5◦ the valley is
located in the shadows of the surrounding mountains, which would result in
an indirect illumination that could not be considered as a complex lighting
condition. A third matrix contains only scenes in which the detection area
was visibly affected by shadows of overlying broken cloud layers. From these
matrices the following statistical measures (Jollife and Stephenson, 2003;
Matthews, 1975) were calculated (see Appendix 1 for formulas):
• Proportion correct (PC),
• Bias,
• Probability of detection (POD),
• Probability of false detection (POFD),
• False alarm rate (FAR),
• Hanssen–Kuipers discriminant (HKD),
• Matthews correlation coefficient (MCC).
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Validation of retrieved cloud top heights using the validation cam
An automated validation of the cloud top positions that were calculated
for each of the 8400 scenes has been performed using the approach shown
in Fig. 2.10. Scenes that have been discarded as not usable for cloud top
determination by the method described in Sect. 2.4.2 are also excluded from
the validation. For the remaining scenes it is checked whether cloud tops in a
horizontal radius of 600 m around the validation cam exist. If that is the case,
zCT for the location of the validation cam is calculated via IDW interpolation.
Otherwise the scene is not used in the validation since the interpolation over
long distances would cause too much error for accurate validation. Scenes
for which the interpolated height at the cloud cam position has a vertical
distance of less than 50 m to the validation cam are also excluded from the
validation. Thus the validation results show to what extent the presented
method is suitable for determining whether zCT is above or below the height
of the validation cam with a precision of 50 m.
The interpolated value for zCT at the validation cam position is compared
with the validation cam footage. For this purpose, each of the five validation
cam frames that correspond to the current scene of the main cam is analyzed.
As a first step it is checked whether at least one frame is too dark for further
analysis (mean brightness of the mean of all three color channels < 40). In
these cases the whole scene is excluded from the validation. For usable scenes
it is checked whether the validation cam is cloud immersed in at least three
of five frames of the scene. If this is the case, the validation cam is regarded
as cloud immersed for the whole scene.
Depending on the height of the interpolated value for zCT (below or above
the validation cam height?) and the information from the validation cam
footage (cloud immersed or not?) each scene is registered as a “true positive”,
“true negative”, “false positive” or “false negative” in the confusion matrix.
This is done under the assumption (which is based on the manual analysis of
several scenes as well as field studies) that the sea of clouds is thick enough
to ensure that the validation cam is cloud immersed if it is located below
zCT .
The test for whether the validation cam is immersed in clouds is based
on the contrast in its image. As Fig. 2.11 shows, the contrast is low in parts
where the view is obstructed by clouds, while it is high in areas where the
image shows vegetation on the valley slope. Since nearby vegetation causing
high contrasts is visible even under cloud-immersed conditions, a test for low
contrast cannot be performed on the whole image. The vegetation cannot
be masked out as it grows over the year and moves in the wind. The image
is separated into boxes of 30 × 30 pixels instead (two of which are marked as
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Figure 2.10: Workflow used for the automated validation.

Figure 2.11: Image of the validation cam under cloudy and cloud-free conditions. cv max is 0.230 for the 30 × 30 pixels box denoted “1” and 0.020 for
the box denoted “2” (see text for further explanation).
examples in Fig. 2.11). For each of these boxes the coefficient of variation
(cv ) is calculated for the red, the green and the blue channel. The maximum
cv max of these three values is determined and the sum
s=

N
X

(0.03 − cv

max )

(2.5)

i=1

is calculated for all N boxes for which cv max is below an empirical threshold of 0.03. As cv max is low for boxes with a cloud-obstructed view due to
their low image contrast, s is high under cloudy conditions. Above a threshold of 0.5 the validation cam is regarded to be cloud immersed.
The results of this analysis were manually verified. For a time span of
10 days (14 March to 3 May 2013), each scene of the validation cam footage
was visually checked for cloud immersion. Discrepancies between the visual
analysis and the algorithm’s result did not occur.
The validation-cam-based approach considers only one point in space,
namely the validation cam position. Therefore it would not be known whether
clouds are completely absent or merely below the camera for scenes in which
the validation cam image does not show cloud immersion. Hence, the overand underestimation of cloud occurrence cannot be reasonably derived from
the validation cam footage. This is the reason why all scenes that were excluded from the cloud top height determination need to be excluded from
the validation too. After this exclusion, the validation results indicate the
fraction of detected cloud tops with correctly retrieved heights.
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Figure 2.12: Definitions used in Eqs. (2.6) and (2.7).
Visual validation of cloud top detection
Since the automatized validation has been performed under the assumption
of correctly determined cloud presence, a second, visual approach has been
conducted. Twenty percent of the 8400 main cam scenes were randomly
chosen, and detected cloud top heights that were marked as shown in Fig. 2.9
were manually assessed. Only night scenes and scenes in which the main cam
was cloud immersed were excluded from the analysis. The scenes were added
to the confusion matrix as follows:
• Cloud tops are present in the detection area (green area in Fig. 2.3).
They were detected at the correct position: true positives.
• No cloud tops in the detection area. Therefore no cloud tops were
detected: true negatives.
• Despite the absence of cloud tops in the detection area, cloud tops were
detected. Alternatively, cloud tops are present and were detected, but
they were detected at the wrong height: false positives.
• Cloud tops are present in the detection area but they were not detected:
false negatives.
The disadvantages of this manual validation approach are the decreased number of scenes that could be included as well the fact that it has been carried
out based on two-dimensional images. Therefore it does not provide any
information regarding whether the height determination of the cloud tops
detected in 2-D images using the three-dimensional terrain is valid.
Basic error analysis
For heights of cloud tops considered as true positives in the visual validation, a simple error analysis was carried out. Three main error sources were
identified:
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1. Misfits between the reprojected DEM and the real landscape as seen
from the main cam. They are caused by an imperfect automatic adjustment of the virtual camera (cf. Sect. 2.4.2) as well as small image
distortions (cf. Sect. 2.4.1). To quantify the size of this error, 20
randomly chosen scenes with a correctly detected appearance of cloud
tops and a visible horizon were analyzed. For each scene the deviation in pixels between the position of a mountain top (in a distance
of ∼ 15 300 m to the main cam, cf. Fig. 2.4) in the mean image and
in the reprojected DEM was calculated. The RMSD calculated from
these deviations (RMSD1 ) is 2.73 pixels. These 2.73 pixels correspond
to a height difference of

∆h = 2.73 pixels ·



d~ · cos (γ) /1333 pixels



(2.6)

· (1/ cos (β − 90◦ )) · sin (α) ,
with d~ being the length of the vector d~ from the camera to the observed cloud top and γ being the angle between the camera’s viewing
~ β is the angle between d~ and the slope on which the
direction and d.
cloud heights are measured. α is the steepness of the terrain measured
as an angle (cf. Fig. 2.12).
2. Blurriness of the cloud tops. In Sect. 2.4.3, cloud tops were considered
as true positives if they had been correctly detected at the transition
between cloud and non-cloud areas. This transition, however, is not a
distinct edge in all cases and may extend over altitude differences of
several meters. The “real” cloud top height – for instance defined as
the height at which the World Meteorological Organization’s definition
of fog (cf. Sect. 2.1) is fulfilled – is located somewhere in this transition
zone. For 20 randomly chosen scenes with a correctly detected cloud
top appearance, these transitions zones were visually identified in the
two-dimensional mean image and their height was calculated using the
reprojected DEM. It was assumed that the deviation between real cloud
top heights as well as the detected cloud top heights would be typically
half the height of the transition zone. The RMSD calculated from these
deviations (RMSD2 ) is 41.93 m.
3. Imprecisions of the ASTER GDEM 2. The RMSD for the ASTER
GDEM 2 (RMSD3 ) calculated using GPS measurements is given as
8.68 m by Tachikawa et al. (2011).
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Figure 2.13: Cloud tops heights derived from the main cam footage taken on
15 March 2013 from 10:12 to 10:16 UTC + 8. See Fig. 2.3 for orientation.
If the RMSD is assumed to be the typical uncertainty caused by each of
these error sources, according to the Gaussian law of error propagation for
additive magnitudes, the uncertainty uh of the retrieved cloud top heights
can be calculated as
q
(2.7)
uh = RMSD21 + RMSD22 + RMSD23

=

r

2.73 pixels ·




2
◦
~
d · cos (γ) /1333 pixels · (1/ cos (β − 90 )) · sin (α) + 1833.47

For a vertical slope, directly facing orthogonally towards the viewing direction of the camera at a distance of 2500 m and with the camera being
orientated horizontally, this would result in uh = 43.12 m.

2.5

Results

An example output of the cloud top height determination algorithm is
shown in Fig. 2.9. Interpolated cloud tops heights are shown in Fig. 2.13.
Both figures are derived from the five frames taken on 15 March 2013
from 10:12 to 10:16 UTC +8 and show a sea of cloud situation as it
typically occurs in the Taroko Gorge. Video examples for the whole day
can be downloaded from http://lcrs.geographie.uni-marburg.de/
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Figure 2.14: Increase in the cloud top height on 15 March 2013 for the
position marked as “valley center” in Fig. 2.13.
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Figure 2.15: Cloud tops (green) detected in the scene taken on 19 March 2013
from 06:12 to 06:16 UTC + 8.
uploads/media/3_15_2013_CTH_camView.zip (camera view as shown
in Fig. 2.9, digital object identifier (DOI): doi:10.5678/LCRS/MS.2)
and
http://lcrs.geographie.uni-marburg.de/uploads/media/3_
15_2013_CTH_isoView_01.zip (isometric view as shown in Fig. 2.2,
doi:10.5678/LCRS/MS.3).
The original footage of the main cam is
downloadable from http://lcrs.geographie.uni-marburg.de/uploads/
media/3_15_2013_rawVideo.zip (doi:10.5678/LCRS/MS.1). A plot of zCT
(interpolated to the position in the valley center marked with a red dot in
Fig. 2.13) versus time is shown in Fig. 2.14 for the same day. The increase
in zCT over time that can be observed in the original footage of the main
cam is well reproduced, and times in which the view of the camera was
obstructed by clouds (red areas) were also correctly detected. The data gap
between about 06:30 and 08:15 UTC + 8 is caused by cloud tops that are
too low to be detected.
The algorithm also works for more complex lighting conditions (cf.
Fig. 2.15) and for scenes affected by the shadows of overlying broken cloud
cover (cf. Fig. 2.16).

2.5.1

Validation results

Table 2.1 shows the result of the validation based on the validation cam
footage. The PC calculated from this matrix is 0.9498 (complex illumination:
0.9466; cloud shadow affected: 0.9889). It is the only statistical measure
described in Sect. 2.4.3 that can be interpreted in a meaningful way for the
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Figure 2.16: Cloud tops (green) detected in the scene taken on 15 March 2013
from 09:02 to 09:06 UTC + 8.
Table
Validation cam
cloud immersed?
True/1
False/0
True/1
False/0
True/1
False/0

2.1: Confusion matrices for the automated
Validation cam below interpolated zCT ?
True/1
False/0
n11 = 262
n10 = 9
n01 = 49
n00 = 835
n11 = 41
n10 = 1
n01 = 10
n00 = 154
n11 = 34
n10 = 2
n01 = 1
n00 = 144

validation.

all lighting conditions
complex illumination
cloud shadow affected

validation cam approach.

The results of the visual validation are shown in Tables 2.2 and 2.3.
These results show that the presence and absence as well as the height of
cloud tops in the two-dimensional camera footage were correctly determined
in 84.73 % (complex illumination: 83.23 %; cloud shadow affected: 90.00 %)
of the scenes (PC) while the frequency of cloud tops in the area of detection was slightly underestimated in general (bias: 0.8418; complex illumination: 0.8438; cloud shadow affected: 0.9927). Cloud tops were detected in
77.21 % (complex illumination: 78.13 %; cloud shadow affected: 91.97 %) of
the scenes in which cloud top were present (POD) and in 7.35 % (complex
illumination: 9.23 %; cloud shadow affected: 13.70 %) of the scenes where no
cloud tops were present in the detection area (POFD). This corresponds to
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Table 2.2: Confusion matrices for the visual validation.
Cloud tops present Cloud tops detected at correct position?
in detection area?
True/1
False/0
True/1
n11 = 454
n10 = 134
all lighting conditions
False/0
n01 = 41
n00 = 517
True/1
n11 = 75
n10 = 21
complex illumination
False/0
n01 = 6
n00 = 59
True/1
n11 = 126
n10 = 11
cloud shadow affected
False/0
n01 = 10
n00 = 63

PC
0.8473
0.8323
0.9000

Table 2.3: Results of the visual
Bias
POD POFD
FAR HKD
0.8418 0.7721 0.0735 0.0828 0.6986
0.8438 0.7813 0.0923 0.0741 0.6889
0.9927 0.9197 0.1370 0.0735 0.7827

validation.
MCC
0.7050 all lighting conditions
0.6760 complex illumination
0.7803 cloud shadow affected

about 8.28 % (complex illumination: 7.41 %; cloud shadow affected: 7.35 %)
of the determined cloud tops being mistakenly detected (FAR).

2.6

Discussion and conclusion

The results of the visual validation can be regarded as promising. The accuracy, the HKD and the POD are quite high and the POFD and FAR are
low. The bias shows that the cloud frequency is slightly underestimated.
A method that is designed to provide validation data for another method
should, however, be as near to perfect as possible. For this reason the presented method should only be used to validate satellite-derived cloud heights
in scenes where there is no doubt about the presence of clouds. False positives and false negatives of the camera approach would be ignored in that
way.
The results for complex lighting conditions only differ slightly from those
for all scenes incorporated in the visual validation. The results for scenes
affected by the shadows of overlying cloud layers are generally better (even
if the POFD is slightly higher) than those for the other classes. This finding,
however, might be strongly biased since the cloud-shadow-affected scenes are
not randomly distributed over the investigation period but the appearance
of cloud shadows is temporally clustered.
The ability of the presented approach to determine the cloud top height
for cases in which the presence of clouds is known was shown using the
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validation cam approach and can be regarded as very good for all scenes
incorporated in the validation as well as for scenes under complex lighting
conditions and for scenes that are affected by cloud shadows. The detection
of cloud top positions in the 2-D image, as well as the projection onto the
three-dimensional DEM, works well for the camera location in the Taroko
Gorge, although the derived heights are afflicted with uncertainties of above
40 m that are mostly caused by the blurriness of cloud tops (cf. Sect. 2.4.3).
Since a valid cloud height determination depends on clouds touching the
terrain, the presented approach only works for selected locations, ideally with
frequently occurring sea-of-cloud conditions. Furthermore, the occurrence of
snow cover, which is unlikely for the area used for zCT determination in this
study, might cause problems as the presented method relies on differences in
the brightness between clouds and terrain. Since several thresholds used in
the cloud height determination process have been derived empirically for the
location in the Taroko Gorge and the segmentation of the terrain into slopes
and segments has also been custom-tailored to the view of the main cam,
an adaptation of the algorithm to the footage of cameras on other positions
would be necessary. The adaptation to the footage of cameras below the
cloud base that would be used to derive zCB (cf. Sect. 2.4.2) could cause
problems since cloud bases are generally more blurry than cloud tops.
For suitable locations above the cloud top height, however, the presented
method supplies data that are applicable for the design and validation of
satellite algorithms for ground fog detection. The method is cheap and easy
to set up, even in terrain that is difficult to access, as is often the case for cloud
forest areas. It provides continuous daytime data at a temporal resolution
of 5 min over several months without the need for maintenance. Besides
the necessary adaptations of the algorithm to different camera locations,
the data analysis is fully automated. While other techniques observe only
one column of the atmosphere or one point in space, the newly developed
method provides data for a much wider area. This provides the opportunity
to validate satellite-derived cloud top heights using interpolated zCT values
for several positions all over a pixel of the satellite image. An extrapolation
of one single point in space to a whole pixel is less valid than this procedure,
especially for the low-resolution imagery of GEO satellites.
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Appendix 1: Formulas used in the validation
The following formulas were used for the calculation of the statistical measure
used in Sect. 2.4.3. See Tables 2.1 and 2.2 for explanations of n11 , n10 , n01
and n00 .
n11 + n00
n11 + n10 + n01 + n00
n11 + n01
Bias =
n11 + n10
n11
POD =
n11 + n10
n01
POFD =
n01 + n00
n01
FAR =
n11 + n01
HKD = POD − POFD
n11 · n00 − n01 · n10
MCC = p
(n11 + n01 ) · (n11 + n10 ) · (n00 + n01 ) · (n00 + n10 )
PC =
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Abstract
The mountain cloud forest of Taiwan can be delimited from other forest types
using a map of the ground fog frequency. In order to create such a frequency
map from remotely sensed data, an algorithm able to detect ground fog is
necessary. Common techniques for ground fog detection based on weather
satellite data cannot be applied to fog occurrences in Taiwan as they rely on
several assumptions regarding cloud properties. Therefore a new statistical
method for the detection of ground fog in mountainous terrain from MODIS
Collection 051 data is presented. Due to the sharpening of input data using
MODIS bands 1 and 2, the method provides fog masks in a resolution of 250
m per pixel. The new technique is based on negative correlations between
optical thickness and terrain height that can be observed if a cloud that is
relatively plane-parallel is truncated by the terrain. A validation of the new
technique using camera data has shown that the quality of fog detection is
comparable to that of another modern fog detection scheme developed and
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validated for the temperate zones. The method is particularly applicable to
optically thinner water clouds. Beyond a cloud optical thickness of ∼ 40,
classification errors significantly increase.

3.1

Introduction

Cloud forests are tropical and subtropical forest ecosystems characterized by
the frequent occurrence of ground fog conditions (Bruijnzeel et al., 2011).
As they intercept water from cloud droplets and, due to their mostly wet
canopy, have a decreased rate of transpiration, they play an important role
as an ecosystem service provider increasing local water supplies (Mildenberger et al., 2009). Furthermore they are biodiversity hot spots with a high
number of endemic species (Postel et al., 2005). This also holds true for the
cloud forest of Taiwan (Hsieh, 2002). While cloud forest areas of Taiwan are
already the subject of intensive research (e.g., Chu et al., 2012; Mildenberger
et al., 2009), Taiwan’s cloud forest has never been completely mapped on
a country-wide scale. The most comprehensive information about the extent
of cloud forest in Taiwan available today is given by Li et al. (2013), based
on the National Vegetation Database of Taiwan. Since these data are based
on field surveys, they are highly reliable but only cover the area of 9822 plots
(each with an area of 400–2000 m2 ) distributed over the whole country. Due
to the inaccessibility of Taiwan’s mountainous areas, those plots are mainly
located close to roads.
For a spatial-explicit mapping, the usage of remote-sensing data seems
advisable. As the occurrence of cloud forest depends on the heavy influence
of ground fog conditions, it has been shown by Mulligan and Burke (2006)
that it can be discriminated from other forest types by the application of
a threshold on maps of the ground fog frequency. The potential of this approach for the application in Taiwan has been shown by Thies et al. (2015)
using low-stratus frequency maps derived from Moderate-resolution Imaging
Spectroradiometer (MODIS) data. Because no distinction has been made
in this study between low-stratus clouds (including clouds without ground
contact) and ground fog, the explanatory power of the presented low-stratus
frequency maps is, however, limited. To obtain more significant ground frequency maps, an algorithm able to detect ground fog (defined here as any
cloud with ground contact) in Taiwan from satellite data is necessary. Common techniques for ground fog detection are analyzed with respect to their
applicability for Taiwan in Sect. 3.2.1. A new method which is more suitable
for mountainous areas is presented in Sect. 3.2.2.
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Figure 3.1: Ground fog detection under the assumption of a plane-parallel
cloud geometry.

3.2
3.2.1

A ground fog detection approach suited
for Taiwan
Existing approaches

In order to detect ground fog from space, commonly a plane cloud base is
assumed. The height of the cloud base is compared to a digital elevation
model (DEM). If it is equal to or below the terrain height taken from the
DEM, ground fog conditions can be assumed. Mulligan and Burke obtain the
height of the cloud base surface by modeling the lifting condensation level of
clouds (the area of which is taken from High-resolution Infrared Radiation
Sounder (HIRS) data) from monthly WorldClim data that are interpolated
from station measurements (Hijmans et al., 2005). For a higher temporal
resolution and a more precise cloud base, usually the height of the cloud top
and the cloud geometrical thickness are retrieved from satellite data using
the abstraction of a plane-parallel cloud geometry (not to be confused with
plane-parallel cloud models, which are used in radiative transfer calculations).
This is possible as ground fog conditions are commonly caused by stratiform
clouds. The height of the cloud base can then be calculated by subtracting
the cloud geometrical thickness from the cloud top height (cf. Fig. 3.1).
Different methods for the cloud top height retrieval, e.g., CO2 slicing
(Menzel et al., 1983), DEM extraction (Bendix and Bachmann, 1993), or
a method recently presented by Yi et al. (2015), do exist. As they are not
suited for low clouds or only work under certain conditions, they cause different problems when applied to ground fog detection over mountainous areas (cf. Table 3.1). Cloud top heights may also be calculated from the
cloud top temperature retrieved from infrared window channels. Cermak
and Bendix (2008) compare it to the temperature of surrounding land pixels.
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Figure 3.2: Surface temperatures calculated using a split-window approach
by Jiménez-Munõz and Sobrino (2008) for the MODIS overflight on 5 January 2014 at 10:35 UTC + 8. The emissivity for the land surface has been
taken from the MODIS MOD/MYD 11 product. For clouds an emissivity of
1 has been assumed (cf. Sect. 3.3.4).
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Under the assumption of a certain (negative) temperature lapse rate with
altitude the height of the cloud top above ground can then be calculated.
Besides the problem that the assumed temperature lapse rate may not be
given in many cases, this approach is neglecting material properties such as
albedo or heat capacity and therefore the different reactions of cloud and
ground pixels to illumination or temperature changes. It has, however, been
successfully tested in the temperate zones of the Earth (Cermak and Bendix,
2011) so that these problems do not generally seem crucial. In Taiwan the
situation seems to be different, as shown in a MODIS scene containing ground
fog in Taiwan (Fig. 3.2). The fog is limited by the surrounding terrain and its
surface is relatively flat. Therefore its surface height should be at the height
of the lowest visible land surface. According to the temperature lapse rate
approach it should also have the same temperature. The latter is obviously
not the case. Instead the temperature difference between the fog and the
land surface is about 10 K, which would result in a height difference of at
least several hundreds of meters if a reasonable lapse rate is assumed.
Different methods are also available for cloud geometrical thickness derivation (cf. Table 3.2). Simple approaches that use empirically derived relationships between the thickness and the liquid water path (LWP) of a cloud
(Hutchinson, 2002) or its optical thickness (Minnis et al., 1997) lack precision because of oversimplification. More sophisticated approaches applied in
ground fog detection schemes as pseudosounding (e.g., Bendix et al., 2005;
Chang and Li, 2002) or an approach based on iteratively simulated LWPs
used by Cermak and Bendix (2011) use more complex cloud parameterizations but rely on many assumptions regarding cloud microphysical properties
and their vertical distribution within the cloud. These assumptions may be
valid for radiation fog. The typical Taiwanese mountain fog, however, seems
to be – based on field experience and information given by Li et al. (2015)
– more of advective nature. While it has not been tested whether existing
cloud thickness retrievals can be applied despite some inaccuracies, the main
problem of an accurate cloud top height derivation would remain.

3.2.2

The new approach – theoretical preliminary considerations

The main problem in ground fog detection in Taiwan is the derivation of
cloud top heights. A method that does not take this intermediate step and
detects the cloud base directly instead seems to be suited to overcome it.
For an assumed plane-parallel cloud as shown in Fig. 3.1, the geometrical
thickness is by definition the same for all parts of the cloud that do not
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Table 3.1: Different cloud height retrieval methods.
Reference
Basic idea of the method
Problems
Menzel
CO2 slicing: due to CO2 ab- The CO2 absorption is very
et al. (1983)
sorption increasing with wave- high for low levels (< 3 km) of
length in the CO2 band around the atmosphere. This results
15 µm, different channels in in bad signal-to-noise ratios for
this band are sensitive to dif- low level clouds such as fog.
ferent levels in the atmosphere.
Bendix
and DEM extraction: for a fog Only possible for fog that is
Bachmann
entity that is horizontally re- restricted by the terrain in its
(1993)
stricted by the terrain the horizontal extent.
height of its outermost pixels
can be read from a DEM.
Yi et al. (2015)
The top height of radiation fog Highly experimental.
that is restricted in its vertical Works only for radiation fog.
extent by a temperature inver- The fog occurrence in Taiwan,
sion is equal to the base height however, is mainly caused by
of that inversion.
moist air masses being uplifted
The base height of the inver- by the Taiwanese mountains
sion can be calculated from (Li et al., 2015).
satellite data.
For
example, Under the assumption of Neglects material parameters.
Cermak
and a fixed negative temperature This is crucial for ground fog
Bendix (2008);
lapse rate or an atmospheric in Taiwan.
Platnick
profile, the cloud top height An assumed temperature lapse
et al. (2003)
can be calculated from the rate/profile might be very
cloud top temperature.
wrong for many scenes.
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Table 3.2: Different cloud thickness retrieval methods.
Authors
Basic idea of the method
Problems
Hutchinson
As the liquid water path (LWP) is the col- The LWC is vertically not
(2002)
umn integration of the the liquid water constant.
For thin clouds,
content (LWC), the cloud thickness can however, a vertically constant
be calculated from the satellite-retrieved LWC can be approximated.
LWP under the assumption of a fixed
LWC for certain cloud types.
Minnis
The cloud thickness is calculated from the Due to oversimplification, the
et al. (1997)
satellite-retrieved cloud optical thickness approach can only be seen as
using empirical formulas. For clouds in a crude approximation.
different heights, different formulas are
used.
For example, Pseudosounding: measured albedos in dif- For the radiative transfer calBendix
ferent channels of the solar spectrum are culations several assumptions
et al. (2005); compared to theoretical albedos that were about the cloud microphysics
Chang and Li simulated for clouds with different thick- are necessary. These assump(2002)
nesses using radiative transfer calculations tions may be not true for Taiand stored in lookup tables. The thick- wanese fog clouds.
ness of the simulated cloud with the smallest deviation between its albedos and the
measured albedos is then assumed for the
real cloud.
Cermak
Clouds with different cloud thicknesses are Several assumptions about the
and Bendix iteratively simulated using a three-layer cloud microphysics are neces(2011)
cloud model. The LWC of the simulated sary. These assumptions may
cloud is integrated over the cloud thick- be not true for Taiwanese fog
ness in order to obtain the LWP. This the- clouds.
oretical LWP is compared to a satelliteretrieved LWP. If they match, the thickness of the simulated cloud is assumed for
the real cloud.
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Figure 3.3: Theoretical geometrical thickness/optical thickness under the
assumption of a perfectly plane-parallel cloud restricted by the terrain in its
extent. The assumed cloud reaches from a base height of 900 m a.s.l up to
a top height of 1400 m a.s.l.
touch the terrain. If that cloud is, however, cut off by the terrain in some
parts (causing ground fog), its thickness would be reduced in this area. If
it is additionally assumed that the cloud is horizontally homogeneous in its
optical properties, the optical thickness of that cloud would correlate with
its geometrical thickness. Therefore the optical thickness should be constant
in the parts without ground contact. In the parts with ground fog it would
be reduced (decreasing with an increasing height of the terrain). For such
an assumed cloud, a simple filling algorithm could be applied on an image
of its optical thickness in order to flag all the pixels with the same values
(cf. Fig. 3.3). In the flagged pixels the cloud would not have ground contact
(red, right side). The unmarked cloud pixels (shades of blue, right side)
would have ground contact causing ground fog.
A real-world stratiform cloud is neither perfectly plane-parallel nor horizontally homogeneous in its optical properties. It can be described by this
model only to some degree. Therefore a simple filling approach is obviously
not suitable for fog detection. The pixels without ground contact would still
have different optical thickness values. It can, however, be assumed that
no statistical relationship between the height of the terrain and the optical
thickness is given in the parts of the cloud that are not touching the ground.
In contrast, there is a negative correlation between the terrain height and the
optical thickness for the pixels with ground fog as the geometrical thickness
decreases with increasing terrain height. Without knowledge about the verti61

cal distribution of a cloud’s extinction coefficient a linear correlation cannot
be assumed. It is only known that the optical thickness decreases with increasing DEM height. Such a trend can be detected using Spearman’s rank
correlation coefficient (ρ).
Let ρbelow h be Spearman’s rank correlation coefficient calculated from the
DEM height and the remote-sensed optical thickness of all pixels of a cloud
entity with a DEM height below a certain height h. If we assume perfect
conditions (a perfectly plane-parallel cloud without any horizontal inhomogeneities and a perfectly retrieved – no sensor noise, for example – optical
thickness), ρbelow h should be 0 for all h at the level of or below the cloud
base height. For all h above the cloud base height it should be below 0 and
decrease with increasing h. Let ρabove h be the correlation between height
and optical thickness calculated from all cloud pixels with a height above or
equal to h. Under perfect conditions ρabove h should be −1 for all h at the
level of or above the cloud base height. For all h below the cloud base height
it should be above −1 and increase with decreasing h. Based on this, the
height in which the difference ρdiff h = ρbelow h − ρabove h is maximal can be
defined as the base height of a cloud.
As Fig. 3.4 shows, this theoretically assumed relation between optical
thickness and terrain height can be observed for real clouds with ground
contact. Above the measured cloud base height the optical thickness decreases with the height of the DEM as the cloud is cut off by the terrain
here. Below the cloud base height, no relationship between optical thickness
and DEM can be observed. In this real-world example, ρabove cloud base does,
of course, not reach values as extreme as −1 and also ρbelow cloud base is not
exactly 0.
The domain of the scatter plot in Fig. 3.4 is relatively small on purpose.
Further in the north – where the DEM values are decreasing – the optical
thickness also decreases. Thus, the assumption of plane-parallelism and/or
horizontal homogeneity is clearly not valid for the depicted cloud. On a more
local level, however, the variability of cloud top height, cloud bottom height,
as well as the coefficient of extinction is negligible. Therefore the correlations
necessary for cloud base detection should be calculated for each cloud pixel,
p, separately based only on the cloud pixels inside a round moving window
centered at each p. This should be done for all pixels that are according to
the DEM below p (resulting in ρbelow p ) as well as for all pixels at the height
of or above p (ρabove p ), resulting in the difference ρdiff p = ρbelow p − ρabove p .
With ρabove p including p itself, the value of ρdiff p is, according to the above
considerations, especially high for pixels that are the lowest that still are
located above the local cloud base height. This is because ρabove p is clearly
negative here while ρbelow p is close to 0 (cf. Fig. 3.5). Pixels with a local
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Figure 3.4: Relationship between the optical thickness of a cloud partially
touching the ground and the terrain height in Xitou, Taiwan, on 31 November 2014. The lower plot is based on all cloud pixels inside the plot domain.
For pixels above the ceilometer-derived cloud base, ground contact of the
cloud can be assumed under the assumption of plane-parallelism. The cloud
base height was detected by a ground-based ceilometer (cf. Sect. 3.4.2 for
information about the ceilometer and the location). The ASTER GDEM 2
resampled to a resolution of 250 m (cf. Sect. 3.3) has been used for the terrain height. The optical thickness was taken from a sharpened 250 m version
of the MODIS MOD/MYD 06 product (cf. Sect. 3.3.2).

Figure 3.5: The calculation of ρdiff p for pixels p in different locations. (a)
Inside a cloud, ρabove p and ρbelow p are calculated from pixels with ground fog.
Therefore both values are clearly negative. This results in a small ρdiff p . (b)
At the cloud base height, ρabove p is calculated from pixels with ground fog. It
is therefore clearly negative. ρbelow p is calculated from pixels without ground
fog. Its value is therefore close to 0. This results in a high ρdiff p . (c) Below
a cloud, ρabove p and ρbelow p are calculated from pixels without ground fog.
Therefore both values are near to 0. This results in a small ρdiff p .

maximum of ρdiff p and clearly negative values of ρabove p can therefore be
considered as being most likely cloud base height pixels.
The new algorithm for ground fog detection making use of the theoretical
basis developed in this section is presented in detail in Sect. 3.4.1 and is
validated in Sect. 3.4.2. As all of the above consideration rely on clouds being
cut off by mountains, its application is limited to the Detection Of Ground
fog in Mountainous Areas (DOGMA; this acronym will be used hereinafter
for the new technique). Since most of the fog occurrence in Taiwan (as well as
all the known occurrence of cloud forest) is restricted to the mountain areas
that cover the biggest part of the island, the method is suited for ground fog
detection in Taiwan despite this limitation.
The optical thickness input and the DEM as well as other inputs that are
necessary for the method are described in Sect. 3.3.

3.3

Input data and their processing

As shown in Sect. 3.2.2, one of the main inputs for DOGMA is a DEM. The
ASTER GDEM 2 (property of METI and NASA), distributed via the USGS
global data explorer (United States Geological Survey, 2013) and resampled
to a resolution of 250 m is used.
All other inputs (cf. Fig. 3.6) are based on MODIS Collection 051 Level
1B and Level 2 products. MODIS data have been chosen instead of the data
of geostationary satellites (e.g., the Japanese Himawari series covering the
area of Taiwan) because of the combination of the long time span for which
the data are available (MODIS: since 1999 (Terra)/2002 (Aqua); Himawari
7: since 2006; Himawari 8: since 2015) and their relatively high spatial
resolution (MODIS: up to 250 m; Himawari 7: up to 1000 m; Himawari 8:
up to 500 m). The latter is necessary due to the complex topography of
Taiwan’s mountains.
The cloud optical thickness is based on the MODIS MOD06 2.1 µm optical
thickness product derived from radiative transfer calculations (Platnick et al.,
2003). As it is only available for daytime scenes, the application of DOGMA
is restricted to those (cf. Sect. 3.3.2)
Since fog (with the exception of ice fog that can only be found in polar
latitudes; Oke, 1978) is completely in the water phase, DOGMA is only
applied on water clouds. In addition to the inputs mentioned in Sect. 3.2.2,
a cloud mask including information about the cloud phase is thus necessary
as an input. It is based on the MODIS MOD35 cloud mask product (cf.
Sect. 3.3.3).
To be able to remove pixels that are considerably colder (because they
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Figure 3.6: Flowchart for the processing of the inputs required to run
DOGMA.
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are higher) than the rest of a cloud entity, cloud top temperatures are also
needed for the procedure. They are calculated for all water cloud pixels from
MODIS thermal infrared (TIR) window channels (cf. Sect. 3.3.4).
To make use of the full 250 m resolution of MODIS, which is only available
in the visible bands 1 and 2, different techniques (cf. Sect. 3.3.1–3.3.4) are
applied to sharpen those inputs using the MODIS high-resolution bands.

3.3.1

Pan sharpening of MODIS channels

MODIS channels are not necessary as an input for DOGMA. Some are,
however, required to sharpen other MODIS products needed as an input.
Therefore several infrared channels are transferred to the 250 m resolution of
MODIS channels 1 and 2 using a suitable pan-sharpening technique by Schulz
et al. (2012). According to this method a high-resolution satellite channel is
degraded to match the resolution of the low-resolution channel that is to be
sharpened. This is done by averaging each group of 4 × 4 high-resolution
pixels, the area of which corresponds to one and the same low-resolution
pixel. Then a potential regression is used to explain the pixel values of the
low-resolution channel with the pixel values of the degraded high-resolution
channel. The same regression is applied on the original high-resolution channel in order to obtain a high-resolution version of the low-resolution channel.
This procedure is, however, not applied on a scene globally as that would lead
to a low coefficient of determination of the regression. This would result in
a bad quality of the sharpened image. Instead, a channel is sharpened pixelwise using a different regression for each pixel. Each regression is based on
an approximately round moving window with a diameter of 5 pixels centered
at the pixel that is to be sharpened.
For DOGMA data pre-processing the pan-sharpening technique has been
adapted to MODIS data. Since MODIS has two channels in the resolution of
250 m, both of them were degraded and used to sharpen the low-resolution
channels using a multiple potential regression. In order to simulate what the
high-resolution image would look like if captured by MODIS in its 1000 m
resolution, the sensor’s spatial response function is additionally incorporated
in the degradation of the 250 m channels. In the averaging process of 4 × 4
high-resolution pixels each high-resolution pixel is weighted by the sensor’s
spatial response function (taken from Huang et al., 2002) of the low-resolution
pixel that is to be sharpened.
The described method is used to sharpen the unitless digital number (DN)
values of the MODIS channels 20, 29, 31 and 32 as distributed via the
MODIS MOD02/MYD02 product. After sharpening, the DNs of these channels are transferred to radiances using scale and offset values included in the
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Table 3.3: MODIS channels that are used in the creation of input data for
DOGMA.
MODIS Wavelength
Usage of
Resolution (m)
Usage of DNs
Usage of BBTs
channel
(µm)
reflectances
Sharpening of
250
channels 20,
Cloud
1
0.620–0.670
–
degraded: 1000 29, 31, 32, and
detection
optical thickness
Sharpening of
250
channels 20,
2
0.841–0.876
–
–
degraded: 1000
29, 31, and 32
1000
20
3.660–3.840
–
–
Cloud detection
sharpened: 250
Cloud phase
29
8.400–8.700
sharpened: 250
–
–
determination
Cloud detection,
cloud phase
1000
determination,
31
10.780–11.280
–
–
sharpened: 250
cloud top
temperature
retrieval
Cloud top
temperature
32
11.770–12.270 sharpened: 250
–
–
retrieval
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Figure 3.7: Example results of the sharpening of (a) MODIS band 31 (cf.
Sect. 3.3.1) and (b) the MOD/MYD 06 optical thickness (cf. Sect. 3.3.2) for
the MODIS overflight on 5 January 2014 at 10:35 UTC + 8.
MOD02/MYD02 product. The inverse Planck function is used to calculate
black-body temperature (BBT) values from the radiances.
BBTs are also calculated from the 1000 m DNs of the channels 20 and 31.
From the DNs of channel 1 the reflectance is calculated using the appropriate
scale and offset values from the MOD02/MYD02 product. A sharpening
result for channel 31 is exemplarily shown in Fig. 3.7. An overview of the
used channels is given in Table 3.3.
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3.3.2

Cloud optical thickness

Over land surfaces the MOD06 optical thickness is mostly based on channel 1 (Platnick et al., 2003). Therefore a slightly adapted version of the
pan-sharpening method used to process the 1000 m MODIS imagery (cf.
Sect. 3.3.1) is suited to sharpen it. Instead of a multiple regression a simple
regression incorporating only channel 1 (instead of channels 1 and 2) as the
independent variable is used. An example result is shown in Fig. 3.7.

3.3.3

Cloud mask

As it is based on the solar MODIS high-resolution channels 1 and 2 only,
the 250 m cloud mask included in the MOD35 cloud mask product does
not contain information about the cloud phase. Furthermore it is, for some
scenes, heavily flawed in the area of Taiwan. Cities and riverbeds with high
reflectance values are often wrongly classified as clouds (cf. Fig. 3.8). These
problems do not occur in the MOD35 1000 m cloud masks. Therefore, the
250 m water cloud mask used as an input for DOGMA is created using
the MOD35 1000 m cloud mask as a reference and sharpened as well as
unsharpened MODIS imagery as its basis. Before any further processing is
applied, thin cirrus are removed from the 1000 m MOD35 cloud mask based
on the included cloud classification.
Cermak and Bendix (2008) have shown that a threshold applied on the difference BBT T IR −BBT M IR (further referred to as diff 250 and diff 1000 for the
250 m and the 1000 m version) between BBT values in the TIR and medium
infrared (MIR) is well suited to distinguish between cloud-contaminated and
clear pixels using a threshold. The difference values are clearly negative for
cloudy pixels and near to 0 for clear surfaces. For MODIS this difference can
be calculated from the channels 31 (TIR) and 20 (MIR).
To identify a suitable threshold for a certain scene several iteratively
adapted thresholds are applied on diff1000 in order to obtain masks in the 1000
m resolution. Those masks are compared to the MOD35 1000 m cloud mask
in terms of the percentage of pixels being classified in agreement between
the cloud mask derived from diff1000 and the MODIS reference product. The
threshold resulting in the best agreement is chosen.
Since clouds are highly reflective in the visible spectrum, a threshold
can also be applied on the reflectance of channel 1 (further referred to as
ref 250 and ref 1000 for the 250 m and the 1000 m version) to distinguish
between cloud-covered and cloud-free pixels to some degree. This threshold
is determined in the same iterative way as the threshold derived from diff1000 .
These two thresholds can then be applied on diff250 and ref250 . The results
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Figure 3.8: Comparison of the MODIS 250 m cloud mask and the improved
250 m cloud mask for MODIS overflights over Taiwan on (a) 25 January 2014,
10:10 UTC + 8, and (b) 9 June 2014, 10:20 UTC + 8. The colors in (b)
represent ice clouds (red) and water clouds (blue). The improved cloud mask
is only calculated for land areas.
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are two cloud masks in 250 m that still contain several flaws (e.g., cities and
river beds being classified as clouds due to their high albedo in the channels 1
and 20). As the flaws often are in different areas the two cloud masks can be
combined to a new cloud mask (further referred to as global cloud mask ) that
consists only of the pixels classified as clouds in both of them. It is of higher
quality but still not completely flawless due to the threshold being applied
on the full MODIS scene. Therefore thresholds are additionally identified
for each 1000 m pixel p separately by using the iterative approach described
above for a window of 20 pixels × 20 pixels around p only. The pixels of
diff250 and ref250 covered by p are then classified as cloud contaminated or
cloud free using these thresholds. The results from the local approach and
the global cloud mask are combined to a final 250 m cloud mask. A pixel is
considered as cloudy if clouds are present according to the global cloud mask
and
a. the pixel is cloud contaminated according to the local thresholds applied on diff250 and ref250 or
b. the pixel is unambiguously cloudy according to the value of diff250
(diff250 is below the diff250 value of at least 50 % of the pixels in the 20
pixels × 20 pixels window that are considered as clouds according the
MODIS 1000 m cloud mask).
The resulting mask does still not differentiate between water, ice, and
mixed phase clouds. Mixed and ice phase clouds are detected using the
same threshold approach that is incorporated in the MODIS cloud phase
classification. It is mainly based on radiative transfer calculations that have
shown that the difference BBT 29 − BBT 31 between the MODIS channels 29
and 31 is high for ice clouds and low for water clouds (Chylek et al., 2006).
Also BBTs from channel 31 can be incorporated to detect clouds that are
obviously too cold to be in the water phase. The MODIS cloud classification
combines these two approaches to identify cloud pixels that are not or not
solely in the liquid phase as follows (Platnick et al., 2003):
• Mixed phase: 238 < BBT 31 < 268 K and −0.25 ≤ BBT 29 − BBT 31 <
0.5 K;
• Ice phase: BBT 31 ≤ 238 K or BBT 29 − BBT 31 ≥ 0.5 K.
Examples for the enhanced 250 m cloud mask are shown in Fig. 3.8.
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3.3.4

Cloud top temperature

Cloud top temperatures are calculated for all water cloud pixels from the
sharpened BBTs of the MODIS TIR window channels 31 and 32 using a splitwindow algorithm proposed by Jiménez-Munõz and Sobrino (2008). While
the method was not explicitly developed for cloud surfaces, there is no reason why it could not be applied here. It allows us to correct for atmospheric
absorption as well as emissivity effects. The latter, however, are ignored in
our cloud top temperature retrieval as an emissivity of 1 for the cloud surface is assumed. This approximation for water clouds is possible for TIR
wavelengths, if the cloud is supposed to have a thickness of at least several
tens of meters (e.g., Hunt, 1973; Yamamoto et al., 1970). The total atmospheric water vapor content, which is needed as an additional input for the
cloud top temperature retrieval, is taken from the MOD/MYD05 total precipitable water product. It is resampled to the 250 m resolution without
sharpening.

3.4
3.4.1

Methodology
DOGMA – detailed description

DOGMA is fed with the inputs described in Sect. 3.3 (cf. Fig. 3.9). Pixels
classified as ice cloud or mixed phase cloud in the 250 m cloud mask are
removed from the analysis and marked as unclassifiable as they might block
the view to lower fog layers. The algorithm runs through each 250 m water
cloud pixel p of a MODIS scene and calculates ρbelow p , ρabove p , and ρdiff p
(cf. Fig. 3.10a) from a round window with a diameter of 40 pixels around p
as described in Sect. 3.2.2. The scene is then scanned for local maxima of
ρdiff p in order to detect pixels at the cloud base height (further referred to as
CBH pixels). This is done by comparing each water cloud pixel p to all other
water cloud pixels in a round window with a diameter of 20 pixels centered
at p. Pixels which are higher than the lowest direct neighbor of p or lower
than the highest direct neighbor of p are excluded from this comparison as
they would (if p were actually a CBH pixel) most probably be CBH pixels
of the same cloud base as p. p is marked as a low-certainty CBH pixel (cf.
Fig. 3.10b) if
a. p has a higher ρdiff
b. ρdiff

p

p

than all the pixels it is compared to,

is above 0,
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c. ρabove p is clearly negative (an empirically derived threshold of -0.3 is
used) and
d. p has, according to the DEM, a slope elevation of at least 7.2 % (this
is checked as the considerations in Sect. 3.2.2 are all based on the
assumption of mountainous terrain).
As ρdiff p and ρabove p are calculated from relatively small windows, smallscale variations of the cloud bottom height can be captured well. On such
a local level random small-scale gradients of the cloud thickness or the extinction coefficient that spatially coincide with an increase or decrease in
terrain height could be mistaken for correlations that are caused by a cloud
being cut off by the terrain. For bigger windows, resulting in a bigger sample
size of the correlations, such small-scale gradients have a much lower impact.
Therefore ρabove p is calculated again (further referred to as ρabove p, 120 ) for
each low-certainty CBH pixel p. This is done based on the optical thickness
and height of all pixels in a round window with a diameter of 120 pixels
centered around p. For a window of this size the assumption of a negligible variability of cloud top height, cloud bottom height and coefficient of
extinction inside the window may not be fulfilled. If p is actually a CBH
pixel, the 120 pixels window could, for example, contain water cloud pixels
with a higher elevation than p that are free of ground fog due to variations
of the cloud base height. Therefore the correlation may not reach very low
values even for CBH pixel. Thus, a relatively high threshold of 0 is applied
on ρabove p, 120 . If ρabove p, 120 is below that value, p can be regarded as a CBH
pixel with medium certainty.
As real CBH pixels should be a part of a cloud base that is formed by
several CBH pixels, CBH pixels that are surrounded by other CBH pixels
should have an increased probability of being real CBH pixels. Therefore for
each medium-certainty CBH pixel p, the algorithm checks whether at least
10 other medium-certainty CBH pixel can be found in a round window with
a diameter of 40 pixels centered at p. If that is the case, p is marked as
a high-certainty CBH pixel.
The filtering that is necessary to obtain high-certainty CBH pixels is often
too strict, resulting in too many pixels being filtered out. In order to increase
the number of detected CBH pixels (which is necessary to capture small-scale
variations in the cloud bottom height as precise as possible), DOGMA goes
back to the original low-certainty CBH pixels and filters them again based on
their vertical distance to an assumed cloud base surface that can be defined
from the high-certainty CBH pixels. This cloud base surface is modeled for
each water cloud entity separately by interpolating the heights of all highcertainty CBH pixels belonging to that cloud entity using inverse distance
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Figure 3.9: Overview of DOGMA.

weighting (IDW; Shepard, 1968). All low-certainty CBH pixels that are
within a vertical distance of less than 400 m to this surface (further referred
to as final CBH pixels) are used for the discrimination of ground fog.
For the final ground fog discrimination, the heights of all final CBH pixels of each water cloud entity as well as their temperature taken from the
cloud top temperature image are interpolated using IDW interpolation (cf.
Fig. 3.10c). Each pixel p in which the interpolated height of the cloud base
is below or equal to the height taken from the DEM is a ground fog pixel
if the IDW interpolated temperature of p is not more than 3 K higher than
the temperature taken from the cloud top temperature image. If the measured temperature was much colder, p would be significantly higher than the
pixels used for the IDW interpolation. Therefore, it would either belong to
another cloud level or the assumption of a cloud top surface that can locally
be approximated as plane would be wrong for p.
So far the existence of a cloud base surface that has a one-dimensional
intersection with the terrain has been assumed. If a fog cloud does, however,
touch the terrain with its entire base (complete valley fill), such an intersection does not exist. Therefore the cloud would not be identified as fog by
the tests described so far. In order to detect those clouds nevertheless, each
cloud entity from the water cloud mask is further examined when no fog has
been detected in it. For each pixel p of the entity, ρ is calculated from the
pixels in a round window with a diameter of 40 pixels that is centered at
p. If the median of all ρ is below -0.3, all pixels of the entity are considered
ground fog pixels.
The final ground fog mask is shown in Fig. 3.10d.

3.4.2

Methodology of validation

For many areas, METeorological Aerodrome Reports (METARs) are ideally
suited to validate ground fog detection schemes (e.g., Cermak and Bendix,
2011; Schulz et al., 2012). These reports are based on weather observations
from airports and include cloud base heights as well as information about the
visibility at ground level. In Taiwan, however, all airports are located in the
plains in the outer parts of the island and not in the mountainous area where
DOGMA can be applied (dark red area Fig. 3.10b). Considering this lack of
data, several cameras of the type PlotWatcher Pro (Day 6 Outdoors, LLC,
USA) were installed in the mountainous parts of the island. The cameras
were set up to take a photo each minute and save it to a SD card. Additionally, the data of a CL31 ceilometer (Vaisala, Finland) installed in Xitou have
been used (cf. Fig. 3.11; Table 3.4).
Table 3.4 gives an overview about the time spans during which the differ76

Figure 3.10: Steps in the calculation of the DOGMA fog mask for the same
MODIS overflight as shown in Fig. 3.2 (5 January 2014, 10:35 UTC + 8). (a)
ρdiff p calculated for each pixel of the 250 m cloud mask. (b) Low-certainty
CBH pixels. The dark red area is not steep enough to apply DOGMA. (c)
IDW interpolated cloud base height. (d) Final DOGMA ground fog mask.

Figure 3.11: Locations of the instruments used in the validation study.
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Table 3.4: Overview of the instruments used for the validation study.
Marker no. in Fig. 3.11
Parameters derived
Time span of
Location
Altitude
and instrument type
from the data
data availability
Cloud immersion
29 Sep 2014
Upper section of
and cloud base
–
1. Ceilometer
1164 m
the valley of Xitou
height
31 Dec 2014
17 Mar 2013
Upper section of
–
1. Camera
1302 m
Cloud immersion
the valley of Xitou
4 Apr 2014
17 Mar 2013
Middle section of
–
2. Camera
999 m
Cloud immersion
the valley of Xitou
10 Jan 2014
26 Mar 2013
Upper section of
–
3. Camera
2682 m
Cloud immersion
Taroko Gorge
11 Jun 2014
25 Mar 2013
Middle section of
–
4. Camera
2377 m
Cloud immersion
Taroko Gorge
24 Jun 2014
21 Mar 2013
Middle section of
–
5. Camera
2206 m
Cloud immersion
Taroko Gorge
7 Feb 2014
Upper end of
22 Mar 2013
a valley on
–
6. Camera
1681 m
Cloud immersion
Chi-Lan Mountain
20 Jun 2013
Near the lower end
25 Mar 2013
of a valley on
–
7. Camera
510 m
Cloud base height
Chi-Lan Mountain
24 Jun 2014
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ent instruments have captured data. For those time spans DOGMA ground
fog products were generated from the data of all Terra and Aqua daytime
overflights over Taiwan. The DOGMA ground fog product as well as the
IDW interpolated cloud base surface have been compared to the camera and
ceilometer data in order to assess their quality.
Validation of the ground fog product
The cameras 1 to 6 are located at positions that are often cloud immersed.
All of their images taken at the time of MODIS overflights were manually
classified into the categories “fog free” or “fog immersed”. From the ceilometer data captured at overflight times, information about the cloud immersion
of the instrument was also extracted. Each camera and ceilometer reference
observation was then compared to the DOGMA ground fog product pixel
that is correspondent in space and time. Ice cloud and mixed phase pixels
have not been included in this comparison as DOGMA marks them as unclassifiable. The results have been summarized in a contingency table. From this
table the following statistical measures have been calculated (Mason (2003);
Matthews (1975); see Appendix 2 for formulas):
• Proportion correct (PC)
• Bias
• Probability of detection (POD)
• Probability of false detection (POFD)
• False alarm rate (FAR)
• Matthews correlation coefficient (MCC).
Validation of the DOGMA cloud base height
As the quality of the DOGMA ground fog product is a direct result of the
cloud base surface height (cf. Fig. 3.10c), the latter has been validated
separately. This was done using the ceilometer as well as camera 7. The
ceilometer is located in the valley of Xitou where a high fog frequency can be
observed. The camera is located near the lower end of a valley on Chi-Lang
Mountain facing up the valley. While the camera location is usually fog free,
the upper parts of the valley are often fog immersed. The intersection between the cloud base and the terrain can be observed by the camera in these
cases.
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Cloud base validation using ceilometer data
The ceilometer validation has been conducted for all MODIS overflights in
which the DOGMA cloud base product provides information for the ceilometer location and the ceilometer provides cloud base information (this means
that it is not cloud immersed and the pixel it is located in is not cloud free).
For these overflights, the DOGMA cloud base height has been extracted for
the pixel of the ceilometer location. The mean deviation has been calculated
between ceilometer reference data and the extracted cloud base heights. All
scenes in which the ceilometer obtained cloud base height is above the height
of the highest pixel in the valley of Xitou that is cloud covered (according to
the 250 m water cloud mask) were excluded from this calculation. This was
necessary as DOGMA extracts the height of the cloud base from the DEM
and is therefore – as a matter of principle – not able to detect any cloud
base that does not touch the terrain. For ground fog detection information
about higher cloud bases is not of interest. Scenes in which the DOGMA
cloud base is below the ceilometer location also needed to be excluded from
the calculation as ceilometer data (which are only available when the cloud
base is above the ceilometer) would only be available if the DOGMA cloud
base height were wrong. This would result in a biased validation.
Cloud base validation using camera data
While cloud bottom heights recorded by the ceilometer could be directly compared to the height of the DOGMA cloud base, the camera footage needed
to be processed manually in order to obtain reference cloud bottom heights.
All images taken at MODIS overflights were assessed to determine whether
the captured slopes of Chi-Lan Mountain are cloud immersed, as shown in
Fig. 3.12. Scenes for which that is not the case and scenes for which the
weather conditions (e.g., ground fog at the camera location) did not allow
an unequivocal identification of the cloud base were excluded from further
analysis. For the remaining scenes the intersection of the cloud base height
and the terrain was marked manually in the image (red lines in Fig. 3.12).
For those image pixels marked as intersection pixels, the altitude was extracted from the ASTER GDEM 2 reprojected to the view of the camera (cf.
Schulz et al. (2014; Chapter 2 of the present thesis) for details about the reprojection). IDW interpolation has been used to model a cloud base surface
from the heights and positions of those pixels in a resolution of 250 m for
a domain defined by their bounding box. For each MODIS scene for which
the cloud base obtained from the camera data has been calculated and the
DOGMA cloud base product also contains information inside the bounding
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Figure 3.12: Manual identification of cloud base heights on Chi-Lan Mountain using PlotWatcher Pro imagery (scene from 31 August 2013).
box domain, the median of the deviations in height between all pixels of the
camera obtained cloud base surface and the corresponding DOGMA cloud
base surface pixels was then calculated. The result is a single value for each
scene that describes the deviation between the camera obtained cloud base
and the DOGMA cloud base for the whole view shed of the camera. From
those deviations the mean deviation has been calculated.

3.5

Validation results and discussion

The results of the validation of the DOGMA ground fog product are shown in
Tables 3.5 and 3.6. Also the results of a validation carried out by Cermak and
Bendix (2011) for their own method using METAR data from a European
domain are included. As the two validations are based on different data sets
from different areas, they should not be directly compared to each other.
The validation by Cermak and Bendix should only be seen as a reference for
the current quality of ground fog detection from spaceborne sensors.
As shown in Table 3.1 both methods have a relatively similar overall fog
detection quality (MCC). DOGMA tends to underestimate the fog frequency
while the method by Cermak and Bendix generally overestimates it (bias).
In detail, that means not only that a lower ratio of fog pixels is classified correctly as fog by DOGMA than by the method of Cermak and Bendix (POD)
but also that a lower ratio of all pixels that are classified as fog contaminated
is wrongly classified (FAR). A higher ratio of fog-free pixels is, however,
wrongly classified as fog by DOGMA (POFD). The main issue with both
methods is a relatively high FAR in combination with a relatively low POD.
The shortcomings of DOGMA might mostly be caused by clouds that
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Table 3.5: Confusion matrices for the validation of the DOGMA ground fog
product.
Fog according
Fog according to fog detection scheme?
to validation data?
True/1
False/0
True/1
n11 = 135
n10 = 152
DOGMA
False/0
n01 = 115
n00 = 1138
True/1
n11 = 104
n10 = 92
DOGMA,
False/0
n01 = 91
n00 = 1048
optical thickness <40
True/1
n11 = 108
n10 = 99
Cermak and
False/0
n01 = 208
n00 = 69344
Bendix (2011)
Table 3.6: Validation results for the DOGMA ground fog product.
MCC
PC
Bias
POD POFD FAR
0.3998 0.8266 0.8711 0.4704 0.0918 0.4600 DOGMA
DOGMA,
0.4517 0.8629 0.9949 0.5306 0.0799 0.4667
optical thickness <40
0.4202 0.9956 1.5266 0.5218 0.0030 0.6582 Cermak and Bendix (2012)
cannot locally be approximated as plane-parallel and horizontally homogeneous as it is assumed by the method. Also, clouds with a very high optical
thickness that often cover Taiwan can cause problems. The footage of the
cameras shows that optically thick clouds do often touch the ground, even if
it is not possible for a human observer to distinguish ground fog in a satellite
image. Also, DOGMA has problems detecting fog in these situation. An
optical thickness of 40 – a value that is surpassed in 13.31 % of the pixels
that have been used for the validation – corresponds to a transmittance of
4.24 × 1018 . With such a low transmittance almost no light – and therefore
hardly any information – from the cloud base reaches the sensor. In order to
assess the impact of those very thick clouds, a validation excluding all reference observations during which the camera or ceilometer has been located
below a cloud with an optical thickness of more than 40 has been carried out.
As shown in Table 3.6, this increases the overall detection quality (MCC),
mainly due to a better POD.
Table 3.7: Validation results for the DOGMA cloud base height.
No. of incorporated
Method
Mean deviation
scenes
Ceilometer validation
30
223.75 m
Camera validation
95
200.80 m
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The mean deviation of the DOGMA cloud base height is given in Table 3.7. DOGMA does not directly calculate a cloud base height. Instead
CBH pixels are detected in a two-dimensional image (cf. Sect. 3.4.1). As
the validated DOGMA cloud base height is interpolated from the height of
the DEM extracted from these pixels, its precision is (if inaccuracies of the
interpolation are ignored) a result of the correctness of the detection of CBH
pixels in combination with the topography and its mapping in the 250 m
resolution of the DEM. The mean steepness of the slopes of both valleys incorporated in the cloud base validation is approximately 50–60 %. As a pixel
with sides of 250 m in length has a diagonal of about 354 m, height differences
of 177 m (50 % of 354 m) to 212.4 m (60 % of 354 m) inside a single pixel
are possible and height differences between 125 m (50 % of 250 m) an 150
m (60 % of 250 m) are unavoidable. This means that even CBH pixels that
have been detected in the correct position may result in relatively imprecise
cloud base heights, although the delimitation of the fog immersed area would
be perfect. Conversely, this implies that the ∼ 200 m error of the DOGMA
cloud base is the result of a relatively small mean error of less than two pixels
in the horizontal positions of the CBH pixels. Therefore the DOGMA cloud
base height product is suited for ground fog delimitation but should not be
used for other purposes.

3.6

Conclusion and outlook

Common fog detection schemes that have been developed for radiation fog
are not applicable in Taiwan, as they rely on assumptions (cf. Sect. 3.2.1)
that are not met by most fog occurrences in Taiwan. Therefore the presented method has been developed. DOGMA does not calculate the cloud
base height from the difference between the cloud top height and the cloud
thickness. Instead, pixels at the cloud base are directly detected using a statistical approach that is based on a negative Spearman’s rank correlation coefficient between the optical thickness and the terrain height of fog immersed
pixels extracted from the DEM. As it relies on clouds that can be at least locally approximated as plane-parallel and horizontally homogeneous, and the
MOD/MYD 06 optical thickness product is based on radiative transfer calculations using a plane-parallel cloud model (Platnick et al., 2003), DOGMA
does rely on some assumptions. The necessary degree of plane-parallelism
and horizontal homogeneity is, however, low enough so that the method is
applicable to seas of clouds (cf. Fig. 3.2), which are typical in Taiwan. As the
comparison to the method of Cermak and Bendix (cf. Sect. 3.5) has shown,
the overall quality of DOGMA’s fog detection is (despite some problems with
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fog clouds with a very high optical thickness) comparable to that of a modern fog detection scheme developed and validated for the temperate zones. It
therefore seems to be applicable to the creation of ground fog frequency maps
that can be used for the country-wide mapping of Taiwan’s cloud forests.
The relationship between fog frequencies and the occurrence of mountain
cloud forest in Taiwan will be the subject of future work. In addition, it will
be investigated whether a daytime-only approach is suited for the delimitation of mountain cloud forest.
DOGMA is restricted to mountainous areas. If perfectly plane-parallel
and horizontally homogeneous fog clouds are assumed, it should work even
for slightest slopes. As those perfect conditions would not actually be met,
it will be the subject of future work to find out for which areas DOGMA is
suited. It would, for example, be conceivable that the method works for very
plain radiation fog in the valleys of low mountain ranges.
The vertical precision of the DOGMA cloud base is highly dependent on
the horizontal accuracy of the fog detection (cf. Sect. 3.6). Also, fine details
in the margin of fog entities that are restricted in their extent by the terrain
can be much better captured in the highest MODIS resolution of 250 m than
in the 1000 m resolution (cf. Fig. 3.7a). For those reasons all inputs necessary
for DOGMA needed to be transferred to the 250 m resolution. An inclusion
of a 250 m version of the optical cloud thickness product in future MODIS
data collections could make such a step superfluous and would be useful for
future ground fog detection schemes.
As the only necessary inputs for DOGMA are a DEM, a cloud mask, an
optical thickness product, and cloud top temperatures, its implementation
for the imagery of other satellites than MODIS should be possible without
problems. MODIS has been chosen for the first implementation of DOGMA
due to its high spatial resolution and the long time span for which its data
are available. The drawback of a polar-orbiting satellite is, however, its bad
temporal coverage. Therefore the imagery of the new Himawari 8 satellite
with a resolution of up to 500 m pixel−1 and a sampling rate of 10 minutes
would be well suited for future implementations of DOGMA in order to
obtain information about ground fog in Taiwan.
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Appendix 2: Formulas used in the validation
of the ground fog product
The following formulas were used for the calculation of the statistical measure
used in Sect. 3.4.2. Cf. Table 3.5 for explanations of n11 , n10 , n01 , and n00 .
n11 + n00
n11 + n10 + n01 + n00
n11 + n01
Bias =
n11 + n10
n11
POD =
n11 + n10
n01
POFD =
n01 + n00
n01
FAR =
n11 + n01
n11 · n00 − n01 · n10
MCC = p
(n11 + n01 ) · (n11 + n10 ) · (n00 + n01 ) · (n00 + n10 )
PC =
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Abstract
The montane cloud forest (MCF) of Taiwan has so far only been mapped for
the spatially restricted area of vegetation plots and not for the whole area
of the island. In this paper, the first comprehensive map of its distribution
is presented. In order to create it, a random forest model was trained with
vegetation plots from the National Vegetation Database of Taiwan that were
classified as “MCF” or “non-MCF”. This model was used to predict the distribution of MCF from a raster data set consisting of parameters derived
from a digital elevation model (DEM), Landsat channels and texture measures calculated from those as well as MODIS derived ground fog frequency
data. While DEM parameters and Landsat data solely could predict the
location of much cloud forest, local deviations in the altitudinal distribution
of MCF linked to the monsoonal influence as well as to the Massenerhebung
effect could only be captured with the frequency data being included. In
addition, the overall quality of the MCF map does benefit from the inclusion of ground fog frequency data (Matthews correlation coefficient: 0.89;
Probability of detection: 0.92).
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4.1

Introduction

Montane cloud forest (MCF) is characterized by significant precipitation input from the canopy interception of frequently or persistently occurring foggy
conditions at ground (tree) level (Hamilton, 1995). On a regional scale, most
endemic species can be found in MCF areas due to their unique hydrological processes and the interaction between these processes and the biological
communities (Bruijnzeel et al., 2010; Li et al., 2015). At the same time, MCF
has been recognized as one of the most endangered ecosystems in the world
(Aldrich et al. 1997a; Bubb et al., 2004). Climatic observations show that
MCF areas suffer from a decreasing trend in ground fog occurrence during
the past decade that is supposed to be related to global warming (Foster,
2001; Hu and Riveros-Iregui, 2016; Loope and Giambelluca, 1998; PoncoReyes et al., 2012; Still et al., 1999; Wey et al., 2011). Further, the habitats
of this ecosystem encounter heavy human impact such as deforestation for
timber harvesting and agriculture (Bubb et al., 2004; Chen, 2001; Lawton
et al., 2001; Peh et al., 2011; Pope et al., 2015). In this situation, a reliable mapping of the actual MCF distribution is urgently required for natural
resources management.
Subtropical MCF in Taiwan has never been comprehensively mapped. It
is, for example, missing in a global map of MCF distributed by the United Nations Environment Programme (UNEP; Bubb et al., 2004). Today the most
reliable data about its extent is given by the National Vegetation Database
of Taiwan. The data is, however, spatially restricted to vegetation plots that
are distributed all over the island (cf. Sect. 4.4.3). Therefore, it is our aim
to produce a map of the distribution of MCF for the whole area of the island.
Simple MCF mapping approaches (e.g., Campanella, 1995 or the UNEP
approach) use altitude as the predicting variable for MCF occurrence as it
is a proxy for climatic (temperature, rainfall and ground fog frequency) and
edaphic (soil water status and acidity) factors that are associated with MCF
occurrence (Scatena et al., 2010). It is, however, obviously not a perfect
proxy for those factors. In Taiwan, one reason for this is that the island
is affected by the influence of the East Asian Monsoon which is linked to
local deviations in the altitudinal distribution of ground fog occurrence. The
Massenerhebung effect seems to have similar impacts. Both are considered
as an explanation for the occurrence of MCF at atypically low altitudes (cf.
Sect. 4.2).
Mulligan and Burke (2005) have shown, on a global scale, that cloud
frequency (compiled from HIRS data in 1◦ resolution; Jin et al., 1996) and
ground fog frequency data in combination with a map of forest cover can be
used to map tropical MCF. This was done by classifying forest areas as MCF
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when the mean of the cloud and ground fog frequency is above a certain
threshold. For the mapping of ground fog frequencies, the authors modeled
monthly averaged lifting condensation levels from temperature (taken from
monthly WorldClim data in 30 arcsecond resolution; Hijmans et al., 2005),
relative humidity (monthly data in 0.5◦ resolution; New et al., 2000) and
air pressure at sea level (monthly HadSLP2 data in 5◦ resolution; Allan and
Ansell, 2006). A digital elevation model (DEM) was then used to assess
whether condensation occurs at ground level causing ground fog. In Taiwan,
however, the local deviations in the distribution of ground fog occurrence
under the influence of the monsoon and the Massenerhebung effect would
not be captured by the coarse resolution of the input data used by Mulligan
and Burke.
Nair et al. (2008) have presented a ground fog frequency map for Costa
Rica, southern Nicaragua, and northern Panama derived from Moderateresolution Imaging Spectroradiometer (MODIS) data. The authors have
compared this map to 13 points from the UNEP-WCMC cloud forest locations database (Aldrich et al., 1997b) and found a connection between
high ground fog frequencies and MCF occurrence. In spite of a short investigation period (March of the years 2003 – 2006) and the restricted number
of MCF plots, the potential of a remote sensing approach was shown. As the
resolution of spaceborne optical sensors is – in comparison to the reanalysis
data used by Mulligan and Burke – generally high, the authors could capture
local leeward effects. It can be assumed that also the distribution of ground
fog occurrence in Taiwan – including local altitudinal deviations – could be
captured by a similar approach.
Therefore, we present a map of the MCF distribution in Taiwan incorporating remote sensing-based ground fog frequency maps. It was created by
the intersection of two binary maps (cf. Sect. 4.4.1):
• A map of MCF conditions. For its synthesis, machine learning (using selected MCF and non-MCF plots from the National Vegetation
Database of Taiwan as training data) was used instead of a threshold
approach. This was done to include additional information such as
the seasonality of fog occurrence, spectral and textural information of
Landsat 7 bands as well as different parameters derived from a DEM.
Areas with MCF conditions are not necessarily covered by forest.
• A forest map based on Landsat 7 data and machine learning.
A description of the study area of this paper is given in Sect. 4.2. A
preliminary study assessed whether the high temporal resolution of a geostationary satellite or the high spatial resolution of a polar-orbiting satellite
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would result in a more meaningful fog frequency map. Its results are presented in Sect. 4.3. Data and methods of the MCF mapping approach are
presented in detail in Sect. 4.4 and results are discussed in Sect. 4.5.

4.2

Study area

Taiwan (21◦ 850 - 25◦ 300 N, 120◦ 000 - 122◦ 000 E, ∼ 36,000 km2 ) is a subtropical
island in East Asia with a maximum elevation of 3952 m a.s.l. and more than
200 peaks above 3000 m a.s.l.. Climatic variation inside Taiwan is mostly
correlated to altitude and monsoonal influence.
Monthly mean temperatures range from -1.1◦ C in the Central Mountain
Range (CMR) in January (measured at an altitude of around 3850 m a.s.l.
by Yushan Weather Station; YSW in Fig. 4.1) to about 29◦ C in the lowlands
in July. Annual mean temperatures as low as 4.2◦ C can be observed in the
mountains. In the lowlands, the annual mean temperatures are about 17◦ C
in the north and 20◦ C in the south (Central Weather Bureau, 2015).
The summer monsoon approaching the island from southwest direction
brings, together with 3 – 4 typhoons per year, heavy rains to the whole island.
The winter monsoon from the northeast direction brings mild rainfall to the
windward areas of the island. The annual precipitation in the lowlands is
above 2000 mm in the eastern part and below 2000 mm in the western part
which is on the leeward slope of the winter monsoon. Most of the weather
stations at altitudes higher than 1500 m a.s.l. measure annual precipitations
of more than 2500 mm throughout Taiwan (Chen et al., 1999).
Forests in Taiwan can be classified into five vegetative zones based on local climate that is driven by altitude. At altitudes of ∼ 0 – 500 m a.s.l. and
∼ 500 – 1500 m a.s.l., the foothill zone and sub-montane zone, respectively,
are dominated by evergreen broad-leaved trees. The montane cloud zone at
altitudes of ∼ 1500 – 2500 m a.s.l. is characterized by frequent ground fog
occurrence. It is dominated by either a mix of deciduous broad-leaved, coniferous, and evergreen broad-leaved forests or purely evergreen broad-leaved
forests. Coniferous forests grow in the high-montane zone and subalpine
zone at altitudes of ∼ 2500 – 3300 m a.s.l. and ∼ 3300 – 3700 m a.s.l., respectively. These zonal forests can be further classified into subtropical and
tropical types. Flora of the Holarctic Kingdom is distributed in the north
of Taiwan and flora of the Paleotropic Kingdom can be found in the south.
Azonal forests are less corresponding to the climatic influence (mostly related to altitude) than the above mentioned zonal forests. The distribution
of azonal forests is related to non-climatic factors such as fire regime, landslides, human disturbance, and rock outcrop (Li et al., 2013).
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Figure 4.1: Topography (derived from the ASTER GDEM 2 digital elevation
model (cf. Sect. 4.4.6)) and geographical location of Taiwan. CLM = ChiLan Mountain, XT = Xitou, YSW = Yushan Weather Station. The depicted
vegetation plots are described in Sect. 4.4.3. Country borders were taken
from OpenStreetMap (OpenStreetMap contributors, 2016).
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The fog frequency in the montane cloud zone varies locally and seasonally.
There are few fog observation stations in Taiwan. Only Chi-Lan Mountain
(CLM in Fig. 4.1, 1700 m a.s.l.) and Xitou (XT in Fig. 4.1, 1300 m a.s.l.),
in the montane cloud forest have published data about fog frequency (Lai
et al., 2006; Wey et al., 2011). Chi-Lan Mountain in the northeastern part
of Taiwan has 342 foggy days and 40 % foggy hours per year. Xitou in the
central part of Taiwan has 292 foggy days and 28 % foggy hours per year. In
Xitou, the fog occurs evenly among all months while Chi-Lan Mountain has
a significant peak of fog occurrence in winter. Li et al. (2015) suggested that
variation of the floristic composition of cloud forest is linked to variation of
fog seasonality.
Isolated mountain terrains and the influence of the winter monsoon lower
the altitudinal occurrence of frequent ground fog conditions and montane
cloud forest locally. Isolated mountain terrains mainly occur in the most
northern and southern parts of Taiwan. The vegetation zones have lower
altitudinal boundaries than the average in these regions. Here, MCF occurs
at altitudes as low as 1000 m a.s.l.. Isolated occurrences can be found below
500 m a.s.l.. The Massenerhebung effect is applied to explain such phenomena (Su, 1984). Much MCF at low altitudes can particularly be found in
the northeastern part of Taiwan. Besides the Massenerhebung effect, heavy
winter fog caused by the northeasterly winter monsoon is considered as an
explanation here (Li et al., 2015).

4.3

Preliminary study on the suitability of
different satellite orbits for the mapping
of ground fog frequencies

Ground fog frequency maps can be created from the data of geostationary
(GEO) satellites or near-polar orbiters in a low Earth orbit (LEO). While
LEOs have, due to their low orbit, the advantage of a high spatial resolution,
their temporal sampling rate is low. This might lead to biased fog frequency
maps. In order to assess whether the mapping of ground fog frequency benefits more from a high spatial or a high temporal resolution, two satellite
systems were compared:
1. The Moderate-resolution Imaging Spectroradiometer (MODIS) onboard
the LEO satellites Terra (daytime Taiwan overflight ∼ 9:30 – 11:30
UTC + 8) and Aqua (daytime Taiwan overflight ∼ 12:30 – 14:30 UTC + 8)
with a spatial resolution of up to 250 m. MODIS data is available since
1999 (Terra) / 2002 (Aqua).
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2. The images of the geostationary Himawari 7 satellite cover Taiwan with
a spatial resolution of up to 1000 m and a temporal sampling rate of
30 minutes. Himawari 7 data is available since 2006.
The algorithm utilized for the mapping of ground fog frequencies (cf. Sect.
4.4.5) makes use of a sharpening technique. This allows ground fog detection
in the highest available resolution of an instrument. Therefore the satellite
systems were assessed in the 250 m (MODIS) and 1000 m (Himawari 7)
resolution. Data of the newer Himawari 8 satellite with a spatial resolution of
up to 500 m has not been considered in the comparison as it is in operational
service only since July 2015. This is too short for the creation of meaningful
ground fog frequency maps.
Ground fog frequency maps from simulated MODIS and Himawari 7 data
were created and compared to a reference ground fog frequency map. For
the creation of this reference map, the data of a camera located on Hehuan
mountain facing eastward down the Taroko Gorge was used (cf. Fig. 4.2).
In the gorge, a sea of clouds forms frequently, usually below the altitude of
the camera, causing high ground fog frequencies and MCF occurrence on the
slopes of the gorge. Daytime camera images from 14 March 2013 to 13 March
2014 were automatically analyzed with a temporal resolution of 5 minutes in
order to find points where the cloud top surface and the terrain touch. The
position and altitude of those intersection points were read from a DEM that
had been projected to the view of the camera (Schulz et al., 2014; Chapter
2 of the present thesis). From these points a cloud top surface was modeled
using inverse distance weighting interpolation for each camera image. The
cloud base has been modeled as cloud base height = cloud top height - 500
m. The (simplifying) assumption of an uniform cloud thickness of 500 m in
the Taroko Gorge is based on field experience. The modeled cloud geometry
was compared to a DEM with a spatial resolution of ∼ 30 m per pixel (cf.
Sect. 4.4.6). DEM pixels with an altitude between the cloud top height and
the base height were considered as ground fog affected. From the resulting
ground fog masks the reference frequency map was calculated in a resolution
of ∼ 30 m (cf. Fig. 4.2).
In order to simulate the reproduction of the ground fog frequencies based
on MODIS and Himawari data, the same map was recompiled with the spatial resolution of the individual fog masks degraded to the 250 m resolution
of MODIS and to the Himawari 7 resolution of 1000 m, respectively. The
temporal resolution has been reduced so that only data captured at the time
of MODIS overflights and Himawari 7 observations were included in the creation of the frequency map (cf. Fig. 4.3).
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Figure 4.2: Ground fog frequencies in the Taroko Gorge captured in the full
spatial and temporal resolution of the camera approach.

Figure 4.3: Ground fog frequencies in the Taroko Gorge as captured in the
spatial and temporal resolution of MODIS and Himawari 7, respectively.
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Figure 4.4: Vertical resolution of MODIS and Himawari 7 imagery.

Both images with a degraded resolution show frequency values (MODIS: 0
– 0.2231, Himawari 7: 0 – 0.2486) comparable to those of the full resolution
image (0 – 0.2535). From all pixels of the high resolution map, the root
mean square deviation (RMSD) to the low resolution images was calculated.
Despite the instrument’s low temporal sampling rate, the RMSD is clearly
lower for the MODIS map (0.0252) than for the Himawari 7 map (0.0431)
because the MODIS spatial resolution depicts the shape of the fog on the
valley slopes much better than the Himawari 7 spatial resolution.
The vertical resolution (= the altitudinal span covered by a pixel) is a
direct result of the horizontal resolution and the steepness of the depicted
terrain. It has been calculated from the ∼ 30 m DEM and is shown in Fig. 4.4.
While the vertical range of the MODIS pixels is mostly between 150 and
250 m (max: 422 m), the Himawari 7 pixels mostly have a range of 400 to 700
m (max: 953 m). This is especially important as MCF distribution is highly
dependent on altitude. As MODIS data allows a vertically more precise
mapping of the ground fog frequency and gives an overall better depiction of
the true ground fog frequency, its data has a clear advantage over Himawari
7 data for the mapping of MCF in the Taroko Gorge. As the complex terrain
as well as the ground fog caused by sea of clouds conditions in the Taroko
Gorge is typical for many areas with MCF occurrence in Taiwan, MODIS
data was used in the current study.
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4.4
4.4.1

Data & Methods
The overall methodology

For the creation of the map of MCF conditions, the random forest classifier
as implemented in the R package “randomForest” was chosen. This ensemble
machine learning method efficiently handles high-dimensional data and huge
sets of training data. It does not tend to overfit and is robust to outliers
and noise (Breiman, 2001). Also, random forests have already shown their
usefulness in vegetation mapping from remotely sensed data in several studies
(e.g., Feng et al., 2015; Galiano-Rodriguez et al., 2012; Lawrence et al., 2006).
Random forest models were trained to distinguish the classes “MCF” and
“non-MCF” using training samples extracted from different raster inputs
(each input representing an independent variable) in a resolution of 250 m
per pixel (cf. Fig. 4.5). The positions from which training data was extracted
were given by a point data set, which contains information about the presence
or absence of MCF (cf. Sect. 4.4.3). After the training, the number of input
variables was reduced in order to avoid the “curse of dimensionality” (Alonso
et al., 2011) and, therefore, obtain better classification results. This was done
using the recursive feature elimination (RFE) method implemented in the
R package “caret”. The random forest models were trained again with the
reduced input data set. Then the models were used to predict the occurrence
of MCF conditions in the 250 m resolution of the input raster data set.
Ground fog frequency maps (cf. Sect. 4.4.5), different DEM parameters
(Sect. 4.4.6) as well as Landsat mosaics (Sect. 4.4.7) and texture measures
calculated from those (Sect. 4.4.8) were considered as raster inputs. From
these raster inputs different subsets were compiled:
A. All DEM parameters and all Landsat based inputs
B. All considered inputs
C. The ground fog frequency maps and all Landsat based inputs
D. All DEM parameters
E. The ground fog frequency maps
F. All Landsat based inputs
For each raster subset, the RFE was conducted. The reduced subsets were
used to train different random forest models. These models were validated
as described in Sect. 4.4.2.
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Figure 4.5: Overview of the methodology applied in this paper. The color
codes correspond to the different raster inputs: Blue = ground fog frequencies, Orange = DEM derived parameters, Green = Landsat based inputs
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The raster subsets A to C correspond to an increasing influence of the
ground fog frequency inputs. For subset A, no fog frequency input was used.
Therefore, subset A would be the most useful raster input set under the
assumption that the DEM derived inputs are a reliable proxy for the ground
fog frequency. As the results presented in Sect. 4.5.1 show, the maximum fog
frequencies are (most probably due to the influence of the winter monsoon)
much higher on the east-facing slopes of Taiwan than on the west-facing
ones. In the north of Taiwan relatively high ground fog frequencies can be
found in low altitudes. These patterns cannot be explained by the DEM
derived parameters only. Therefore, raster input set B, including the ground
fog frequency maps, was generated. Under the assumptions that the DEM
derived parameters were a proxy for only the fog frequency and would not
contain any other information useful for the mapping of MCF conditions, it
would be advisable to remove them from the raster inputs. Therefore, raster
input C was created.
From the reduced subsets A, B and C maps of MCF conditions were
generated. Map B, the MCF conditions map with the best validation results
(cf. Sect. 4.5.2), was intersected with a forest map to a final MCF map.
Pixels where forest as well as MCF conditions are present according to the
two combined maps are MCF pixels in the final MCF map.
No maps of MCF conditions were created using the random forest models
derived from the raster subsets D to F. They were only validated in order to
assess the explanatory power of the different input sets.
For the creation of the forest map, a random forest approach in combination with a RFE similar to the method used for the map of MCF conditions
was utilized. However, other point data was used for the extraction of the
training data for the random forest model (cf. Sect. 4.4.4). Furthermore,
the solar Landsat bands were the only included raster input.

4.4.2

Methodology of validation

An advantage of random forest classifiers is that the same data can be used
for training as well as for validation purposes using an out-of-bag (OOB;
Breiman, 1996) approach. From confusion matrices comparing (for the different random forest models trained with raster input subsets A to F) the
prediction result (“MCF”, “non-MCF”) with the training data set, the following statistical measures were calculated (Mason, 2003; Matthews, 1975;
see Appendix 3 for formulas):
• Proportion correct (PC);
• Bias;
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• Probability of detection (POD);
• Probability of false detection (POFD);
• False alarm rate (FAR);
• Matthews correlation coefficient (MCC).

4.4.3

Training data used for the creation of the MCF
conditions map

Li et al. (2013) recognized 21 main forest types in vegetation plots taken from
the National Vegetation Database of Taiwan (Global Index of VegetationPlot Databases ID: AS-TW-001). These forest types could be further grouped
into two high-mountain forest types, six subtropical zonal forest types, four
tropical zonal forest types, five subtropical azonal forest types, two tropical
azonal forest types and two coastal forest types. This classification scheme
was formalized using a cocktail determination key that could be applied on
any vegetation plot data from Taiwan to get consistent classification results.
A cocktail determination key contains a set of formulas. Each formula requires corresponding species groups being present for a specific vegetation
type. At the same time, it requires some other species groups conflicting
to that vegetation type being absent (Bruelheide, 1995; Chytrý, 2007; Kočı́,
2003).
The data set used for the training of the random forest model applied for
MCF mapping in the current study were taken from the National Vegetation
Database of Taiwan. The azonal forest types were removed from the original
data set because their presence or absence is not related to climatic factors
as fog formation frequency. The remaining 2367 points were classified into
the categories “MCF” and “non-MCF” based on the woody species (trees
and shrubs) composition (Li et al., 2013; Li et al., 2015).
According to the cocktail determination key used by Li et al. (2013)
there are four types of montane cloud forests in Taiwan: C2A03 Chamaecyparis montane mixed cloud forest, C2A04 Fagus montane deciduous broadleaved cloud forest, C2A05 Quercus montane evergreen broad-leaved forest
and C3A09 Pasania-Elaeocarpus montane evergreen broad-leaved forest. The
first three types have a subtropical flora and the last one has a tropical flora.
In the current study, the cocktail formulas of C2A04 and C3A09 from Li et
al. (2013) and the species group defined by Li et al. (2015) for the other montane cloud forest types were used for MCF selection. The latter definition
was used because the study by Li et al. (2015) led to a better understanding
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of Chamaecyparis and Quercus cloud forest resulting in a better definition of
these two types of MCF. Altogether, 834 plots were selected as MCF points
in the training data set (cf. Fig. 4.1).
The non-MCF points were selected using the cocktail formulas of high
mountain forests, subtropical zonal forests without the three subtropical
montane cloud forests, tropical zonal forests without the one tropical montane cloud forest, and coastal forests defined by Li et al. (2013). From those
non-MCF points, plots containing montane cloud forest species groups defined by Li et al. (2015) were further excluded to make these points purely
represent forests which are not influenced by fog. In the end, there were 1533
points selected as non-MCF in the training data set (cf. Fig. 4.1).
Points of MCF and non-MCF were independently defined from any environmental factors. Only species composition was taken into consideration.

4.4.4

Training samples used for the creation of the forest map

The training samples described in Sect. 4.4.3 only include vegetation plots.
For the creation of a proper forest map, the locations of unforested areas need
to be known as well. Therefore, 408 training locations for two classes of point
data (forest and non-forest) distributed over the whole island were manually
set in a GIS using Landsat data (cf. Sect. 4.4.7) as reference. In cases in
which the class could not be identified unambiguously based on the Landsat
data, Google Earth and Google Street View data was also incorporated.
Points of the non-forest class were set aiming for a wide variety of non-forest
surfaces (e.g., water, dry river beds, bare soil, bedrock, grassland, cities).

4.4.5

Ground fog frequency maps

Common remote sensing-based ground fog detection schemes rely on assumptions regarding the microphysical properties of fog clouds, their vertical distribution within the cloud, and a certain relationship between the cloud top
temperature and the cloud top height. Those assumptions are based on observations for radiation fog as it is common in the temperate latitudes and
are not suited for Taiwan. Schulz et al. (2016; Chapter 3 of the present
thesis) therefore developed the method Detection of Ground Fog in Mountainous Areas (DOGMA), an algorithm custom tailored and validated for
the ground fog detection in the mountains of Taiwan.
Ground fog is caused by low stratus clouds touching the ground (Cermak and Bendix, 2011). DOGMA is based on the assumption that low
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stratus clouds are horizontally homogeneous in their optical properties and
stratiform. The stratiformity is interrupted in parts where a low stratus
cloud touches the ground. Here, cloud thickness is decreasing with increasing terrain altitude. As the optical thickness is reduced with decreasing cloud
thickness, Spearman’s rank correlation coefficient between the cloud’s optical thickness and the terrain altitude is negative in areas with ground fog.
Therefore the rank correlation coefficient can be used to detect ground fog.
DOGMA does this for MODIS daytime scenes using the ASTER GDEM 2
digital elevation model (cf. Sect. 4.4.6) and the MODIS MOD 06 cloud
optical thickness product (nighttime scenes can not be processed in lack of
an nighttime optical thickness input). The method sharpens the MODIS
input data using the high-resolution MODIS bands 1 and 2. Therefore, the
resulting cloud masks have a resolution of 250 m.
DOGMA was used to create ground fog masks for every MODIS daytime
scene covering Taiwan between 1 January 2003 and 31 December 2014. For
each pixel, the number of ground fog occurrences was added up and divided
by the number of processed scenes in order to obtain the frequency of ground
fog. This was done for the whole year and – in order to capture the influence
of the seasonality of ground fog occurrence – for each month separately.

4.4.6

Digital Elevation Model and related inputs

While data about the distribution of the ground fog frequency is available
from the inputs described in Sect. 4.4.5, other factors that are linked to
the distribution of MCF are not available as high-resolution raster data.
Therefore, altitude was included in the machine learning approach as a proxy
for those variables (cf. Sect. 4.1). It was taken from the ASTER GDEM 2
(property of METI and NASA) distributed via the USGS global data explorer
(United States Geological Survey, 2013). The ASTER GDEM 2 originally has
a resolution of 1 arcsecond (∼ 30 m). For the usage in the machine learning
approach, it has been resampled to the 250 m resolution of the DOGMA
ground fog frequency maps.
Li et al. (2015) have successfully used an ordinal classification of the
topography of Taiwan (1 = ridge, 2 = upper slope, 3 = middle slope, 4 =
lower slope, 5 = valley, 6 = plain) as a predictor variable for the floristic
composition of cloud forest in Taiwan. It was used as a proxy for soil water
availability and light input. The classification of the topography was manually performed for several vegetation plots. A manual classification is not
expedient for the creation of an input file for the machine learning approach
covering the whole area of Taiwan. Therefore, several quantitative inputs
that essentially contain the same information as the ordinal classification by
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Li et al. were calculated from the original 30 m version of the ASTER GDEM
2 and transferred to the 250 m resolution afterwards:
• The sky view factor is related to topographic shading (Dubayah and
Paul, 2007). Its values are high on ridges and low in valleys.
• The slope corresponds to the steepness of the terrain. It is low on
valley bottoms and plains as well as on mountain tops. It is high on
valley flanks.
• The distance to the ridge gives information about the segment of
a slope a pixel is located in. In order to calculate it, the terrain was
divided into 4 main classes of its aspect using k-means clustering. For
each entity of spatially connected pixels of the same class, the vertical
distance to the highest pixel of that entity was calculated.
• The distance to the valley bottom is calculated in the same way as
the distance to the ridge. The vertical distance to the lowest pixel of
an entity is, however, calculated instead of the distance to the highest
pixel.

4.4.7

Landsat channels

Landsat 7 Enhanced Thematic Mapper Plus (ETM+) visible and shortwave
infrared bands 1, 2, 3, 4, 5 and 7 were used in the machine learning approach
to account for spectral characteristics of MCF. Mosaics covering the whole
area of Taiwan were compiled from 25 relatively cloudless ETM+ scenes.
The scenes were captured between 1999 and 2003 (newer imagery has data
gaps due to the failure of the ETM+ scan line corrector in May 2003).
For each scene, clouds were masked out using an adapted version of an
approach described by Martinuzii et al. (2007). Clouds have high digital
number (DN) values in the ETM+ band 1 (0.5 µm) due to their high reflectance and low DN values in band 6 (11.5 µm) as they are mostly higher
and colder than other surfaces. Therefore, thresholds defined manually for
each scene were applied on the DN values of bands 1 and 6. As band 6
has a spatial resolution of 60 m instead of the 30 m resolution of band 1, it
was transferred to the 30 m resolution of band 1 beforehand using a suited
pan-sharpening approach (Schulz et al., 2012). The two 30 m cloud masks
resulting from the application of the thresholds were intersected with each
other. Afterwards, a cloud shadow mask was created by shifting the combined cloud mask by a manually defined offset in the opposite direction of
the sun azimuth. To account for terrain effects on the shadows as well as for
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blurry cloud shadows, a buffer was added to the cloud shadow mask. Also
terrain shadows were masked out. This was done by calculating their position based on the ASTER GDEM 2 and the sun azimuth and zenith. The
areas included in the combined cloud mask and the shadow masks were then
unified, buffered with a radius of 3 pixels, manually reviewed, and, if necessary, manually edited in order to ensure that all cloud and shadow pixels
were masked out.
Atmospheric correction
The reflectance of the bands 1, 2, 3, 4, 5 and 7 was calculated from the DN
values of all pixels that were not masked out by the combined cloud and
shadow masks. This was done using the Second Simulation of a Satellite
Signal in the Solar Spectrum code (6S code; Vermote et al., 1997) modified
as described by Curatola Fernández et al. (2015) in order to cope with a wide
range of terrain altitudes in a scene. It removes the effects of atmospheric
absorption, reflection, and scattering from a satellite image and calculates
reflectance values from DNs.
The 6S code requires several inputs for each scene:
• Topographic variables: the sky view factor, slope, aspect and altitude of the terrain. Those values were calculated for each pixel of a
Landsat scene from the ASTER GDEM 2.
• The visibility was taken from METeorological Aerodrome Reports
(METARs) of the airports Taitung, Taipei Taoyuan and Hengchun.
For each Landsat scene, the chronologically best fitting METAR from
the airport that is the nearest to the scene’s center was used.
• Atmospheric profiles containing temperature and specific humidity
for different pressure levels were taken from radio soundings conducted
daily at 8:00 local Taiwan time (UTC + 8) in Hualien and Taipei (All
Landsat scenes were captured between 10:00 and 10:30 UTC + 8).
The correct radio sounding for each Landsat scene was chosen by the
distance of the starting location to the center of the scene.
• The columnar atmospheric ozone concentration was taken from
Total Ozone Mapping Spectrometer (TOMS) satellite data (TOMS Science Team, n.d.).
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Topographic correction
The reflectance output of the modified 6S code was topographically corrected
using a principle introduced by Teillet et al. (1981). The topographically
uncorrected reflectance of a band is explained by an image of the incoming
illumination (which is a side product of the atmospheric correction code)
using a linear regression. The regression line corresponds to the component of
the image that can be explained solely by the illumination while the residuals
correspond to the influence of the surface reflectance. Therefore, the residuals
are added to the mean value of the surface reflectance in order to obtain the
corrected surface reflectance.
In areas with a wide altitudinal range of the terrain, cities tend to be located in valleys that receive a certain level of illumination. As cities mostly
have high reflectance values, this can spoil the regression used for the topographic correction resulting in erroneous reflectances in parts of the scene.
Therefore, we modified the approach by Teillet et al. by segmenting the image into areas of high as well as areas of low reflectance after the topographic
correction has been performed for a first time. This is done using k-means
clustering. Afterwards, the original atmospherically corrected images are topographically corrected again. This time, the correction is applied on both
clusters separately. Using this method, the bright cities are not in the same
regressions as the other parts of the scene and therefore the quality of the
correction is increased.
After the atmospheric and topographic correction, bands 1,2,3,4,5 and
7 of all Landsat scenes were stitched together to a mosaic covering whole
Taiwan. Areas that had been masked out by the cloud and shadow mask
were filled with values from other scenes. In areas for which several pixel
values from multiple scene were available, mean pixel values were calculated.
For the usage in the machine learning approach, the mosaics were resampled to the 250 m resolution of the other machine learning inputs. Texture
measures were calculated from the mosaics of each band in the original 30 m
Landsat resolution (cf. Sect. 4.4.8).

4.4.8

Geostatistical texture features derived from Landsat data

Various studies (e.g., Galiano-Rodriguez et al., 2012; Wijaya, 2008) have
shown that the use of geostatistical texture features (Chica-Olmo and AbarcaHernández, 2000) can enhance the quality of forest classifications based on
remotely sensed images. This could also be true for MCF mapping as trees
often have a reduced stature under MCF conditions (Hamilton, 1995), which
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might affect the texture of Landsat bands. Previous studies, however, do not
show whether the difference between the texture of MCF and other forest is
distinct enough to help discriminate between both forest types. As the RFE
removed needless raster data from the input data set for the random forest
approach, this was not crucial for the current study.
Geostatistical texture features are used to calculate the relationship between the similarity and distance between pixels. We used the texture features variogram, madogram, rodogram, cross variogram, and pseudo-cross
variogram (Wijaya, 2008). They are all calculated for each pixel p of an
image using a moving window of a certain size centered at p. The spatial
variability is then calculated using different formulas (cf. Appendix 4) from
all pixels within the moving window that are separated by a certain lag
distance from each other. While the variogram, madogram and rodogram
compare pixels of the same raster input to each other, the cross variogram
and the pseudo-cross variogram are used to calculate the spatial variability
from pixels of different raster inputs. The resulting spatial variability is then
written to p.
The variogram, madogram and rodogram texture parameters were calculated from all Landsat bands as well as from tasseled cap bands (Kauth and
Thomas, 1976) calculated from the Landsat bands. The cross variogram and
pseudo cross-variogram parameters were calculated from each possible combination of two different Landsat bands. Each texture input was calculated
twice, using a lag distance of 1 as well as of 2 pixels.
A window used for the calculation of geostatistical texture features should
be large enough to allow for a robust texture estimation. Galiano-Rodriguez
et al. have shown for Landsat data that the differences in the quality of a
land cover classification are small for windows with a size of 5 × 5 pixels
or more. On the other hand, small windows allow a spatially more correct
description of the surface than big ones. In order to be used in combination
with the other 250 m data in the machine learning approach, the 30 m
textural parameter images were resampled to 250 m after their calculation.
This means that a higher spatial accuracy than 250 m would not be possible.
Therefore a window size of 7 × 7 Landsat pixels (= 210 × 210 m) was chosen.

4.5
4.5.1

Results and discussion
DOGMA ground fog frequency maps

The frequency maps created from the DOGMA ground fog masks are presented in Fig. 4.6 to Fig. 4.8. As Fig. 4.6 and Fig. 4.7 show, the ground fog
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frequency is generally high at altitudes between 1500 and 2500 m a.s.l. (cross
hatch pattern in Fig. 4.6). This corresponds to the interval with the highest
MCF occurrence that is usually referred to as the montane cloud zone. Distinct local deviations in the altitudinal distribution of ground fog occurrence
do, however, exist. On the western slopes of the CMR, the fog frequency is
clearly lower than on the northern and eastern slopes. Also, more fog occurs
at low altitudes on the northern and eastern slopes. This is in particular
pronounced in the months between September and May (Fig. 4.8). Due to
the temporal coincidence and the spatial pattern, it can be assumed that the
reason for this is the influence of the northeasterly winter monsoon. In the
summer months, the overall fog frequency is lowered and the fog occurrence
is more evenly distributed over the island. High ground fog frequencies on
isolated mountain terrains at altitudes below 1500 m a.s.l., e.g. in the Hai’an
Range on the east coast or the Yangmingshan in northern Taiwan (cf. Fig.
4.1), could be caused by the Massenerhebung effect.
While the DOGMA fog frequencies and the measured fog frequencies from
Xitou and Chi-Lan Mountain (cf. Sect. 4.2) differ as the published averaged
data from the observation stations does include nighttime fog occurrence
and also has a higher temporal resolution, the overall pattern is similar. The
ground fog frequency is higher for Chi-Lan Mountain (CLM in Fig. 4.6) than
for Xitou (XT in Fig. 4.6) in both data types. Also Fig. 4.8 shows that
the seasonal changes in the fog frequency are much higher for CLM than
for XT according to the remotely sensed data as they are according to the
ground-measured data.

4.5.2

Maps of MCF conditions

OOB validation results for the random forest models used to create the maps
of MCF conditions A to C from raster subsets A to C can be found in Table
4.1 (cf. Fig. 4.5 for the definition of the maps A to C and Fig. 4.9 for the maps
themselves). The statistical measures calculated from them are presented in
Table 4.2. They show that map B has the highest overall quality (MCC,
PC). The fraction of the MCF plots that are correctly reproduced in the
map (POD) is higher than for maps A and C. The fraction of non-MCF
plots that were mistaken for MCF (POFD) in map B is on the same level
as for map A but lower than for map C. The fraction of the plots for which
MCF conditions were predicted although they are actually non-MCF plots
(FAR) is the lowest for map B and the degree of underestimation of the area
of MCF conditions (Bias) is on the same level for all three maps.
Overall, map A has the second highest quality and map C has the lowest
quality of all three compared maps. This means that the frequency input
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Figure 4.6: DOGMA ground fog frequency map calculated from MODIS data
captured between 1 January 2003 and 31 December 2014. CLM = Chi-Lan
Mountain, XT = Xitou.

Figure 4.7: Side view of the data presented in Fig. 4.6. To allow a better
comparison, north is on the right side in the east view as well as in the west
view image. Only locations of plots that are on the same side of the ridge of
the CMR as the virtual camera are shown.
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Figure 4.8: DOGMA ground fog frequency map calculated from MODIS data
captured between 1 January 2003 and 31 December 2014 for each month of
the year separately. Cf. Fig. 4.6 for orientation.

Table 4.1: Confusion matrices for the maps for MCF conditions A to C.
MCF conditions
MCF according
Validated map
according to prediction?
to plot?
and height interval
True/1
False/0
True/1
n11 = 754
n10 = 80
A
False/0
n01 = 67
n00 = 1466
True/1
n11 = 112
n10 = 68
A (<1500 m a.s.l.)
False/0
n01 = 29
n00 = 1258
True/1
n11 = 642
n10 = 12
A (≥ 1500 m a.s.l.)
False/0
n01 = 38
n00 = 208
True/1
n11 = 765
n10 = 69
B
False/0
n01 = 56
n00 = 1477
True/1
n11 = 130
n10 = 50
B (<1500 m a.s.l.)
False/0
n01 = 28
n00 = 1259
True/1
n11 = 635
n10 = 19
B (≥ 1500 m a.s.l.)
False/0
n01 = 28
n00 = 218
True/1
n11 = 747
n10 = 87
C
False/0
n01 = 76
n00 = 1457
True/1
n11 = 134
n10 = 46
C (<1500 m a.s.l.)
False/0
n01 = 35
n00 = 1252
True/1
n11 = 613
n10 = 41
C (≥ 1500 m a.s.l.)
False/0
n01 = 41
n00 = 205
is not sufficient to be a full substitute for the DEM parameters. Adding
frequency inputs to the raster input for the machine learning approach is
nevertheless beneficial.
It could be assumed from Table 4.2 that these benefits are negligible
as the validation results for all three maps are on a similarly high level.
The visual differences between the resulting MCF conditions maps A to C
are, however, significant. While the area of MCF conditions in Fig. 4.9 A
and Fig. 4.10 A matches very well with the interval between 1500 and 2500
m a.s.l., the influence of local deviations in the altitudinal distribution of
ground fog on the spatial distribution of MCF is not visible. Due to the
inclusion of the frequency data, it is captured in Fig. 4.9/4.10 B. More areas
with MCF conditions can be found at altitudes below 1500 m a.s.l. on the
northern and eastern slopes of the CMR and in low areas in northern Taiwan
(domain 1 in Fig. 4.9 including Yangmingshan) as well as in the Hai’an Range.
In contrast, MCF conditions can mainly be found at altitudes above 2000
m a.s.l. in the western part of the CMR in Central Taiwan (domain 2 in
Fig. 4.9) that is less influenced by the winter monsoon. This gradient in the
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Figure 4.9: Maps of MCF conditions derived from raster input set A to C.

Table 4.2: Statistical parameters calculated from Table 4.1. The best value
for each paramter is written in bold type.
Validated map
MCC PC Bias POD POFD FAR
and height interval
0.86
0.94 0.99
0.90
0.04
0.08
A
0.67
0.93 0.79
0.62
0.02
0.21
A (<1500 m a.s.l.)
0.86
0.94 1.04
0.98
0.15
0.06
A (≥ 1500 m a.s.l.)
0.88 0.95 0.99
0.92
0.04
0.07
B
0.74 0.95 0.88
0.72
0.02
0.18
B (<1500 m a.s.l.)
0.87 0.95 1.01
0.97
0.11
0.04
B (≥ 1500 m a.s.l.)
0.85
0.93 0.99
0.90
0.05
0.09
C
0.74 0.95 0.94 0.74
0.03
0.21
C (<1500 m a.s.l.)
0.77
0.91 1.00
0.94
0.17
0.06
C (≥ 1500 m a.s.l.)
lower boundary altitudes of MCF conditions is more evident in Fig. 4.9/4.10
C. As the ground fog frequency input is more important in the absence of
DEM inputs, more area of MCF conditions were predicted below 1500 m a.s.l.
in the northeastern parts of the CMR, while almost no MCF conditions can
be found on many slopes in Central Taiwan.
In order to be able to quantitatively assess the altitudinal dependency
of the prediction quality, the validation was conducted again including only
vegetation plots at altitudes below 1500 m a.s.l. and above 1500 m a.s.l.,
respectively. The results are given in Table 4.1 and 4.2.
The validation based on plots above 1500 m a.s.l. shows a pattern that
is similar to the validation result based on all plots. The POD is, however,
the best for map A and not for map B. The MCC of map B is only slightly
better than that of map A. As in the validation based on all plots, map C
has the worst validation results. Although the quality of the map is still on
a relatively high level, the shortfall against the other maps is more distinct
than for the validation that includes all plots. Overall, the benefit from using
frequency inputs is relatively insignificant at altitudes above 1500 m a.s.l..
This is due to a relatively small transition zone from MCF to non-MCF
conditions at an altitude of ∼ 2500 m a.s.l.. Above this transition zone,
almost no MCF conditions occur. Below the transition zone almost all plots
within the > 1500 m a.s.l. class are MCF (cf. Fig. 4.10). Therefore DEM
related inputs alone are well suited to separate MCF and non-MCF plots
here.
The overall prediction quality (MCC, PC) for the < 1500 m a.s.l. class is
the highest for the maps that include fog frequency inputs (maps B and C).
The difference in the MCC from map B to map A is much more distinct than
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Figure 4.10: Side view of the data presented in Fig. 4.9. To allow a better
comparison, north is on the right side in the east view as well as in the west
view image. Only locations of plots that are on the same side of the ridge of
the CMR as the virtual camera are shown.
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in the validation including all plots. This is mostly due to a clearly higher
POD resulting in a higher (= better) Bias. The POD and Bias are even
better for map C than for map B. It can be summarized that the frequency
raster inputs help in the correct prediction of MCF plots at atypically low
heights where altitude is not a useful predictor.
Because of the good prediction of low altitude MCF conditions and its
best overall quality, MCF conditions map B was chosen for the creation of
the final MCF map (cf. Sect. 4.5.4).
The contributions of the different input variables to MCF conditions map
B were calculated using the measures mean decrease in accuracy as well as
mean decrease in Gini coefficient from the random forest model. This was
done after most predictor variables had already been eliminated by the RFE.
From the DEM parameters the slope as well as the sky view factor had
been excluded from the data set. Bands 4 and 7 as well as most texture
measures were removed from the Landsat based inputs. Variants of the
pseudo cross-variogram are the only texture measures that stayed in the data
set. The frequency input data set remained completely. As Fig. 4.11 shows,
the altitude of the DEM is by far the most important of the remaining input
variables. Other DEM parameters are, however, of low importance. For
the other raster input classes no clear pattern of their importance can be
observed. It is noticeable that the two most important frequency inputs are
from October and June. The frequency patterns of those two months are
quite different and reflect two several month lasting situations. The October
pattern correlates with the frequency maps from September to May, which
are influenced by the winter monsoon. The June pattern is relatively similar
to the patterns from June to August (cf. Fig. 4.8).
Although the altitude of the DEM is by far the most important single
predictor variable, it can not be concluded that the DEM parameters are
the best set of predictor variables for the MCF distribution. The frequency
inputs do obviously strongly correlate one with another which lowers the
importance of each single raster file. In order to assess the explanatory
power of the different input raster sets for the MCF distribution, the raster
inputs sets D, E and F were generated, reduced in their dimensionality using
the RFE, and were each used to train a random forest model. These random
forest models were validated using the OOB approach. The results are shown
in Tables 4.3 and 4.4. Most statistical parameters presented in Table 4.4
have their best values if calculated from the frequency input raster set E.
This means that this input data set has the highest explanatory power on
the spatial distribution of MCF conditions. However, correlations between
the frequency raster input set and the Landsat raster input set seem to
exist. Otherwise, map C (based on frequency inputs used in combination
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Figure 4.11: Feature importance of different raster inputs used to train the
random forest model using which MCF conditions map B was created. The
color codes are as in Fig. 4.5: Blue = ground fog frequencies, Orange = DEM
derived parameters, Green = Landsat based inputs.

119

Table 4.3: Confusion matrices for the maps of MCF conditions D to F.
MCF conditions
MCF according
Validated map
according to prediction?
to plot?
True/1
False/0
True/1
n11 = 719
n10 = 115
D
False/0
n01 = 95
n00 = 1438
True/1
n11 = 723
n10 = 111
E
False/0
n01 = 87
n00 = 1446
True/1
n11 = 686
n10 = 148
F
False/0
n01 = 118
n00 = 1415
Table 4.4: Statistical parameters calculated from Table 4.3. The best value
for each paramter is written in bold type.
Validated
MCC PC Bias POD POFD FAR
map
0.80
0.91 0.98 0.86
0.06
0.12
D
0.82 0.92 0.97 0.87
0.06
0.11
E
0.75
0.89 0.96
0.82
0.08
0.15
F
with Landsat data) would have a higher quality than map A (based on DEM
parameters used in combination with Landsat data).
The ground fog frequency maps might be the most important single raster
input data set. They are, however, not suited to replace the DEM parameters
completely (Otherwise the quality of MCF conditions map C would be as high
as the quality of map B). The reason for this might be that the altitude is
not only a proxy for the fog frequency but also for other climatic and edaphic
parameters with impact on the floristic composition. Their effects are missing
in map C. Furthermore, the low temporal sampling rate (particularly the lack
of included nighttime scenes) of the satellite data used for the creation of the
ground fog frequency maps and imperfections of the fog detection algorithm
(e.g., problems with clouds with an optical thickness above 40; Schulz et al.,
2016) do result in flaws in the frequency data that lower their explanatory
power.

4.5.3

The forest map

The random forest model for the creation of the forest map only included
Landsat bands 3, 7 and 4 as raster inputs after the RFE was conducted.
Again, an OOB approach was used to validate the model using the same
plots that were used for training. The resulting confusion matrix is presented
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Table 4.5: Confusion matrix for the validation of the forest map.
forest according to forest according to prediction?
training data?
True/1
False/0
True/1
n11 = 223
n10 = 3
False/0
n01 = 3
n00 = 180
in Table 4.5. The validation has shown that the forest map is overall of very
high quality (MCC = 0.97, PC = 0.99). Almost all forest training samples
were predicted correctly (POD = 0.99) and almost none of the non-forest
samples was mistaken for forest (POFD = 0.02). In addition, as good as no
sample for which forest was predicted was actually forest free (FAR = 0.01).
No systematic over- or underestimation did occur (Bias = 1.00). The forest
map generated from the model is presented as the light gray and green area
in Fig. 4.12.

4.5.4

The MCF map

The final MCF map – the combination of the map of MCF conditions B and
the forest map – is presented as the green area in Fig. 4.12. Only pixels
with forest occurrence and MCF conditions are considered as MCF pixels
in this map. As MCF conditions do mostly occur in the wooded center
of Taiwan, the difference (orange area = pixels with MCF conditions but
no forest occurrence) between the final MCF map and the map of MCF
conditions is small. Mostly relatively small features such as river beds or
bedrock on very steep slopes were removed from the map of MCF conditions.
Only in the urban north of the island a bigger cluster of pixels was removed.
The map shows MCF areas below 1500 m a.s.l. on the northern and
eastern slopes of the CMR, in the south of Taiwan as well as in the Hai’nan
Range and Yangmingshan.

4.6

Conclusion and outlook

Information about the distribution of some montane cloud forest in Taiwan
was derived from vegetation plots from the National Vegetation Database of
Taiwan (cf. Sect. 4.4.3). These plots do, however, cover only a very small
fraction of the area of the island. The presented methodology was used to
create the first comprehensive map of montane cloud forest in Taiwan. It
is, according to our knowledge, the first successful approach utilizing a high
resolution ground fog frequency climatology in vegetation mapping. The inclusion of ground fog frequency data in the machine learning inputs allows to
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Figure 4.12: Final MCF map (green area), created from the combination
of the MCF conditions map B (green and orange area) and the forest map
(white and green area).

capture what can be considered to be the influence of the Massenerhebung
effect as well as the monsoonal influence on the island. In comparison to an
MCF map based only on DEM parameters and Landsat data, this enhances
the overall quality of cloud forest detection. The positive effect of the frequency inputs on the prediction quality is particularly distinct for montane
cloud forest at low altitudes (cf. Sect. 4.5.2).
One reason for the ground fog frequency maps not being suited to completely replace the DEM might – besides altitude explaining also other factors
than the fog frequency – be the low temporal sampling rate of MODIS data.
The usage of MODIS data was inevitable due to the need for a high spatial
resolution of the frequency maps (cf. Sect. 4.3). The geostationary satellite
Himawari 8 with a relatively high spatial resolution of 500 m per pixel and
high temporal sampling rate of 10 minutes is in operational service above the
western part of the Pacific Ocean since July 2015. As soon as the satellite
will have delivered data for a time span that is long enough for the creation
of meaningful ground fog frequency maps, it can help to further refine the
mapping of MCF in Taiwan, e.g., by capturing intradiurnal variations of
the ground fog frequency as described by Chang et al. (2002). Additional
products, e.g., providing information about the daily fog duration, could be
included in the machine learning approach due to the high temporal sampling
rate of Himawari 8. Also, the inclusion of further environmental parameters
that can be derived from remotely sensed data might enhance the correct
delimitation of MCF areas of Taiwan in future studies (Mulligan and Burke
(2005), for example, stressed the importance of the cloud cover frequency as
a proxy for rainfall and the reduction of incoming radiation).
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Appendix 3: Formulas used in the validation
The following formulas were used for the calculation of the statistical measures described in Sect. 4.4.2. Cf. Table 4.1 and Table 4.3 for explanations
of n11 , n10 , n01 and n00 .
n11 + n00
n11 + n10 + n01 + n00
n11 + n01
Bias =
n11 + n10
n11
POD =
n11 + n10
n01
POFD =
n01 + n00
n01
FAR =
n11 + n01
n11 · n00 − n01 · n10
MCC = p
(n11 + n01 ) · (n11 + n10 ) · (n00 + n01 ) · (n00 + n10 )
PC =
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Appendix 4: Formulas of the geostatistical texture features
The following formulas were used for the calculation of the geostatistical
texture features described in Sect. 4.4.8.
n(h)
P

(v(xi ) − v(xi + h))2

i=1

variogram(h) =

2n(h)
n(h)
P

madogram(h) =

|v(xi ) − v(xi + h)|

i=1

2n(h)

n(h)
Pp

|v(xi ) − v(xi + h)|

rodogram(h) =

i=1

2n(h)
n(h)
P

(v(xi ) − v(xi + h)) × (w(xi ) − w(xi + h))

cross variogram(h) =

i=1

2n(h)
n(h)
P

(v(xi ) − w(xi + h))2

pseudo-crossvariogram(h) =

i=1

2n(h)

where xi and xi + h are a pair of pixel coordinates that are separated by
the lag distance h. n(h) is the number of pairs inside the window for which
the geostatistical texture features are calculated. v(...) and w(...) are the
values on the coordinates xi and xi + h in different raster inputs.
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Chapter 5
Quantifying the quality of the
machine learning approach for
MCF mapping in comparison
to a threshold method
The methodology for the mapping of MCF conditions described in Chapter 4 relies on the basic principle introduced by Mulligan and Burke (2005;
cf. Sect. 1.4): MCF conditions were mapped from ground fog frequency
data and combined with a map of the forest distribution to a final MCF
map. While Mulligan and Burke mapped MCF conditions using a threshold approach, the method presented in Chapter 4 incorporates additional
data using machine learning. In Sect. 1.6 further investigations regarding
the advantages of such a multivariate machine learning approach over the
application of a threshold on a ground fog frequency map were suggested.
Receiver operating characteristic (ROC; Fawcett, 2006) curves were used in
order to assess these advantages.
ROC curves help quantifying how well certain continuous data is suited
to apply a threshold in order to convert it into a binary classification. They
are created by using iteratively decreased thresholds. This results in different binary classifications. From each binary classification the probability of
detection (POD, often referred to as true positive rate in this context) and
the probability of false detection (POFD, often referred to as false positive
rate) can be calculated by comparison with reference data (cf. Appendix 1,2
or 3 for formulas). The ROC curve is created by plotting the POD resulting
from each threshold value against the corresponding POFD.
In the context of the threshold approach for MCF mapping, this means
that a ground fog frequency map is converted to a map of MCF conditions
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by the application of each threshold. Each pixel with a fog frequency above a
certain threshold is classified as “MCF conditions”, the others are classified
as “non-MCF conditions”. In comparison with the vegetation data presented
in Sect. 4.4.3, the POD and POFD can then be calculated. The POD is the
ratio of MCF plots that are correctly classified as “MCF conditions”. The
POFD is the ratio of non-MCF plots that are incorrectly classified as “MCF
conditions”. For the highest possible threshold within the value range of the
ground fog frequency map, both statistical measures are 0 as all pixels are
classified as “non-MCF conditions”. When the threshold is iteratively decreased more and more pixels are classified as “MCF conditions”. Ideally –
if the ground fog frequency map would be a perfect predictor for MCF conditions – all pixels containing actual MCF plots would be classified as “MCF
conditions” before any pixel containing non-MCF plots would be considered
as “MCF conditions”. In this case, the POD would increase to 1 before the
POFD increases (green curve in Fig. 5.1). A threshold applied on a perfect
ground fog frequency map would results in a perfect map of MCF conditions. In the worst case, the ground fog frequency map would be random
noise and not correlate with the actual occurrence of MCF conditions at all.
MCF and non-MCF plots would be classified as “MCF conditions” with the
same probability when the threshold is decreased. Therefore the POD and
POFD would increase at the same rate (orange curve in Fig. 5.1). ROC
curves created from real continuous data will be located somewhere between
the curve for the perfect predictor and the curve created from random noise.
The better the data is suited for the application of a threshold, the more its
curve will approximate the perfect predictor curve. This can be quantified
using the area under the curve (AUC). Its value is 1 for the perfect predictor
curve and 0.5 for the curve based on random noise.
A ROC curve calculated from the full-year ground fog frequency map (cf.
Sect. 4.4.5; cf. Fig. 4.6) is presented in red color in Fig. 5.1. It is significantly
above the curve created based on random noise. This is reflected in an AUC
of 0.84, which is a considerable improvement in comparison to the AUC of
0.61 that was calculated by Thies et al. (2015; cf. Sect. 1.4) in their study
about the relationship between MCF occurrence and low stratus frequency
in Taiwan.
In order to validate the machine learning approach presented in Chapter 4
using ROC curves, a random forest model was trained with values extracted
from raster input set B (cf. Sect. 4.4.1) for positions given by the vegetation
point data described in Sect. 4.4.3. The vegetation data was randomly split
into a training and a validation data set before training. The random forest
model was then used to predict probabilities of the MCF occurrence instead
of a binary classification. A ROC curve was produced from the probability
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Figure 5.1: ROC curves created from different predictors.
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output and the validation data set. It is shown as the black line in Fig. 5.1.
It approximates the curve of the perfect predictor very well. The almost
ideal AUC of 0.99 shows in comparison with the simple threshold approach
a clearly better suitability for MCF mapping.
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Chapter 6
Summary, Conclusion and
Outlook
6.1

Summary and Conclusion

The aim of the current thesis was to map the MCF of Taiwan comprehensively.
The occurrence of MCF is not restricted to the interval between 1500
and 2500 m a.s.l. that is usually referred to as the montane cloud zone but
does also reach lower altitudes. It was assumed that this might be caused
by local deviations in the altitudinal distribution of ground fog occurrence
linked to the Massenerhebung effect and the winter monsoon (cf. Sect. 1.3).
In order to capture these deviations, maps of the ground fog frequency based
on MODIS data were incorporated in the MCF mapping approach. As a
preliminary study based on a novel method for the automatic analysis of
camera footage (cf. Chapter 2) has shown, MODIS data is suitable for the
creation of meaningful daytime-ground fog frequency maps for Taroko Gorge
(cf. Sect. 4.3). It was expected that it is also suited for other MCF areas in
Taiwan.
A newly developed algorithm for ground fog detection (DOGMA; cf.
Chapter 3) was used to create ground fog masks from the data of all 10571
MODIS daytime overflights over Taiwan between 1 January 2003 and 31
December 2014. DOGMA allows for the first time to detect ground fog
in mountainous area without oversimplification or the need for assumptions
regarding the vertical distribution of cloud microphysical properties. Its development was necessary as existing ground fog detection schemes (cf. Sect.
3.2.1) had been developed and validated for radiation fog. The ground fog
in Taiwan is, however, caused by the advection and orographic uplift of air
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masses from the pacific ocean (Li et al., 2015). As the MODIS inputs necessary for DOGMA were sharpened using the high-resolution MODIS bands
1 and 2, the resulting ground fog masks have a spatial resolution of 250 m
per pixels. This allows to detect relatively small details in the margin of fog
imposed by the complex topography of Taiwan’s mountains. The quality of
DOGMA’s ground fog detection (cf. Sect. 3.5) is similar to a state-of-the-art
fog detection scheme developed and validated for radiation fog in Europe by
Cermak and Bendix (2011).
From the DOGMA ground fog masks, the required ground fog frequency
maps were created. This was done for each month of the year separately
(cf. Chapter 4). The monthly ground fog frequency maps are presented in
Sect. 4.5.1 as the first data set of their kind for Taiwan. They clearly show
that the ground fog frequency can not solely be explained by altitude. Many
local deviations in the altitudinal distribution of ground fog occurrence are
visible. On the western slopes of the CMR, the fog occurrence is significantly
reduced in the 1500 – 2500 m a.s.l. height interval. On the northern and
eastern slopes high ground fog frequencies were mapped below 1500 m a.s.l..
The same is true in northern Taiwan and – to a lesser extent – in the very
south of the CMR. It remains unclear whether this pattern is caused by the
Massenerhebung effect and/or monsoon. Based on the temporal and spatial
distribution of the ground fog occurrence this can, however, be assumed. The
highest ground fog frequencies were mapped on the slopes that are affected
by the northeasterly winter monsoon. The assumptions that the ground fog
frequency is strongly influenced by the winter monsoon is also supported
by the highest ground fog frequency on the monsoon affected slopes being
observed in September to May (cf. Fig. 4.8). This corresponds well with
the seasonality of the winter monsoon, which blows mainly in September to
April according to Chen and Chen (2003; cf. Sect. 1.3). The Massenerhebung
effect could explain relatively high ground fog occurrence below 1500 m a.s.l.
on isolated mountains in the coastal areas of the island, e.g., in south of the
CMR, the Hai’an Range on the east coast or Yangmingshan in the north (cf.
Fig. 4.1).
A raster data set (input data set B described in Sect. 4.4.1) was compiled
from the DOGMA ground fog frequency maps, parameters derived from a
DEM and Landsat 7 imagery. A random forest model trained with point data
resulting from the binary classification of plots from the National Vegetation
Database of Taiwan (cf. 4.4.3) was used to create a map of MCF conditions
from this data set. The map of MCF conditions was combined with a forest
map that had been created from Landsat data (cf. Sect. 4.5.3). The result is
the first map of the whole MCF area of Taiwan and – presumably – the first
vegetation map incorporating high resolution ground fog frequency data. Its
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quality is hardly comparable to the approach by Mulligan and Burke (2005;
covering the south of Taiwan) as the latter was not comprehensively validated
(cf. Sect. 1.4). The statistical measures used for the validation of the map
of MCF conditions (Matthews correlation coefficient: 0.89; Probability of
detection: 0.92; Bias: 0.99; cf. Table 4.2 for more statistical measures),
however, show a very good agreement with the binarily classified data from
the National Vegetation Database of Taiwan and therefore a high quality of
the map. This means that the aim of the current thesis was achieved.
Due to its high overall quality, and in particular its good bias, the presented map allows to assess the MCF coverage of Taiwan. 5508 km2 or
15.3 % of the area of the island are covered by this forest type. This percentage differs strongly from the value of 27.6 % published by Mulligan and Burke
(2005). The mapping by Mulligan and Burke was carried out for the tropics
only. In addition, Mulligan and Burke calculated the fractional MCF coverage for the tropical parts of the Republic of China and not for the tropical
area of the island of Taiwan, which is slightly smaller (cf. Sect. 1.3). Using
the tropical portion of the MCF area presented in this study as the denominator and the reference area Mulligan and Burke have used as the divisor,
an MCF covered fraction of only 6.4 % was calculated for Taiwan’s tropical
south. As the results of the present study have been extensively validated
using hundreds of vegetation plots, the only reasonable explanation for the
clear difference between the new result and that by Mulligan and Burke is
a strong overestimation of the MCF area by Mulligan and Burke that could
not be detected by their validation approach (cf. Sect. 1.4).
As MCF occurs below 1500 m a.s.l., it was hypothesized (cf. Sect. 1.5)
that local deviations in the altitudinal distribution of ground fog
occurrence influence the distribution of montane cloud forest in
Taiwan. In order to test this hypothesis, a version of the random forest
model with the ground fog frequency inputs being excluded (input data set
A described in Sect. 4.4.1) was trained and used to create a map of MCF conditions. As the hypothesis implies that the inclusion of remote sensing-based
ground fog frequency maps will increase the quality of an MCF mapping
approach, the quality of the new map was then compared (cf. Table 4.2) to
the map that was based on all inputs including ground fog frequencies (input
data set B). The overall quality of the latter, was only slightly better than
that of the map based on input data set A. The visual differences between the
resulting MCF conditions maps are, however, striking (cf. Fig. 4.9). More
MCF can be found on the northern and eastern slopes of the CMR that are
affected by the winter monsoon and less MCF can be found on the western
slopes with the ground fog frequency being included. Also, more MCF was
detected at relatively low altitudes. The validation for different altitudinal
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zones showed that the advantage of the inclusion of ground fog frequencies is
relatively insignificant at heights above 1500 m a.s.l.. MCF at altitudes below
1500 m a.s.l was, however, clearly better and more comprehensively mapped
with the ground fog frequency being included in the machine learning input.
This is of particular importance as additionally mapped MCF occurrence at
atypically low altitudes can only be explained by the additional ground fog
frequency inputs capturing local deviations in the altitudinal distribution of
ground fog occurrence. The hypothesis can therefore be confirmed.
Besides their usefulness in combination with the other input data sets,
the ground fog frequency maps have shown their stand-alone potential in
MCF conditions mapping. They have – in comparison to the DEM derived
parameters and to the Landsat based inputs – the highest explanatory power
regarding the distribution of MCF conditions, when being used as the only
machine learning input data set (cf. Table 4.4).
The advantage of a random forest model for MCF conditions mapping
over the application of a threshold on a ground fog frequency map (as done
by Mulligan and Burke (2005); cf. Sect. 1.4) was quantified in Sect. 5 using
ROC curves. The shape of the ROC curve based on full-year frequency data is
an indicator for the already good quality of maps of MCF conditions derived
using the threshold method (AUC: 0.84). This is a distinct improvement in
comparison to the low cloud frequency-based threshold approach (AUC: 0.61)
by Thies et al. (2015; cf. Sect. 1.4) and underlines the usefulness of DOGMA
ground fog frequency data for MCF mapping. The good AUC regarding MCF
prediction also implies that MODIS data is generally useful for the mapping
of ground fog frequencies in Taiwan and not only for the Taroko Gorge (as
tested in the preliminary study). This also shows that night-time variations
of ground fog occurrence (that could not be captured using DOGMA) do
not play a dominating role regarding the MCF occurrence. The ROC curve
based on machine learning derived probabilities of MCF conditions (AUC:
0.99) shows, however, a clearly superior quality of this approach.

6.2

Outlook

The map of MCF distribution created in the course of the present work will
be useful for conservation management (e.g., for the designation of future
protected areas; an overview of current protected areas is given in Fig. 6.1)
as well as for research on MCF in Taiwan. In particular, areas with predicted
MCF occurrence but without data about the actual vegetation composition
are of interest for future vegetation studies. Firstly, vegetation plots in those
areas would help in the further validation and refinement of the presented
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map. Secondly, knowledge about the vegetation composition in previously
unmapped areas of MCF occurrence might help to better understand this
unique ecosystem and the environmental factors determining its distribution.
Other areas of particular interest for future vegetation studies are MCF areas
at altitudes below 1500 m a.s.l. and areas without MCF occurrence within
the 1500 to 2500 m a.s.l. height interval that is usually referred to as the
montane cloud zone. In these areas the predicted map differs from the result
that would have been created using a simple height threshold approach as
used by Campanella (1995) or Bubb et al. (2004) but also the differences to
the prediction of random forest models A and C (cf. Sect. 4.4.1) are distinct
here. As different mapping approaches do not agree and in many of these
areas no vegetation plots are available yet (e.g., in the MCF free area at
altitudes between 1500 and 2500 m a.s.l. in the eastern part of domain 2 in
Fig. 4.9 or the MCF area below 1500 m in the southern part of domain 1
Fig. 4.9), further research seems advisable.
The set of ground fog masks for MODIS overflights between 1 January
2003 and 31 December 2014 created in the course of the present work (cf.
Sect. 4.4.5) can be useful for different research questions regarding climatology, ecology or transportation planning. Is – for example – the MCF of
Taiwan affected by the observed global trend of decreasing fog frequencies
(Klemm and Lin, 2016)? As a first step towards answering this question
Fig. 6.1 was created. This was done by calculating the ground fog frequency
of each month of the investigation period separately from the set of ground
fog masks. For each pixel, a linear trend between the ground fog frequency
in percent (dependent variable) and the time in years (independent variable) was then calculated. The slope of the regressions of each MCF pixel
is presented in the figure. The pixels with increasing ground fog frequencies
(green) are overall dominating. It is, however, conspicuous that for MCF
pixels at low altitudes the fog frequency is decreasing (red). This finding
might be linked to rising lifting condensation levels (Pounds et al., 1999) or
a weakening of the influence of the winter monsoon and underlines the need
for research especially in the MCF areas of Taiwan at relatively low altitudes.
As no assumptions about the microphysics of fog are necessary for the
ground fog detection algorithm DOGMA, it should be applicable regardless
of the genesis of the fog. Therefore it can be used for fog related research in
different areas of the world. It should, however, be noted that DOGMA has
been designed for mountainous areas. Also, due to its basic principle, it is
only capable of detecting fog with ground contact (cf. Sect. 3.2.2) and can
not be used for the precise derivation of cloud base heights (cf. Sect. 3.5).
The main inputs of DOGMA are a DEM, a cloud mask and an optical
thickness product. Therefore, it is implementable for the data of other satel141

Figure 6.1: Trend (2003 – 2014) in percentage points of the ground fog
frequency for the MCF area (as presented in Fig. 4.12) of Taiwan. Protected
areas are taken from the World Database on Protected Areas (IUCN/UNEPWCMC, 2016)

lites than MODIS. For the study of MCF in Taiwan it could, for example, be
implemented for the data of Himawari 8 that combines a temporal sampling
rate of 10 min with a relatively high spatial resolution of up to 500 m. The
high temporal resolution capturing intradiurnal variations of ground fog occurrence could help to enhance the precision of the resulting MCF maps. As
the instrument is, however, in operation not longer than since 2015, its data
is not suited for long-term studies yet.
DOGMA is based on a basic idea that allows for ground fog detection in
mountainous areas: a perfectly stratiform cloud has the same optical thickness for each pixel without ground contact. For cloud pixels with ground
contact, terrain altitude and optical thickness are negatively correlated (cf.
Sect. 3.2.2). This is, however, an idealized model that is disturbed in several
ways (bad signal-to-noise ratios in the retrieval of the optical thickness, nonperfectly stratiform fog clouds). The moving window approach of DOGMA
is one possible implementation of the basic idea that aims to minimize the
impact of those disturbances. Differing implementations are imaginable for
future studies and might be more robust towards deviations from the idealized cloud model.
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Zusammenfassung
Bergnebelwald gehört – durch Abholzung und durch eine (in Verbindung
mit dem Klimawandel gebrachte) globale Abnahme der Nebelfrequenz – zu
den am stärksten bedrohten Ökosystemen der Erde. Gleichzeitig spielt er
eine wichtige Rolle als Ökosystemdienstleister und bietet einer Vielzahl endemischer Arten einen Lebensraum. Zu seinem Schutz sowie zu seiner weiteren
Erforschung sind weltweite Anstrengungen zur Kartierung dieses Ökosystems
notwendig. Hierzu wurde ebenfalls in der Cloud Forest Agenda des UNEPWorld Conservation Monitoring Centre aufgerufen.
Der Bergnebelwald Taiwans ist bisher lediglich für die tropische Südhälfte
der Insel kartiert worden. Diese Kartierung ist jedoch nicht zufriedenstellend
validiert worden und – wie der visuelle Abgleich mit Vegetationsplots aus der
National Vegetation Database of Taiwan zeigt – zudem stark fehlerbehaftet.
Für den Norden der Insel liegen Daten über die Verbreitung dieses Vegetationstyps lediglich punkthaft in Form der Vegetationsplots aus der National
Vegetation Database of Taiwan vor. Zur Erstellung einer flächendeckenden
Karte von Bergnebelwald für die gesamte Insel wurden zuerst Bedingungen,
unter denen Bergnebelwald auftreten würde sofern Wald vorhanden ist,
kartiert. Dies geschah auf Basis verschiedener Variablen, die im Zusammenhang mit der Verteilung von Bergnebelwald stehen. Im einzelnen handelt es
sich dabei um von Landsat 7 gemessene Reflektanzen, auf diesen basierende
Texturmaße, verschiedene aus einem digitalen Geländemodell abgeleitete
Maße sowie die Frequenz von Bodennebel für jeden Monat des Jahres. Diese
Variablen wurde als Rasterkarten in einer Auflösung von 250 m pro Pixel für
die gesamte Fläche Taiwans kartiert.
Übliche Fernerkundungsverfahren zur Erkennung von Bodennebel sind
für Taiwan nicht anwendbar. Dies liegt einerseits daran, dass eine übliche
Methode zur Ableitung der Höhe der Wolkenobergrenze über die Temperatur hier stark fehlerbehaftet ist. Andererseits setzen viele Verfahren zur
Bestimmung der Wolkendicke bestimmte Ausprägungen mikrophysikalischer
Parameter der Wolke sowie eine bestimmte vertikale Verteilung dieser voraus.
Diese Voraussetzungen sind für einen Großteil des Auftretens von Nebel in
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Taiwan nicht gegeben, da es sich um advektiv-orographischen Nebel handelt, während die üblichen Verfahren für Strahlungsnebel entwickelt worden
sind. Daher wurde zur Kartierung von Nebelfrequenzen im Rahmen dieser
Arbeit ein neuartiges Verfahren zur Erkennung von Bodennebel in gebirgigen
Gebieten (Detection of Ground Fog in Mountainous Areas, kurz DOGMA)
entwickelt. DOGMA basiert auf einer auf Basis geometrischer Überlegungen
angenommenen negativen Korrelation zwischen Geländehöhe und optischer
Dicke einer Wolke, in den Gebieten in denen diese von Terrain in ihrer Dicke
beschnitten wird, also aufliegt. Es arbeitet somit rein statistisch. Annahmen
über die Mikrophysik einer Wolke sind nicht nötig. DOGMA arbeitet auf
der Basis von MODIS-Daten, die mittels der hochauflösende MODIS-Kanäle
1 und 2 auf eine Auflösung von 250 m geschärft worden sind. Für 10571
MODIS-Tag-Überflüge zwischen dem 1. Januar 2013 und dem 31. Dezember 2014 über Taiwan wurden mittels DOGMA Gebiete mit Bodennebel
abgegrenzt. Aus diesen Daten wurden schließlich die Karten der Bodennebelfrequenz für jeden Monat berechnet.
Aus jeder der erstellten Rasterkarten wurde die Ausprägungen der jeweiligen Variable für die Positionen der Vegetationsplots aus der National
Vegetation Database of Taiwan extrahiert. Da für jeden Plot bekannt ist,
ob Bergnebelwald oder andere Vegetation vorliegt, konnten die extrahierten
Variablenausprägungen genutzt werden um ein Random-Forest-Modell zur
Erkennung von Bergnebelwaldbedingungen zu trainieren. Dieses wurde angewendet um auf Basis der vollständigen Rasterkarten Bergnebelwaldbedingungen für ganz Taiwan in einer Auflösung von 250 m pro Pixel zu kartieren.
Die resultierende Karte, sowie weitere Kartierungsansätze, wurden über
einen Out-of-Bag-Ansatz mit Daten aus der National Vegetation Database
of Taiwan validiert. Es hat sich gezeigt, dass die DOGMA-basierte Bodennebelfrequenz geeignet zur Kartierung von Bergnebelwaldbedingungen
durch einfache Anwendung eines Schwellwerts ist. Der Einbezug weiterer
Variablen durch den Random-Forest-Ansatz erhöht die Erkennungsqualität
jedoch deutlich (Matthews Korrelationskoeffizient = 0,8839, Richtig-PositivRate = 0,9173). Ein Versuch mittels Random Forests Bergnebelwaldbedingungen ohne Einbezug von Nebelfrequenzen nur auf Basis der übrigen Variablen zu kartieren hat gezeigt, dass die Nebelfrequenz die Erkennungsqualität
erhöht. Die Kartierung ohne sie hat insbesondere Bergnebelwaldvorkommen in atpyisch niedriger Höhenlage, die vermutlich durch den Einfluss des
Wintermonsuns sowie des Massenerhebungseffekts zustande kommen, nicht
korrekt erkannt.
Die Karte der Bergnebelwaldbedingungen wurde schließlich mit einer
Karte über das Vorkommen von Wald zu einer finalen Bergnebelwaldkarte
verschnitten. Die Waldkarte wurde, ebenfalls mittels eines Random-Forest147

Modells, auf Basis der Landsat-Reflektanzen erstellt.
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