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Abstract: Remote sensing technology serves as a powerful tool for analyzing geospatial
characteristics of flood inundation events at various scales. However, the performance of
remote sensing methods depends heavily on the flood characteristics and landscape
settings. Difficulties might be encountered in mapping the extent of localized flooding with
shallow water on riverine floodplain areas, where patches of herbaceous vegetation are
interspersed with open water surfaces. To address the difficulties in mapping inundation on
areas with complex water and vegetation compositions, a high spatial resolution dataset has
to be used to reduce the problem of mixed pixels. The main objective of our study was to
investigate the possibilities of using a single date WorldView-2 image of very high spatial
resolution and supporting data to analyze spatial patterns of localized flooding on a riverine
floodplain. We used a decision tree algorithm with various combinations of input variables
including spectral bands of the WorldView-2 image, selected spectral indices dedicated to
mapping water surfaces and vegetation, and topographic data. The overall accuracies of the
twelve flood extent maps derived with the decision tree method and performed on both
pixels and image objects ranged between 77% and 95%. The highest mapping overall
accuracy was achieved with a method that utilized all available input data and the object-
based image analysis. Our study demonstrates the possibility of using single date
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WorldView-2 data for analyzing flooding events at high spatial detail despite the absence
of spectral bands from the short-waveform region that are frequently used in water related
studies. Our study also highlights the importance of topographic data in inundation
analyses. The greatest difficulties were met in mapping water surfaces under dense canopy
herbaceous vegetation, due to limited water surface exposure and the dominance of
vegetation reflectance.

Keywords: decision tree; floodplain; inundation; localized flooding; object-based image
analysis; wetlands; WorldView-2

1. Introduction

Remote sensing has been shown to provide a powerful and inexpensive means of analyzing the
spatial extent and duration of flooding events [1-5]. Such flood mapping is predominately based on
detection of water surfaces, which in the case of extreme flood events with large open water areas tend
to be major features within the remotely-sensed scene. In such cases, the use of image data from
passive optical systems or active microwave systems assures the detectability of water surfaces by
exploiting, respectively, the open water phenomena of low reflectance in the visible spectrum and high
absorption in the infrared spectrum, and specular reflection of microwave energy [6,7]. However, the
use of these phenomena is greatly limited for flood extent mapping on vegetated riverine floodplain
areas, since partially immersed and inundated vegetation changes the spectral signature of water
surfaces, hindering their detection using multispectral data [8]. Inundated vegetation also increases
surface roughness, reducing the specular reflection from water associated with SAR data [4]. Such
problems are typical of wetlands and many floodplains that are affected by frequent localized
inundation, as well as transitional zones between open water and dry areas that are subject to
inundation during larger flooding events and are covered by various forms of herbaceous and woody
terrestrial vegetation. Better knowledge of the spatial extents and temporal durations of localized
flooding of these areas represents valuable environmental information for decision-makers, which is
necessary for effective land management and spatial planning [9,10]. In addition, such knowledge,
when collected and analyzed over longer periods, supplies ecologists and hydrologists with an
effective means of monitoring the water cycle and its variation and improve our understanding of its
influence upon the whole ecosystem [11,12].

Imagery from various high and medium spatial resolution remote sensing systems have frequently
been used for mapping areas of inundated vegetation [5,13-16]. However, these data have limited
applicability for localized flooding events. Inundation of floodplains with herbaceous vegetation is
often associated with high local heterogeneity with open water interspersed with vegetation patches of
various shapes and sizes (Figure 1). This results in a large number of mixed pixels in such image
data [17,18] making high and medium spatial resolution remote sensing image data an unsatisfactory
source of information. Thus, while these data provide an adequate level of information for mapping
flooding patterns on a regional scale [3,5,19], they are usually too coarse for performing analyses at a
local scale [20]. Schumann et al. [21] noted that only data with a spatial resolution finer than 5 m



Remote Sens. 2015, 7 14855

provide adequate information for deriving the precise extent of flood inundation. Such data have not
been widely used for spatially accurate flood mapping because of the low coverage repetition rates of
the relevant satellite systems and the transitory nature of many flood events. With very high spatial
resolution (VHSR) multispectral image data becoming more readily available, our overall aim was to
explore their use for mapping inundation patterns in areas with partially immersed vegetation. The
specific objectives of our methodological study were to analyze VHSR WorldView-2 (WV2) image
data (Digital Globe Corp.) for a flooding event of an agricultural area with a complex pattern of open
water and emergent herbaceous vegetation and to develop methods for accurately mapping the spatial
extent of such localized flooding.

Figure 1. Example of localized flooding in the Nared river valley at Vejrumbro,
(Denmark), picturing interspersed vegetation and water patches.

Our approach has been inspired by the study of Davranche et al. [13] who mapped wetland flood
regimes with seasonal multispectral SPOT5 (SPOT/Programme ISIS, Copyright CNES) image data by
analyzing the spectral reflectance of inundated vegetation from multi-temporal data. The basis for the
method of Davranche et al. [13] was that the observed spectral signatures are conditioned by the
presence of free water under the canopy, the plant water content and photosynthetic activity, and that it
was possible to infer the presence of water from the time series of multispectral image data. We have
followed their assumptions and adapted their methods to our area of interest and the characteristics of
the WV2 image, notwithstanding the differences between the image data used in the two studies. First,
the spectral bands of WV2 image data have a spatial resolution that is five times finer than the SPOT5
image data. Second, we used a single date scene, while Davranche et al. [13] applied a seasonal time
series of image data. Finally, unlike the SPOT5 imagery, the eight spectral bands of the WV2 image do
not include a band from the shortwave-infrared (SWIR) spectrum, which is known to be useful for
analyzing water surfaces [22-25] and plant water content [26,27]. Thus, the key question addressed in
our study was to what degree the VHSR and additional spectral bands (cf. Section 2.2) of the WV2
image may compensate for the lack of the SWIR band in mapping flood inundation on vegetated
floodplains. We also wanted to investigate whether the classification method found to be efficient by
Davranche et al. [13] using multi-temporal image data could be applied to the mapping of local
inundation with a single date VHSR image dataset.
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2. Materials and Methods
2.1. Study Area

The area investigated in our study is located in Central Jutland, Denmark (56<26'0"N, 9<32'0"E)
and covers approx. 3.3 km? of a rural landscape along a 3-km reach of the River Narre&(Figure 2).
Although the catchment area of the Naredrepresents an undulating post-glacial moraine landscape,
the river valley itself has a very small longitudinal gradient. Agriculture is a dominant land use in the
study area, with mostly improved or semi-improved grasslands (meadows and pasture) intermixed with
patches of trees and some arable fields located on the more elevated parts of the floodplain.

The Neareafloodplain is regularly temporarily inundated with shallow water during periods of high
water stages in the river, occurring predominately in the second half of a calendar year. Inundation
takes the form of localized flooding with the water surface to a high degree covered by emergent
herbaceous vegetation.

D Study area |
I Norrea Rlve.r,5~§‘. \ 7
9°30'0"E 9°3130"E 9°33'0"E

Figure 2. Project study area covering a part of the Nerreariver valley, Denmark.
2.2. Remote Sensing Data

The WV2 scene used in this study was acquired on 29 September 2012 and was provided as a
radiometrically corrected product (Standard Imagery Products [28]). The image consists of one
panchromatic and eight relatively narrow multispectral bands (Table 1). The section of the image
covering the study area is cloud and cloud-shadow free and was geo-referenced (UTM/ETRS89 zone
32N) with a first order polynomial transformation and nearest neighbor resampling, providing an
accuracy of 1/3 of a pixel of the panchromatic band.

The applied flood mapping procedure also utilized a national digital terrain model (DK-DEM) [29]
based on airborne LIDAR data (acquisition in 2006-2007) with an original grid cell size of 1.6 m
resampled to 2 m, corresponding to the ground sample distance (GSD) of the WV2 multispectral
imagery. This terrain model derived from LiDAR data was acquired in an early spring period and
represents dry conditions in the Narre&valley. Additionally, a terrain slope raster was calculated from
the DK-DEM (2 m cell size).
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Finally, a local set of airborne LiDAR point cloud data acquired on 23 September 2012 was used to
derive a 2 m cell size normalized digital surface model (nDSM), also called vegetation height model.
The nDSM was derived as the difference between a terrain model (DK-DEM) and a digital surface
model (DSM). The DSM was calculated as the highest elevation from LiDAR points falling in each
2 x2 m cell. The LIDAR data acquired a week before the WV2 image data acquisition represent
up-to-date information on vegetation cover within the study area.

Table 1. Characteristics of the WorldView-2 image data [28].

Band Ground Sample Distance (GSD) (m) Spectral Range (nm)
Panchromatic (PAN) 0.5 447-808
Coastal Blue 2 396-458
Blue 2 442-515
Green 2 506-586
Yellow 2 584-632
Red 2 624-694
Red Edge 2 699-749
Near-infrared 1 (NIR-1) 2 765-901
Near-infrared 2 (NIR-2) 2 856-1043

Simultaneously with the local LIiDAR point cloud data, RGB aerial image data were acquired with a
DigiCAM-60 camera and delivered as orthoimages with a 0.1 m pixel size. This dataset was used for
collecting training data and for accuracy assessment of the classification results.

Figure 3. Example of a vertical image taken from a tripod used for collecting training data
of the flooded classes: (a) tripod in a location with emergent grass and patches of water;
(b) vertical image. Four white sticks with colored endings used for georeferencing vertical
images are seen on both pictures.
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2.3. Field Data Collection

During the five days preceding the WV2 image acquisition, 28 representative photographs of
surfaces in the study area, each covering an area measuring 6-8 m?, were captured using a standard
RGB camera (Panasonic Lumix DMC-LX3) mounted on a tripod. The camera lens was facing
perpendicularly to the ground (Figure 3a). All of these photographs, in the following referred to as
“vertical images”, were geo-referenced utilizing four sticks that were placed within the field of view of
the camera and whose positions were measured by a real time kinematic differential GPS
(RTK/DGPS). The resulting GSD of the geo-referenced images was circa 1 mm, providing very
detailed information about the floodplain wetness within the pictured area. These images represented
different combinations of mixed water and vegetation, including different vegetation types (Figure 3b)
and were used to derive training data for the flooding classification procedure.

2.4. Image Pre-Processing

The WV2 image was atmospherically corrected before performing the analysis. Initially we used
ATCOR-2 software [30], which transformed the radiometrically corrected pixel values to surface
reflectance. A post-hoc analysis of the reflectance image showed, however, unexpected data patterns
for water-covered areas. The reflectance values of pixels representing water were in many cases much
higher in the near-infrared wavelengths than in the visible region for both permanent and temporal
(floodwater) water bodies. In principle, clear water has the highest reflectance in the green wavelength,
which decreases with increasing wavelength, reaching a reflectance close to zero in the near-infrared
region [7,31]. Although deviations from that pattern are expected as water reflectance in specific
wavelengths changes depending on, for example, water turbidity, the relationship in most cases
remains the same (Figure 4). This principle has been the basis for developments of spectral indices
such as the Normalized Difference Water Index (NDWI) [32]. However, the reflectance values of the
ATCOR-2 atmospherically corrected image deviated considerably from the expected pattern, thus their
use for calculation of the NDWI index, and other spectral indices (cf. Section 2.5), was put into
question, pending further analysis. As there might be different reasons for the observed pattern, and
since analysis of the atmospheric correction process was not an aim of this study, the remaining data
processing was done using image pixel values converted to the top-of-atmosphere spectral reflectance [33]
and processed with the dark pixel subtraction (DPS) technique. The DPS process reduces the
atmospheric effects originating from the upwelling path radiance.

—— Turbid river water {99 mg/litre suspended solids)

-~~~ Clear lake water (10 mg/litre suspended solids)

Reflectance [%]
6
|

O N b O
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Wavelength [um]

Figure 4. Spectral reflectance characteristics of clear and turbid water within the visible
and near-infrared spectral range (0.5-1.0 um) (Adapted from Davis et al. [31].)
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2.5. Training Data

The preparation of representative training data is a crucial step for performing reliable supervised
classifications of the land cover (LC) classes under investigation. After a visual inspection of the area
of interest in the WV2 image and consideration of the knowledge gained from frequent field visits, ten
LC classes were distinguished as important for mapping flood extent in the study area. The LC classes
were subsequently grouped into a set of non-flooded classes that comprised asphalt, buildings, grass,
maize, shadow, soil and high vegetation (bushes and trees), and a set of flooded classes that comprised
open water (O-W), mixed water and vegetation (W-V) and water under vegetation canopy (WuV). The
class O-W referred to areas fully covered by water, while W-V represented areas of intermixed water
and vegetation objects within the area of a single WV2 pixel (2 <2 m) (Figure 5a). The WuV class
represented inundated areas with a dense cover of emergent floodplain vegetation (excluding bushes
and trees) (Figure 5b). Samples for all classes from the non-flooded group and for the open water class
were collected by means of visual interpretation of the aerial orthoimagery (cf. Section 2.2). Samples
for the remaining two classes (W-V, WuV) were collected based on the vertical images and the aerial
orthoimagery, supported by field notes. Two hundred samples were collected for each class except the
WuV class, for which only 70 samples could be obtained due to limitation in the field data collected
for that class. Each sample corresponded to a single WV2 multispectral image pixel.

Figure 5. Examples of land cover representing flooded classes: (a) mixed water and
vegetation class (W-V); (b) water under vegetation canopy class (WuV).
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Mapping inundation under a vegetation canopy with dense and long leaves (e.g., reed beds) is a
challenging task when using optical image data [13]. Accordingly, we decided to work with two
scenarios. The first scenario aimed at mapping inundation under any herbaceous and wetland
vegetation (reeds, sedges, rushes) found on a riverine floodplain. It used training data composed of all
the ten LC classes described above, hereafter referred to as the 3WET training data (Figure 6a). In the
second scenario the focus was shifted towards mapping inundation on areas with at least some water
surface visible among plants, which is represented by the class W-V. This approach was based on
training data referred to as 2WET, in which the samples representing the WuV class were reclassified
to the class of grass due to the similar spectral characteristics of these two classes (Figure 6b).

Scenario 1 —3WET Scenario 2 —2WET
FLOODED NON-FLOODED FLOODED NON-FLOODED
O-W — Asphalt o-w — Asphalt
W-V —1 Building W-V — Building
WuV — Grass — Grass + WuV
— High vegetation —1 High vegetation
— Maize — Maize
— Shadow — Shadow
— Soll — Soil
(a) (b)

Figure 6. The class sets and class hierarchies of the two analysis scenarios, 3WET (a) and
2WET (b) used in the study. The figure shows that in the 2WET scenario the flooded class
WuV from 3WET scenario was merged with the non-flooded class grass.

2.6. Spectral Indices and Additional Classification Inputs

The eight spectral bands of the WV2 image (Table 1) are the core data set used in the classifications
made in our study. In addition, several spectral indices that have previously been used to characterize
vegetation or water were calculated (Table 2 [13,26,34-42]) and if necessary adopted to the spectral
bands of the WV2 image. In cases where the SWIR band was applied in the original index, it was
replaced by the WV2 band NIR-2. For the indices where a near-infrared band was required, two
indices were calculated, applying respectively WV2 band NIR-1 and WV2 band NIR-2. Finally, a
principle component analysis (PCA) performed on the WV2 scene provided additional eight images
that were included in the analysis.
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Table 2. List of multispectral indices derived from the spectral bands of the WorldView-2
image data, used for the decision tree classifications in this study.

Indices Formula References
. . . Richard d Everitt
DVI*—differential vegetation index NIR - RED ehar so[r;:l]n ven
DVW**—difference between vegetation and NDVI — NDWI Gond et al. [35]
water
IFW*—index of free water NIR — GREEN Adell and Puech [36]
. . . GREEN — NIR)/(GREEN +
NDWI*—normalized difference water index ( NIR% ( McFeeters [32]
NDWI-G— lized diff ter ind
normalized difference water index (NIR1_ NIR2)/(NIR1 + NIR2) Gao [26]
of Gao
NDVI*— lized diff tati
norma 'Zien de:( erence vegetation (NIR — RED)/( NIR + RED) Tucker [37]

(NIR — RED)/(NIR + RED

OSAVI*—optimized SAVI Rondeaux et al. [38]

+0.16)
- . 1.5 (NIR — RED)/(NIR + RED +
SAVI*—soil adjusted vegetation index ( 0 ;)( Huete [39]
SR*—simple ratio RED/NIR Pearson and Miller [40]
WI*—water index NIR?BLUE Davranche et al. [13]
WII*—water impoundment index NIR¥RED Caillaud et al. [41]
VI*—vegetation index NIR/RED Lillesand and Kiefer [42]

* two indices calculated for respectively NIR1and NIR2; ** two indices calculated for NDVI and NDWI
derived with NIR1 and NIR2.

2.7. Classification

Twelve decision tree (DT) based supervised flood mapping methods, differing from each other with
respect to their input data, training dataset and analysis approach (Table 3), were applied and assessed
for their mapping accuracy. All the methods provided binary division into flooded and non-flooded classes.

Decision trees are nonparametric classification methods that handle both categorical and continuous
data and require no assumption about the data distribution [43]. DTs are composed of hierarchical
rules built automatically using a set of features or variables provided with the training data. Those
features are analyzed at each tree node and the feature that provides the best split of the data between
the analyzed classes is selected. The eCognition (v. 9.0, Trimble Germany GmbH, Munich, Germany,
2014) software used in this study utilizes the CART algorithm (classification and regression tree) that
performs splits using the Gini index [44,45]. The Gini index is a measure of impurity of the node being
analyzed and reaches a value of zero when all objects in the node belong to the same class. DT
classifier was shown to be efficient in mapping inundation in various landscapes [5,13]. All
classifications performed in our study, including pixel-based (PB) and object-based approaches, used
the following settings for DT parameters: maximum tree depth: 10, minimum number of samples per
node for splitting: 10, number of cross-validations folds: 3.
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Methods 1 and 7 were PB classifications adapted from Davranche et al. [13]. These
approaches were applied using the WV2 spectral bands and spectral indices with the 3WET and
2WET training data, respectively. Methods 2 and 8 used similar classification settings to methods 1
and 7, respectively; however, they were performed on all available data, including PCA and
topographic data.

As object-based image analysis (OBIA) has been found to be more appropriate and efficient than
PB methods for mapping with VHSR image data [46-48], we also used methods that work on the
object level (methods 3-6 and 9-12, Table 3) and tested whether OBIA improves the mapping of
localized inundation. To do so, multiresolution segmentation [49] was run with a scale parameter of 10
and values of 0.1 and 0.5 for the shape and compactness parameters; the scale factor was chosen
heuristically to ensure objects had a size that addressed the high heterogeneity and complexity of the
river floodplain area. Segmentation was run on the WV2 NIR-2 image data that had been
pan-sharpened using the Gram-Schmidt transformation [50] and the WV2 PAN band. The
pan-sharpening was made to assure the highest possible level of detail. The NIR-2 band was used
because it represents the most water sensitive waveband of the WV2 image, as the spectral range of the
higher spatial resolution PAN band does not cover the wavelength of the NIR-2 band (Table 1).

Table 3. Specification of the classification methods developed and used in this study.

Data Used e L.
Analysis DT and Pre-_CIaSS|f|cat|_on Training
Method # A h WV2 Spectral ~ Spectral of High Vegetation Dat

pproac PCA SLOPE ata

Bands Indices and Shadows

Raster

Method 1 PB + + 3WET
Method 2 PB + + + + 3WET
Method 3 OBIA + + + + SWET
Method 4 OBIA + + + 3WET
Method 5 OBIA + + + + SWET
Method 6 OBIA + + + 3WET
Method 7 PB + + JWET
Method 8 PB + + + + JWET
Method 9 OBIA + + + + SWET
Method 10 OBIA + + + SWET
Method 11 OBIA + + + + SWET
Method 12 OBIA + + + + SWET

PB—pixel-based approach; OBIA—object-based image analysis.

Four of the eight OBIA methods applied in the study (methods 3, 5, 9 and 11) used a pre-
classification of areas of high vegetation and solar illumination shadows. The high vegetation areas
were pre-classified and excluded from further analysis because inundation of high vegetation was out
of the scope of this study. They were classified as having nDSM values greater than 2 m and positive
NDVI values. The shadowed areas were pre-classified because they are commonly misclassified as
water covered areas [19,51-53] due to the low reflectance of both classes. Shadows were found using a
shadow fraction map, derived by sub-pixel analysis [54], with the assumption that shadowed areas are
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adjacent to high vegetation objects. The remaining shadows (e.g., building shadows) where accounted
for by the DT classification. Both high vegetation and shadow areas were pre-classified using OBIA
performed on the above-mentioned segmented pan-sharpened WV2 NIR-2 image data. Table 3
provides all details of the twelve classification methods.

2.8. Accuracy Assessment

An assessment of the classification results was carried out by comparing the mapped class with its
classification in the reference data. The reference data comprised 114 randomly selected samples
whose wetness conditions were checked in the field within the five days preceding the satellite image
acquisition, and 186 randomly selected samples within the study area that were checked by visual
interpretation of the aerial orthoimagery acquired six days before the satellite image (cf. Section 2.2).
The labels of the reference data were adjusted to follow the class sets of the two training data
scenarios, SWET or 2WET. The overall accuracy (OA), correctness and completeness of the flooded
class, and the quantity (QD) and allocation (AD) disagreement were calculated as accuracy measures
for all 12 maps generated. The OA represents the ratio between the correctly classified samples from
all classes and the total number of samples, providing a general view of the mapping performance. The
completeness measure represents the level of false negative classifications (under-estimation of the
flooded class), and the correctness shows the level of false positives (over-estimation of the flooded
class). The quantity disagreement expresses the amount of difference between the reference
observations and the classified (predicted) ones, while the allocation disagreement shows the
proportion of misplaced categories from the classified map as compared with the spatial allocations in
the reference data [55,56]. The sum of the quantity and allocation disagreement makes up the total
disagreement between the reference and classified maps.

3. Results

Table 4 shows the results of an accuracy assessment performed on the derived maps of localized
flooding. These accuracy measures were calculated from data with randomly selected locations and
thus less frequent classes may be under-represented. A map resulting from method 1 (Figure 7b), the
method most similar to the approach used by Davranche et al. [13], received the lowest OA of 77%
and the highest quantity and allocation disagreement, reaching 23% of the total disagreement. In
general, the methods that used the 3WET training data (methods 1-6) achieved lower OA scores
(77%-92%) than their equivalent methods that classified only two flooded classes (methods 7-12).
The methods that utilized the 2WET training data resulted in an OA of between 88% and 95% with
method 11 achieving the highest OA (95%) and correctness scores (0.95) of all the methods. The high
accuracy of this method is also confirmed by the lowest quantity and allocating disagreement
percentage, providing 5% of total disagreement.
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Table 4. Error matrices and the accuracy assessment measures derived for the
classification methods used in this study.

Method Reference Data Flooded Class AD
——_ Total OA (%) QD (%)

# F N-F Comp. (%) Corr. (%) (%)
Classification F 107 41 148

1 data N-F 28 124 152 77 79 72 4.3 18.7
Total 135 165 300
Classification F 123 17 140

2 data N-F 12 148 160 90 91 88 1.7 8.0
Total 135 165 300
Classification F 114 29 143

3 data N-F 21 136 157 83 84 80 2.7 14.0
Total 135 165 300
Classification F 110 33 143

4 data N-F 25 132 157 81 81 77 2.7 16.7
Total 135 165 300
Classification F 127 16 143

5 data N-F 8 149 157 92 94 89 2.7 5.3
Total 135 165 300
Classification F 127 19 146

6 data N-F 8 146 154 91 94 87 3.7 5.3
Total 135 165 300
Classification F 97 24 121

7 data N-F 13 166 179 88 88 80 3.7 8.7
Total 110 190 300
Classification F 97 18 115

8 data N-F 13 172 185 90 88 84 1.7 8.7
Total 110 190 300
Classification F 94 6 100

9 data N-F 16 184 200 93 85 94 33 4.0
Total 110 190 300
Classification F 91 18 109

10 data N-F 19 172 191 88 83 83 0.3 12.0
Total 110 190 300
Classification F 100 5 105

11 data N-F 10 185 195 95 91 95 1.7 33
Total 110 190 300
Classification F 97 7 104

12 data N-F 13 183 196 93 88 93 2.0 4.7
Total 110 190 300

AD: Allocation disagreement; Comp.: Completeness; Corr.: Correctness F: Flooded; OA: Overall accuracy;

N-F: Non-flooded; QD: Quantity disagreement.
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selected maps of localized flooding resulting from the classification methods developed in
the study (b—f) and described in Table 3. The flooding maps are superimposed on the WV?2
panchromatic band.
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For the methods using the two groups of training data (3WET and 2WET) the accuracy assessment
showed superior results for mapping performed with object-based analysis. The method 2 map,
representing a pixel-based approach, had slightly poorer accuracy scores (OA, AD, completeness) than
its equivalent based on OBIA, the method 6 map. A similar pattern can be observed for the maps
produced using methods 8 (PB) and 12 (OBIA) for the 2WET training data group. The differences
were even greater between the PB maps (2 and 8) and their equivalents with object-based
pre-classification of vegetation and shadows (maps 5 and 11, respectively).

Figure 7b—f illustrates the extent of flooding in the analyzed area for selected maps using the
methods described in Table 3, which give the most important information about the performance of the
various DT classifications used.

The map of method 1 (Figure 7b) shows many areas misclassified as flooded (false positive)
throughout the study area and the misclassification mainly takes the form of a large number of small
isolated patches. Relatively similar results with large numbers of incorrectly classified flooded areas
may also be seen on the maps of methods 3 (Figure 7d) and 4 (not illustrated). However, fragmentation
of the map of method 1, which is the PB method, seems to be stronger then fragmentation of maps of
the OBIA methods 3 and 4. These three maps are characterized by the lowest accuracy scores from all
the methods, and areas that are classified as flooded on these maps cover most of the LC classes from
the study area.

The second group of maps with a high similarity is produced using methods 2 (Figure 7c), 5 and 6.
For this group flood inundation covers a wide and compact strip located in the central part of a river
valley with only sparse patches of non-inundated areas. The maps have no areas classified as flooded
outside the valley, likely because of inclusion of DTM data, but they apparently overestimate flooding
inside it.

The methods trained with the 2WET data (methods 7-12) in general resulted in maps with less
extensive inundation compared with maps based on the 3WET data. All the 2WET maps represent
relatively similar spatial arrangements and small diversification of inundated areas. The main
differences are a higher level of false positive misclassification outside the valley in maps of methods 7
(Figure 7e), 9 and 10, while flooding is limited to the valley bottom in maps of methods 8, 11 (Figure 7f)
and 12. The overestimation in the 2WET group of maps is most apparent with method 7.

4. Discussion

We investigated the potential of using VHSR WV2 image data to delineate the extent of localized
flooding on riverine floodplains. Most of the flood classification methods developed gave very high
accuracy scores. However, our analyses also highlighted a number of important issues for improving
the method before it would be operational.

4.1. Major Misclassification Issues

A comparison of the method specifications (Table 3) and resulting maps indicated that the
widespread occurrence of incorrectly classified flooded areas (false positives) was characteristic of the
methods that did not use elevation data (e.g., methods 1 and 7), and that also aimed to map the WuV
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class (e.g., methods 1, 3 and 4). Thus, in the maps derived with methods that used elevation data, the
extent of flooded areas was mostly limited to the area of the river valley bottom (e.g., Figure 7c,f).

Since PB methods analyze each pixel separately, the use of VHSR image data characterized by high
spectral complexity and variability of individual features may result in highly fragmented maps [57,58].
This effect is enhanced by pixels representing a mixture of spectral signatures of various LC classes
(mixed pixels) whose spectral characteristics in our case were often similar to those representing
flooded areas. These problems are often reduced by applying OBIA, because image objects are created
using, in general, more than one criterion of homogeneity (e.g., spectral value, shape) [46]. By this
process, isolated pixels with a value differing from their neighbors are often joined to larger objects
and classified together, thereby reducing the fragmentation effect.

The higher number of false positive misclassification of flooded areas associated with the methods
that used the 3WET training data (i.e., relatively low correctness values; Table 4), resulted from the
fact that the spectral signature of the class WuV reflects mostly the signature of healthy green
vegetation, such as grass or trees. Such vegetation was found across the whole study area. This
illustrates the problem of using optical data for mapping inundated vegetation with closed canopy,
represented by the WuV class (methods 1-6). Certainly, the presence of water influences the spectral
reflectance of inundated vegetation [8]. However, the strength of that influence strongly depends on
the structure and density of the vegetation as well as the relative size of area covered by vegetation and
water [8,59]. For example, with a vegetation cover greater than 80% or with more than 60% of
biomass standing above water, the surface reflectance within the range of the visible and near-infrared
spectra (326-1055 nm) represents the typical spectral response curve of green non-flooded vegetation,
regardless of species [60,61]. Therefore, detecting inundation in areas with dense vegetation cover,
such as represented by the WuV class, is constrained when using a single date WV2 image. This may
to some degree be addressed by applying multi-temporal analysis [13], which allows vegetation states
under different flooding conditions to be compared. A multi-temporal approach can work well for
wetland inundation monitoring [13], because most of the wetland vegetation species respond in a
similar way to water abundance or deficit. Such analysis is, however, very complex in areas with both
terrestrial and aquatic vegetation, because they react differently to various wetness states. While a
water deficit influences both groups of vegetation species negatively, the prolonged abundance of
water supports the growth of aquatic (wetland) plants but results in the wilting of the terrestrial species
that are not tolerant to long inundation periods. Therefore, the differences in response of the aquatic
and terrestrial plants to water abundance would need to be analyzed separately within the given group
and not between them, due to their different responses to inundation. An analysis is required in which
the spectral response of the same type of vegetation will be monitored in both dry and wet conditions.

Whilst relatively high overall accuracy scores were achieved with methods 2, 5 and 6 (Table 4),
which were based on the 3WET training data and also used elevation data, and where the area mapped
as flooded was limited to the river valley, they overestimated the extent of flooding within the
floodplain area (Figure 7c). This overestimation probably originates from a combination of the broad
spectral range of the WuV class and the use of elevation data in the methods, which resulted in the
classification as flooded of almost the entire area falling within the elevation range represented by the
training data of flooded classes. As shown in Figure 7f, this overestimation of the flooded extent does
not appear in method 11 which uses the same classification rules as method 5 but applied the 2WET
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training data, in which flooded classes have narrower spectral ranges. Therefore, we suggest that the
methods 1-6 that mapped the WuV class as flooded are unreliable because the spectral response of that
class represents vegetation rather than water and introduces classification error. As stated earlier in this
subsection, we also suggest that the analysis of inundated areas represented by the WuV class cannot
be performed reliably without using multi-temporal data. Therefore, considering the accuracy
measures (Table 4) and our knowledge of the wetness condition in the study area, we find methods 11
and 12 to yield the most optimal and reliable results that can be achieved with a single date image.

4.2. Application of SWIR Data

Based on the work of Baret et al. [62], Davranche et al. [13] suggested that the SWIR band, which
is not available in the WV2 image data, is sensitive to soil moisture under the vegetation canopy and
may help in mapping wetland inundation. Baret et al. [62], however, performed their analysis on
agricultural crops, which differ considerably in structure, height and growing pattern from most
floodplain plants. Thus, the spectral response from floodplain vegetation (both aquatic and terrestrial)
in wet conditions may also differ from those observed by Baret et al. [62]. Moreover, Byrd et al. [59]
found that the influence of water inundation on the reflectance of marsh vegetation is unclear in the
SWIR region of the spectrum and requires more advanced studies. Therefore, considering that
Davranche et al. [13] also met difficulties in mapping water under dense canopy, even though they
used SWIR data, we would argue that there is no clear evidence that the SWIR band facilitates the
detection of water inundation under a vegetation canopy. On the other hand, we do consider that
application of the SWIR spectral bands, such as from the WorldView-3 sensor (launched August
2014), could improve detectability of areas of open water and classes similar to our W-V class. This
consideration is based on the higher absorption of free water surfaces in the SWIR region than in the
near-infrared and the possibility of calculating additional spectral indices dedicated to mapping open
water surfaces, like the Automated Water Extraction Index [23] or the modified NDWI [25]. In our
study, however, the 2WET flooding classes were mapped relatively well with the single date WV2
image data and, therefore, the focus of future research should be on whether SWIR data could be used
to map land covers similar to our WuV class, which, as our results indicate, remains problematic.

4.3. Application of Topographic Data

An important issue indicated by our analyses is the application of terrain elevation data. In all the
maps that were created using a DTM, the flooding extent is limited to the river valley bottom from
where the training data were derived and which generally has a low absolute elevation. The use of
elevation data in flood or water surface mapping is highly useful [63-66] and fully justified because
water location, water movement in the landscape and water stage in a watercourse are primarily
determined by topography. Therefore, applying elevation data or its derivatives (e.g., terrain slope) in
the mapping procedure reduces the extent of the area where floodwaters can occur on the map, for
example not on a slope. An additional advantage is the potential for fusion of elevation data with
spectral data to aid the distinction of types of water surface. By using spectral data alone water
surfaces may be differentiated from the other LC types, but it is often difficult to discriminate between
floodwater and a permanent water body or even rainwater accumulated temporarily on the ground.
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Here, elevation data help to identify non-flooding water bodies by comparing the elevation of river or
floodwater surfaces with other types of water surfaces.

However, using the absolute elevation data as was done in the current study reduces the
transferability of samples to other areas, or even to other reaches of the same river. The elevation
values collected as training data on a certain river reach make their application efficient and correct as
long as the terrain elevation does not change considerably. The crisp thresholds estimated for the DT
would fail, however, on the other sections of the river because the terrain drops in line to the river
gradient. In that way areas upstream and downstream of the sampled location would be subject to
under- or over-estimation, respectively. To further improve the method the absolute elevation data
should be replaced with other estimates so that this problem is eliminated and the method is
transferable to other locations. This requires application of one or more of the DTM derivatives that
provide estimates adjustable to local conditions.

5. Conclusions

Our study demonstrates an application of a single date, very high spatial resolution optical image
from the WorldView-2 sensor to delineate the spatial extent of localized flooding on densely vegetated
riverine floodplain areas. An application of such detailed data has previously not been tested in depth
for flood mapping, although it provides highly relevant information for flood management and wetland
inundation analysis. The multispectral image served as a primary data source for developing various
classification methods, the performance of which was verified with robust reference data. Our study
shows that the single date WorldView-2 data enabled investigation of the patterns of floodplain
inundation and accurate (above 90% of overall accuracy-OA) delineation of its spatial extent. It also
revealed that spatial and spectral properties of the WorldView-2 image suffice to address the
heterogeneity of floodplain areas under flooding conditions. We showed that this was possible despite
the WorldView-2 data lacking the shortwave-infrared spectral band that is often of great use in water
related studies. Moreover, for the conditions met in our study and where the greatest problem of the
mapping was inundation under herbaceous vegetation, we argue that multi-temporal analysis would not
necessarily improve classification considerably. Our statement, however, requires further verification.

The pixel-based methods developed in our study when used together with training data representing
water under dense vegetation resulted in considerable misclassification (77% OA) and also
fragmentation of areas classified as flooded and are thus considered unreliable. The method found as
the most reliable and accurate (95% OA)—method 11 used a decision tree classifier that worked on the
image objects instead of separate pixels. This reduced misclassification and fragmentation of flooded
areas. The performance of this method was additionally improved by applying topographic data and by
excluding shadows and area of high vegetation in a pre-classification step. However, the flooding
maps derived from the most reliable methods often failed to include areas of inundated, dense
vegetation, i.e., the water under vegetation class (completeness of 91%). Therefore, accurate mapping
of this class remains a bottleneck of the methods based on data from passive optical systems.

For further improvements we recommend the development of detailed object-based image analysis
methods with hierarchical structuring that would classify each individual flood-related class separately.
Additionally, we would suggest using the WorldView-3 image data and testing applicability of its wide
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range of the shortwave-infrared bands for detailed flood studies. Moreover, the WorldView-3 image
data, having, at present, the finest spatial resolution among civil satellite RS systems, should improve
detection of small water surface patches among floodplain herbaceous vegetation.
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