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Abstract

:

The impact of floods on forests is immediate, so it is necessary to quickly define the boundaries of flooded areas. Determining the extent of flooding in situ has shortcomings due to the possible limited spatial and temporal resolutions of data and the cost of data collection. Therefore, this research focused on flood mapping using geospatial data and remote sensing. The research area is located in the central part of the Republic of Croatia, an environmentally diverse area of lowland forests of the Sava River and its tributaries. Flood mapping was performed by merging Sentinel-1 (S1) and Sentinel-2 (S2) mission data and applying object-based image analysis (OBIA). For this purpose, synthetic aperture radar (SAR) data (GRD processing level) were primarily used during the flood period due to the possibility of all-day imaging in all weather conditions and flood detection under the density of canopy. The pre-flood S2 imagery, a summer acquisition, was used as a source of additional spectral data. Geographical information system (GIS) layers—a multisource forest inventory, habitat map, and flood hazard map—were used as additional sources of information in assessing the accuracy of and interpreting the obtained results. The spectral signature, geometric and textural features, and vegetation indices were applied in the OBIA process. The result of the work was a developed methodological framework with a high accuracy and speed of production. The overall accuracy of the classification is 94.94%. Based on the conducted research, the usefulness of the C band of the S1 in flood mapping in lowland forests in the leaf-off season was determined. The paper presents previous research and describes the SAR parameters and characteristics of floodplain forest with a significant impact on the accuracy of classification.
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1. Introduction


Floods are associated with high rainfall intensities and occur when recipients cannot receive all the water, causing them to spill over into the surrounding areas [1]. Flooded areas are land susceptible to being inundated by water from any source, which usually presents as low, frequently flooded habitats along the coast on river islands and reefs, usually in the river’s immediate vicinity depending on the micro-relief and in remote areas of the river valley [2]. About 9% of the land area of the Republic of Croatia (approximately 500,000 ha) can be described as a frequently flooded area, which means that there occurs at least one flooding event in a period of three to five years, and part of that area can be considered as wetland habitats [2]. Floodplain forests and rivers are an indivisible whole. In the floodplain, the appearance of forest stands (morphology) and the spatial distribution of wood biomass (structure) are particularly affected by the water regime and edaphic features. Any change in the water regime affects forest stands, especially their origin and dynamics. This impact can be direct (frequency, height and duration of floodwaters, and the occurrence of floodwater freezing) and indirect (spatial and temporal dynamics of soil moisture, groundwater, and precipitation) [3].



For the analysis and management of floods and the assessment of damages, it is necessary to determine the maximum extent of floods [4], so it is extremely important to define the boundaries of flooded areas as quickly as possible [5]. The boundaries of flooded areas can be collected by in situ [6] or remote sensing data [7,8,9,10]. The extent of flooding determined in situ has shortcomings due to the possible limited spatial and temporal resolution data at a significant cost [11].



Remote sensing data such as aerial [12] and satellite imagery [13] as well as other geospatial data [14] are useful in mapping and monitoring wetlands. Aerial imagery is traditionally used [4], with the beginning of this century representing the starting point of the effective application of multispectral and synthetic aperture radar satellite (SAR) imagery in the mapping and monitoring of these habitats [15,16]. Despite the above, the robustness of most of today’s radar satellite sensors is often an obstacle for detailed and accurate mapping of the wetlands; namely, the image resolution is too low [17]. On the other hand, high spatial resolution optical sensors allow more accurate determination of floodplain boundaries [4]. However, the data quality depends on weather conditions [5]; in the case of cloud or fog, the optical sensor cannot provide quality information [11,18]. Additional problems are present in areas overgrown with dense forests covering water surfaces and preventing the penetration of radiation through dense forest canopies [19] and in the case where water surfaces are covered with floating and other vegetation [12].



It is difficult to detect inundation (flooding) under tree canopies (e.g., dense and closed forests) with the optical spectrum, except in cases of an open and incomplete canopy [20]. Satellite overflights often do not coincide with the moment of reaching the extreme value of the analyzed phenomenon when it comes to archival images [5], while for accurate flood detection and associated dynamics, they require a short revisit time (temporal resolution) [17]. Therefore, the absence of additional corrections may result in an underestimated or overestimated size of the flooded area [5,21].



SARs are active sensors that operate in the microwave part of the electromagnetic spectrum. They are considered active because they have an energy source (impulses of a certain wavelength and polarization) that emits and receives backscattering (reflection) of the measured surface [22,23]. SAR remote sensing depends on the availability of SAR scenes and the purpose of a particular mission. Most satellite SAR missions are operational in the X (2.5–3.75 cm), C (3.75–7.5 cm), or L band (15–30 cm) [20,23]. The attractiveness of the SAR is due to the operational advantage of conducting all-day (7/24) imaging [24]. Compared to most other sensors, these advantages allow imaging (monitoring and mapping) of the Earth regardless of weather conditions (clouds, fog, rain, and other weather disasters) and lighting [23,25]. Therefore, they are becoming an increasingly important source of environmental information [26]. Moreover, SAR impulses after emits have an interaction with the observed surface area and then receive backscattering signals that create imagery totally different to optical sensors. Based on that, SAR imagery allows the acquisition of additional data (new information) regarding the environment [27]. Objects in SAR scenes may differ if the associated backscatter components are different and if the spatial resolution is sufficient to distinguish the objects [28].



The strength (intensity) of the feedback signal is expected to increase during the presence of water under the vegetation canopy due to double or multiple interactions between the water surface and the vertical vegetation structure [20]. During the first studies of the application of SAR to the observation of objects on Earth, it was previously observed that floods under the forest canopy could be detected due to increased feedback (scattering) caused by the interaction of water and stems [29]. Therefore, in wet habitats in woody vegetation, the presence of water under the canopy increases the feedback signal, while it is weakened in grassy (herbaceous) vegetation [30]. As floods are often associated with heavy rain (and other atmospheric disturbances), which makes optical satellite data inaccessible [31], SAR sensors have proven to be more suitable than optical instruments in flood detection under forest canopies [7,15,20,29,32].



Due to the ecological complexity of wetland habitats, it is considered useful to use different sensors (imaging in a wide range of the electromagnetic spectrum) to collect diverse data in order to increase the accuracy of classification (mapping) [20]. In this sense, multispectral and SAR data have advantages and disadvantages [16]. Optical data provide spectral characteristics of the measured area and objects, while SAR data provide information on the structure of vegetation, soil moisture, and flooded vegetation [33]. Since each sensor measures different characteristics, it is expected that the integration of optical and SAR data will increase classification accuracy in wetland mapping [16,20].



Thus, SAR systems provide the possibility of continuous data collection, regardless of weather conditions and lighting, which allows the rapid mapping of changes in the environment [31]. In the literature [34,35], the process of creating a map in a short period is colloquially called “fast mapping”. According to Copernicus Emergency Management Services [36], the process is deemed fast when a map is created in less than 12 h from data acquisition to the production of the final product (so-called delineation and grading products). Therefore, the main purpose of this paper is to develop and apply a methodological framework of satisfactory accuracy and acceptable cost and time (speed) for monitoring and mapping of floods in lowland forests using Sentinel-1 (S1) and Sentinel-2 (S2) images.



In the realization of the goal, by integrating S1 and S2 data, we attempted to use the advantages (data and information) of each sensor and increase the accuracy of classification by fusion, a synergy effect. On the other hand, it is necessary to accept, as stated in the review paper [37], that vegetation in the low/moderate stage of growth is mainly considered separately in relation to high vegetation (e.g., forest) due to the different effects of vegetation structure and density on SAR signal intensities. Furthermore, the interpretation of the feedback SAR signal from different objects in the conditions of the existence or absence of flooding continues to be a research challenge [7,32]. Therefore, this paper selects and analyzes the environmentally diverse research area (grasslands, bushwood, agricultural land, and forests of different types and stages) to assess the applicability of Sentinel-1 (S1) and Sentinel-2 (S2) imagery in flood mapping in more complex (heterogeneous) environmental conditions.




2. Materials and Methods


2.1. SAR Parameters and Forest Characteristics for Floodplain Mapping


The application of SAR in the mapping and monitoring of flooded vegetation is based on a proper understanding of the interaction of impulse and vegetative backscattering under certain conditions [32]. Namely, the same observation object in different geographical locations, different periods, or different climate and seasonal variations does not have the same image. Moreover, the signal’s backscattering and the measuring quality of the imaged object also change with the change in the SAR sensor parameters: polarization, wavelength, and local angle of incidence [26,38]. Furthermore, assuming the constancy of SAR sensor parameters, which is true for SAR systems with a repeated trajectory (orbit) [19], the intensity of reflected SAR signals is a function of heterogeneity (roughness) of the measured surface and conductivity and dielectricity of the Earth’s surface [32]. Thus, in the case of SAR sensor constancy, changes in the imagery are conditioned only by variations of the observed object and not by other factors [19]. Water has one of the highest values of the dielectric constant among all-natural substances, and the reflection of soil and plants is largely dependent on water content [26]. In the case of forests, this means that the SAR reflection primarily depends on the forest structure (canopy, density, leaves, trunks, etc.) and associated geometric features and secondarily on the dielectric properties of the imaged forest [39].



The characteristics of the observed object and sensor parameters, namely, the wavelengths, frequency, polarization of the transmitted and received signal, incidence angle, and direction of observation, determine the strength of the feedback signal (scattering) [38]; therefore, they must be taken into account when interpreting and analyzing the SAR data [7,19]. Researchers [7,30,40,41,42,43] have described the interaction of SAR impulses with forest and forestland. In this regard, the authors of [41] describe the interaction of the forest and the L band, which consists of the following: (i) diffuse scattering from the forest floor, (ii) volume scattering from the forest canopy, (iii) scattering from the canopy signal to the soil and trunks, and (iv) specular reflection from the forest soil and trunks (Figure 1).



The authors of [4,7,13,32,37,38,44] indicate that composite feedback SAR signal (Figure 1) increases in the flooded forest compared to non-flood conditions. The basic explanation of the increased (amplified) feedback signal of flooded forests is the double-bounce reflection (rectangular or full). It is a complex phenomenon that depends on microwaves’ ability to transmit energy through a forest canopy. In the case of penetration through the forest canopy to the trunks, this reflection additionally depends on the existence of vertical reflection, respectively, the interaction between the surface (in this case, water) and the stand layer of trunks (dihedral angle), which scatter energy in the direction of the SAR antenna [43].



It should be borne in mind that there are transitions (forest edges–semi-forested areas) between low and sparse woody vegetation to high forest, and that the forest is a heterogeneous system in which there are groups of trees or stands of lower height and low density, sporadically or over a larger area. In these relationships, increased rectangular reflection is not expected because the trees are low, the associated trunks are short and small in diameter, and the dominance of double-bounce reflection is absent [42,45]. The described conditions present a disturbance in the detection of flooding in the forest by the SAR because the feedback signal’s strength is in the transition between open flood (submerged area) with weak feedback and flooding under the forest canopy with strong feedback.



It is important to note that this phenomenon predominates in longer wavelength sensors (L band) with HH polarization; for this reason, the combination of these two parameters is considered most expedient in forest flood detection [37,42,46]. In shorter wavelength sensors—the C and X bands—volume scattering of signals from the tree crown significantly attenuates or completely prevents penetration through the forest canopy, thus eliminating vertical reflection [41]. In general, longer wavelengths have a greater capacity for the SAR signal to penetrate vegetation (forest) canopy.



In particular, some authors are of the opinion that microwaves of shorter wavelengths (C and X bands) are not useful in mapping or monitoring forest floods [17,30,42,46,47]. Namely, the main disadvantage of the C band in flood mapping under the forest canopy (Figure 2) is the attenuation of the signal from the canopy (leaves and needles) of trees or the insufficient wavelength [20,29]. On the other hand, studies have been published confirming the acceptability of C and X bands in flood detection under a forest canopy. In these papers, the authors describe the forest’s structural characteristics and seasonal predispositions in which the double-bounce phenomenon can be realized. In this sense, the author of [43] affirmatively expresses the application of C bands in flood detection in forests and states that it is necessary to determine the stand structure and conditions under which floods can be detected using SAR C band VV sensors. In former research [43], the author emphasizes that elements that attenuate the microwave signal as it passes through the forest canopy should be considered as well as those elements under the canopy that amplify rectangular backscattering. Using the ERS1 C band VV sensor, it was determined that a high stand basal area, greater heights from the bottom of the canopy, and openness of the layer under the canopy increase the backscattering in the flooded forests of the investigated area. Interestingly, the author did not determine a significant impact of the forest canopy (measured: leaf area index, crown closure, and canopy depth), which the author himself considers an unexpected result [43].



In general, the result is considered more reliable in sparse vegetation [48] or leaf-off conditions [20,30,43,49,50,51]. Exceptionally affirmative results of the use of X band in the detection of flooded forest have been presented in the research of [29,45] using TerraSAR-X and Cosmo Sky-Med data.



Polarization represents the orientation of the electromagnetic field vector with respect to propagating the SAR signal. Polarization in conventional (single-polarized) SAR systems is horizontal (H) and/or vertical (V) and the signal can be transmitted and received as co-polarization (HH or VV) and cross-polarization (HV or VH). Dual SAR systems transmit either the H- or V-polarized signal and receive both feedback signals (HH and VV, HH and HV, and VV and HV). SAR systems with a full polarimetric system transmit H- and V-polarized signals alternately and receive both orthogonal polarizations (HH, VV, and HV and VH) [26,28].



In the mapping of flooded forests using conventional (single-polarized) SAR systems, reference is made to using HH polarizations versus VV polarization [32,43,48]. Namely, the rectangular reflection’s contribution (appearance) (double bounce) in the trunk–surface interaction is weaker in VV polarization. Dual SAR systems are useful for generating data and information from two polarizations ratios [37]. In general, the use of more advanced SAR systems and different polarization combinations opens up opportunities for obtaining new data (Table 1). Therefore, in the process of flood monitoring and mapping, the choice of the appropriate polarization is of paramount importance.



The incidence angle is defined as the angle between the direction perpendicular to the Earth’s surface and the incident SAR impulse [26]. Depending on the satellite sensor, the angles of incidence range between 10° and 65°; the larger angles of incidence are marked as shallow, and the smaller angles are steep [37]. A steeper angle of incidence is considered more suitable for flood mapping in forests due to the canopy’s shorter path. Namely, in this case, the transmission of the forest canopy is increased, and, as a result, a more frequent interaction between the trunks and the surface is enabled (the appearance of rectangular reflection). By contrast, a shallow incidence angle increases interaction with the forest canopy and consequently increases volume reflection [48,50]. Thus, the impact of the incidence angle on SAR data quality is significant [38].



In addition, the strength of SAR backscattering is conditioned by the state of the environment and flooded vegetation (community, biomass, phenology, soil moisture, water depth, etc.) [37]. Furthermore, the SAR is sensitive to soil moisture and water in vegetation, open water, and water under the forest canopy. As such, the increase in moisture in the soil and vegetation increases the backscattering. In addition to the moisture element, the horizontal and vertical stand structure significantly influences the backscattering [19]. The capacity of all SAR systems (including the L and P bands) to penetrate a forest canopy may be reduced or completely absent depending on tree density, the density of canopy, and tree height. Namely, SAR backscattering is correlated with the biomass as the wavelength increases, and the biomass is also correlated with the saturation point [52], where it is no longer possible to detect flooding under the forest canopy. In this case, the volume reflection completely covers (superimposes) the double-bounce reflection, i.e., the interaction between the trunks and the water surface. Consequently, the saturation point depends on the described SAR parameters and forest structure. In this regard, the phenology of vegetation and the presence of leaves (leaf-on/leaf-off conditions) play extremely important roles [37].




2.2. Study Aarea and Data


The research area (ha) is located in the central part of the Republic of Croatia. Specifically, the research covers a wider area of two forest management units: “Kutinske nizinske šume” and “Lonja”, which are located within the boundaries of the largest Croatian floodplain in the Lonjsko Polje Nature Park (Figure 3). This is an area of highly valuable forests of pedunculate oak, narrow-leaf ash, alder, and accompanying species. One of the largest and best-preserved wetland habitats in Europe is the Sava alluvium, where the Lonjsko Polje Nature Park is located. The peculiarity and value of this Nature Park regard the specific water regime in which periodic floods have a special place. Due to the small fall of the Sava riverbed, floodwaters in the hinterland, especially in depressions, linger for a long time. Floods usually occur in the autumn and spring and less often in the summer. In accordance with such water dynamics, distinctive flora and fauna developed [53].



To determine the flood’s timeframe and the water level during the observed period, water level data collected from the closest measuring station Mužilovčica were used (Figure 4). The measuring station was located near the study site and collects water level data in temporal resolution on a daily basis. Water level data used in the research were provided by the authorization company. The winter flood was also documented in photographs collected in the field (Figure 5).



For this research, S1 (VV and VH) and S2 (B4—red, B3—green, B2—blue, B8—near-infrared—NIR) imagery provided by the European Space Agency (ESA) were used (Table 2). All imagery were downloaded from ESA’s Copernicus Open Access Hub (https://scihub.copernicus.eu/dhus/, accessed on 14 April 2020).



The selection and download of Sentinel imagery in terms of the date of acquisition is defined by the occurrence of floods, i.e., the highest water level at the measuring station Mužilovčica in the Nature Park (Figure 4). Namely, flood mapping requires two sets of substrates and data that, in addition to satellite or aerial images, also contain hydrological measurements: the reference state is represented by the first set acquired before the flood, while the second set was acquired at the time (or at least immediately after) of extreme water levels [5].




2.3. Methods


This section describes imagery preprocessing procedures, object-based image analysis (OBIA), optical and SAR data fusion, classification methods, geographical information system (GIS) layers, and accuracy assessment. The research workflow is shown in Figure 6.



2.3.1. Preprocessing


Sentinel-2 imageries were downloaded in the L2A preprocessing level form ESA’s Copernicus Open Access Hub, and they were atmospherically precorrected [54].



Sentinel-1 imagery needs preprocessing before is application [16]. Preprocessing of the SAR imagery was conducted in the open-source program Sentinel Application Platform (SNAP, version 6.0) and Sentinel-1 Toolbox (S1TBX) developed by ESA (European Space Agency, Paris, France). All preprocessing steps are described in detail below:




	
Read;








Load downloaded imagery in the SNAP program.



	2.

	
Apply–Orbit–File;







The metadata information of SAR products that contains orbit state vectors is generally not accurate. Precise satellite orbits are determined after a few days and are available days to weeks after product generation. The operator who applies the precise orbit available in SNAP allows automatic download and update of the orbit state vectors for each SAR scene in its product metadata, providing accurate satellite position and velocity information [55].



	3.

	
Calibration;







For the quantitative usage of the S1 Level-1 imagery, radiometric calibration must be applied [31]. Calibration is the procedure that converts digital pixel values into radiometrically calibrated SAR backscatter [55] so that the pixel values represent the radar backscatter of the reflected surface [56]. In this research, raw signals from the GRD products were calibrated to the sigma naught (σ0) backscatter intensities.



	4.

	
Terrain Correction (SRTM 1 s HGT and Biliner Interpolation);







Due to topographical variations of a scene and the satellite sensor’s tilt, distances can be distorted in SAR images. Image data that are not directly at the sensor’s nadir location will have some distortion. Terrain corrections are intended to compensate for these distortions so that the geometric representation of the image will be as close as possible to the real world (SNAP Toolbox). Terrain correction corrects SAR geometry effects, such as foreshortening, layover, and shadows [57]. For terrain correction, a range Doppler terrain correction with a digital elevation shuttle radar topography mission (SRTM) 1 s model was used.



	5.

	
Linear to/from dB;







The unitless backscattering coefficient is converted to decibel using a logarithmic transformation. Equation: βodb = 10 * log10 (βo); where βo is the digital number value of the image, and βodb is the backscattered value in dB.



	6.

	
Speckle filtering;







Due to the coherent mode of backscattered signal, processing speckle noise cannot be avoided and will be present in SAR images [31]. The speckle on the image complicates the interpretation problem enormously [58], causing difficulties for both manual and automatic image interpretation [59], and it should be reduced before performing any analyses [57]. The products were filtered with a 5 × 5 window-sized Lee Sigma filter [60].



	7.

	
Write;







Preprocessed imagery was saved to the hard drive.




2.3.2. Object-Based Image Analysis (OBIA)


According to the available literature, OBIA appears to be increasingly popular in the scientific community [61]. The authors of [62] define OBIA as a series of process steps, where remote sensing data analysis is applied in the recognition (segmentation), determination (classification), accuracy assessment, and analysis (changes, comparisons, and mappings) of semantically defined spatial entities. The starting point of the analysis is not individual pixels but spatial objects. In combination with machine learning classification methods (random forest (RF) and support vector machines (SVM)), the ability to integrate data from different sources (aero and satellite data of different spatial resolutions and GIS layers), and expert knowledge [14,63], OBIA outperforms pixel-based classification in mapping accuracy [15].



Segmentation is considered a key and first step of OBIA [14,44]. It is the process of dividing imagery into segments or objects with a certain number of pixels. Each object created in the segmentation process is characterized by shape, size, color, and a topological relationship with neighboring objects [64]. Each object also contains attribute features based on spectral, geometric, textural, and contextual properties [14]. In the process of dividing the imagery into segments, there are problems of over-segmentation and under-segmentation. With excessive segmentation, the imagery is segmented into an unnecessarily large number of segments, which does not necessarily directly affect the classification, because correctly classified polygons (segments) can be subsequently merged during post-editing. By contrast, underestimated segmentation, i.e., an insufficient number of segments, affects the classification because image details are missing (not recognized) [62,65].



There are no rules, guidelines, or criteria for determining optimal segmentation. The procedure is mainly performed to change the multi-resolution parameter values, and the operator evaluates the acceptability of the segmentation. OBIA was performed using PCI Geomatica Banff 2019 software (PCI Geomatics, Ontario, Canada)—object-based module [66]. Segmentation was performed on the VV scene through a series of attempts, adhering to the above recommendations [62,65] on the impact of segmentation of the classification results. The segmentation optimum was defined by the following values: scale = 100, shape = 0.8, and compactness = 0.9. For each segment (polygon defined by segmentation), the following were calculated: statistical, geometric, and textural features and vegetation indices (Table 3).



Statistical attributes were calculated from pixel values, while object boundary analysis was used to calculate geometric features. Second-order textural features were calculated from the grey-level co-occurrence matrix (GLCM).



The strong contrast of radiation absorption in the visible and infrared regions of the spectrum allows the creation of quantitative indicators of the vegetation condition. Quantitative combinations are called vegetation indices [67]. Four vegetation indices (Table 4) were used for the attribute calculation of each segment (polygon). Described by [68], the normalized difference vegetation index (NDVI) is one of the most commonly used vegetation indices [69,70]. It is considered effective in the classification and assessment of vegetation cover [71,72]. It is based on the contrast between maximal absorption in the red region due to chlorophyll pigments and maximal reflection in the infrared region, caused by the leaves’ cellular structure [69,73]. The green/red vegetation index (GRVI) is a normalized ratio of green-to-red reflection, and it is useful in measuring and monitoring biophysical values, stand parameters, and vegetation health [74,75,76]. To take into account changes in the soil’s optical properties, appropriate indices have been developed [69]. The most significant index for these needs is the soil adjusted vegetation index (SAVI) [77], which was developed to enhance the sensitivity of NDVI to soil backgrounds [70]. The modified chlorophyll absorption ratio index improved (MCARI2) was developed by [69] as an improved version of the chlorophyll absorption ratio index and the modified chlorophyll absorption ratio index for the purpose of estimating the green leaf area index from remote sensing data.



For each segment (polygon) created in the process of segmentation of the VV imagery, four statistical (minimum, maximum, mean and standard deviation) and five textural features (window size 3 × 3; mean, standard deviation, entropy, angular second moment, and contrast) were calculated for S1 and S2 data. The mean values of vegetation indices were calculated using R, G, and NIR bands (Table 3). Nine geometric features (compactness, elongation, circularity, rectangularity, convexity, solidity, form factor, and major and minor axis lengths) were obtained for each segment.




2.3.3. Sentinel-1 and Sentinel-2 Data Fusion


Due to the weaker radiometric resolution, the visual interpretation of individual SAR imagery is more demanding compared to optical imagery [57], and the recognition of more discrete tones and associated objects is limited [78]. On the other hand, as previously stated, optical data are limited in application due to weather conditions and canopy density. In this paper, the usability of the S2 imagery in the late autumn and winter in the resolution of objects is significantly reduced (or unusable) due to adverse weather conditions, which is especially pronounced in the flood season. Using multi-temporal SAR data and fusing with optical data, a new, expanded set of multispectral data is obtained, where an improvement in accuracy classification is expected [21]. Therefore, the S2 imagery from the summer (31 August 2019, acquisition before the flood and leaf-on period) was used as a source of additional data (information) [72,79] and for the expected improvement to the classification results. The basic goal of fusing data from different sensors (in this case, S1 and S2) is to obtain data that cannot be obtained with one type of sensor and thus reduce the error or increase classification accuracy [58,79]. Based on this notion, we decided to use one temporal closest and monitored in advance flood S2 clear sky imagery in the leaf-on period. Various examples of the fusion S1 and S2 data in wetland monitoring and mapping can be found in published papers [16,17,57,80].



VV polarization has a stronger double-bounce reflection in relation to VH and is sensitive to flood conditions and soil moisture [27,48,81]. A better resolution of the boundaries (contours) of flooded forests from non-flooded areas using VV in relation to VH polarization was also determined by visual inspection. For these reasons, the VV imagery was initially segmented and classified using statistical and geometric features (Level 1). Cross-polarizations are sensitive to biomass and are useful in distinguishing woody from herbaceous vegetation [81]. Therefore, in the second step, statistical features of VH imagery (Level 2) were added to the input of the classification. At the next level (Level 3), S1 and S2 textural features were added. Finally, vegetation indices (Level 4) and statistical features S2 (Level 5) were added to the classification input. The five above-described approaches were used for the fusion of S1 and S2 scenes and classification, i.e., flood mapping (Table 5).




2.3.4. Image Classification


Machine-learning (ML) algorithms can generally model complex class signatures, accept a variety of input predictor data, and do not make assumptions about the data distribution (i.e., they are nonparametric) [82]. Today, the most popular ML algorithms are random forests and support vector machines (SVMs) [80]. SVM is an ML methodology that is used for the supervised classification of high-dimensional data. SVM is considered to be an effective and very popular ML classifier suitable for the classification of remotely sensed data, especially for the OBIA approach [83]. The objective of the SVM is to find the optimal separating hyperplane (decision surface and boundaries) by maximizing the margin between classes, which is achieved by analyzing the training samples located at the edge of the potential class. When two classes are not discriminable linearly in a two-dimensional space, they might be separable in a higher dimensional space (hyperplanes). The kernel is a mathematical function used by the SVM classifier to map the support vectors derived from the training data into the higher dimensional space [66]. In land cover classification studies, the radial basis function kernel of the SVM classifier is commonly used and shows a good performance [84], so that kernel was applied.




2.3.5. Geographical Information System (GIS) Layers


The use and fusion of data and information from different (in situ measurements, thematic GIS layers, and optical and SAR data) sources (multisource data) are relevant procedures in monitoring and mapping wetlands [33]. Accordingly, in order to adhere to the accuracy assessment protocol, visual interpretation of scenes, and interpretation of the obtained results, the following thematic layers were used: stand class, age class, and density of the areas of two forest management units (Table 6). The state map of habitat types [85] and flood hazard maps [86] were used for the entire area. The basis for the creation of thematic layers—stand class, age class, and density—is the official multisource forest inventory. A habitat map is a spatial representation of the distribution of individual habitat types in the territory of the Republic of Croatia. The main mapping method was the analysis of Landsat ETM+ satellite images combined with other data sources (aerial images and literature data) and fieldwork. Flood hazard maps contain an overview of the possibilities for developing certain flood scenarios and were developed within the IPA 2010 Twinning project.




2.3.6. Accuracy Assessment


The number and names of classes were defined based on terrain reconnaissance, GIS layer analysis, and S1 and S2 imagery interpretation. Six (6) classes were defined: flooded forest, open water, non-flooded lowland forest, hill forest, settlement, and agricultural land (Table 7).



Accuracy assessment or validation is a measure of the agreement between a presumed standard that is considered accurate and image classification of unknown accuracy [66]. Accuracy assessment was performed in three steps: sampling design, responsive design, and analysis [65,87,88,89,90,91]. Samples—segmented polygons for training and validation (reference data)—were randomly selected throughout the area. In the process of the training and labelling of class names for individual polygons, SAR data and S2 data from the summer period were used as a basis for segmented data.



The principle of the independence (separation) of samples for training and validation [88,91] was acquired, and each individual sample belonged to either a training set or a test set of a certain class. The possibility of overlapping samples was also eliminated by the PCI Geomatica software solution (PCI Geomatics, Ontario, Canada). The data for validation (reference data) should be of higher quality than the data used in the creation of the map, or the process of selecting reference data should be performed more precisely and accurately in relation to sampling [87,88]. For this reason, the procedure of labelling polygons, selected for accuracy assessment, was carried out by interpreting all satellite images and applying GIS layer information. It is also evident that if the map being evaluated has the characteristics of a polygon, polygons are also used in the accuracy assessment [92]. The number of polygons, areas, and the ratio of samples for training and validation by individual classes are shown in Table 8.



The construction of a confusion matrix or error matrix is considered to be the basis of quantitative analysis in remote sensing [93]. The confusion matrix compares estimated (classified) and reference data [31] and is used to calculate other statistical measures in assessing the accuracy of classification [94]. The following measures were calculated in the paper: overall accuracy, overall kappa statistic, quantity disagree, allocation disagree, producer accuracy (PA), user accuracy (UA), and kappa statistic as an accuracy measure of individual classes [66,95].



To obtain additional information, color SAR data can be generated by fusing with optical sensors or using multi-temporal SAR data [58]. Following this sequence, multi-polarization and temporal color composites (Figure 10) were created by joining VV, VH, and VV/VH imagery with RGB colors in accordance with the recommendation of [19]. Visual inspection and interpretation [93] of the produced color composites were performed. The S2 imagery from the winter period (acquisition from 3 January2020 for a sunny day at the time of the flood) was vectorized by thematic areas (Figure 7) and applied in comparison with the classification results (Figure 11).






3. Results


The results refer to the visual and digital interpretation of VV and VH data and color composites, the interpretation of statistical indicators of accuracy, and the classification map presentation (Level 5).



Visual interpretation and comparison of VV and VH imagery from two different periods show the identification of open water surfaces reflected in dark colors in both periods (Figure 8), which was to be expected given the introductory theory of SAR technology and cited literature [23,27,38]. In the winter period, the identification of open floods and flooded and non-flooded forest areas was enabled and implemented by interpreting the VV imagery. Open floods are shown in dark (black) colors and are easily identified, while flooded forests are reflected in the light and light grey tones depending on the structure of the forest. Darker grey values refer to non-flooded lowland forests. Examples of VV histograms (shown in decibels) for the main three classes (open water, flooded forest, and non-flooded forest) during the winter flood are shown in Figure 9.



Color composites—one multi-polarizing during the spring flood and two multi-polarizing and temporal during the winter flood—are shown in Figure 10. By applying this digital image analysis technique, the obtained color composites become functional in the interpretation of flooded areas. The possibility of visually identifying the extent of floods and the detection of open waters and flooded and non-flooded forest areas for both vegetation periods was improved.



Figure 11 shows the final product—the floodplain classification map (Level 5). Visual inspection and a comparison with the S2 imagery (3 January 2020) show a high correlation between the classification map and manual vectorization (Figure 7). Moreover, the congruence with the color composites is evident (Figure 10).



Based on the classification results, a positive trend in the values of static accuracy indicators can be seen (Table 9). The highest values of OA (94.94) and kappa coefficient (0.94) were determined for Level 5. By introducing additional features in the classification process, i.e., by merging SAR and optical data, the OBIA property is useful, which indicates that the improvement of classification results [15] is also confirmed by the subject paper.



Table 10 shows the total statistical classification indicators and the confusion matrix for Level 5. The values of the producer’s accuracy, user’s accuracy, and the kappa coefficient within a particular class indicate a high agreement between classified and reference data (Table 10). It should be noted that the visual inspection [93,96] of the classification map determined that there are smaller additional areas (polygons) that are not included in the statistical analysis and that are incorrectly classified. These are boundary polygons between two classes, such as misclassification of unstocked timberland with agricultural land, misclassification of non-flooded lowland forests with hill forests, or misclassification of smaller settlements (which are not the whole polygon) with agricultural land.



Optical imagery (and the associated analysis) is limited in distinguishing individual polygons (classes) by the similarity of their spectral reflection [13,97,98]. In SAR data, individual polygons do not differ in backscattering components to the extent that would result in class separation [28]. These small classification glitches are eliminated as needed in the process of post-editing and improving the classification map by applying software capabilities (PCI Geomatica Banff, PCI Geomatics, Ontario, Canada) and using additional information (GIS layers).




4. Discussion


For operational reasons, it is considered useful to single out two practical recommendations here. First, in operational situations, regional flood monitoring in forests is carried out using available SAR sensors or missions that cover the area of interest [38]. Second, in the analysis and assessment of the applicability of SAR C bands in the detection of floods in the forest (under the forest canopy), the fact that continuously overgrown forest areas are in fact not infrequently heterogeneous should be taken into account. This implies that despite the uniform composition of tree species as well as similar orientation, size, and leaf shape, the spatial diversity (variation) in the basal area, number of trees, and height of trees can be significant factors in enabling flood detection in forests [43].



In line with the first recommendation, S1 data (and data from other Sentinel missions) are free and available to all citizens and organizations worldwide, without any restrictions on the distribution, processing, and exchange of data [96,99]. These qualities made this sensor, among other purposes, available for the monitoring and mapping of natural disasters, which was conducted in this study on the example of flood mapping in the area of lowland forests. With regard to the second recommendation, the heterogeneity within a single stand and primarily between stands and stand structural elements (mixture ratio, spatial distribution and number of trees, basal area, volume, diameters, degree of canopy cover, age, etc.), in this case, can be considered a significant and decisive factor in flood detection. Therefore, in monitoring and mapping floods in the forest area with the benefits of SAR and optical satellite imagery, it is useful and almost necessary to have GIS information (Section 2.3.5.), which was confirmed by this study. According to the possibilities, the recommendation is to develop a continuous model of spatial variation (a so-called spatial distribution map) on the condition and structural elements of stands [100], which further improves the ability to detect and monitor floods and interpret the backscatter.



Greyscale imagery commonly represents the backscattering of SAR interaction with surface. Dark tones refer to weaker backscatter and light tones refer to high backscatter [11,101]. Due to the observation of the Earth’s surface at a certain angle from the nadir (side-looking radar) and the effect of specular reflection in open and calm water surfaces, radar radiation is reflected in the direction away from the sensor, and the backscatter is low or non-existent [15,26]. Therefore, open water surfaces are displayed in dark values and are easy to distinguish from non-flooded surfaces by visual interpretation or the application of simple threshold methods [45], which was confirmed by this study. The histogram of open water surfaces is shown in Figure 9a.



For non-flooded lowland forests, the tonality of imagery, the form and distribution of the histogram data are between the tonality of the imagery and the data for open water surfaces and flooded forests. It is evident that there is an overlapping space between the histograms of flooded and non-flooded forests (Figure 9). The overlap area is explained by the fact that the soil in the surrounding non-flooded forests is significantly soaked with water, which increases the backscatter due to the increase in the soil dielectric constant, thus reducing the differentiation of flooded forests from non-flooded forests [30,45].



Flooded forests are not reliably distinguished by visual (there are no noticeable differences in the grey value) interpretation of the scene with leaves (leaf-on period during the spring flood), which is especially true for the VH imagery. In the winter period, the identification of open floods and flooded and non-flooded forest areas is enabled by visual interpretation, analysis of the VV imagery, and, to a lesser extent, by the analysis of VH data. For this reason, segmentation was applied to VV data.



The histograms of flooded forests refer to forests of normal (above 0.80) and infrequently less than normal (0.50 to 0.80) density, I. and II. site quality, respectively. In general, these are medium-dense to denser stands with tall trees of good quality and long trunks and a multi-meter (>5 m) range from the water surface to the bottom of the canopy (first branches) (Figure 5). The density of canopies is incomplete and sparse. The form and distribution of histogram data correspond to the brightest imagery. Thus, the light tones of flooded forests in SAR imagery are the result of the previously described condition (conditio sine qua non) that was achieved, which is the appearance of a rectangular reflection between the water surface and the trunks in the forest [13,19,42].



In order to increase the quality of the input data (in case of unsatisfactory accuracy), additional data were added to the polygons created in the segmentation process or at different levels of analysis [15]. Here again, the addition (Level 2) and the fusion process of S1 and S2 (Level 3, 4, and 5) data increased the accuracy of the classification (Table 9), which is consistent with previous research by [20,21,44,58].



The overall accuracy of the classification is 94.9. In accordance with scientific practice in previous research [90], the accuracy should be compared with the average of previous studies of OBIA application in the wetland classification, which, according to [44], is 84.6%. The kappa classification coefficient is 0.94. Kappa coefficient values are considered to be between 0.41 and 0.60 for moderate accuracy in classification, 0.61 and 0.8 for high accuracy, and greater than 0.80 for very high classification accuracy [102]. With regard to the three classes (A, B, and C) that are the focus of the paper (Table 10), the complete statistical accuracy for the open water classes (B) is evident. For the class of the flooded forest (A), the indicators of user accuracy and producer accuracy are 0.9 and 1.0, respectively. For the class of non-flooded lowland forest, the indicators of user accuracy and producer accuracy are 1.0 and 0.9, respectively. Considering the statistical results of the classification and comparable reference indicators, very high accuracy of classification was achieved.



One of the main advantages of OBIA over pixel-based methods is that, in addition to the use of spectral signature, it allows the inclusion of geometric, textural, and contextual features (attributes) of an object [14,63,103]. According to [44], of these features, spectral signature and their derivatives (e.g., vegetation indices) are commonly used in optical and SAR sensors and are considered more significant than non-spectral attributes in flooded forest mapping procedures and other types of wetlands. Among non-spectral features, the actual contribution of textural measures is still not sufficiently elucidated, while geometric features are least commonly used in OBIA wetland habitats. The previously described [44] significance (influences) of individual attributes on the classification result is considered acceptable in part related to spectral and geometric attributes, in this study, adding textural attributes to objects improved the classification result (Level 3). Namely, texture measures calculated on first-order histogram data (statistical measures) have drawbacks because they do not provide information on the relative relationship between pixels [104] and are therefore limited in application to more complex problems [105]. Of course, second-order histogram texture features can be used to overcome some of these limitations, and they have been successfully used in the segmentation and classification of different aerial and satellite imagery [106]. The paper did not aim to determine the significance of individual input elements (attributes) on the classification results. In this regard, it should be noted that the shortcoming of SVM is the lack of interpretability of the model in terms of inference with the input variables [107].



According to review papers on the application of OBIA [44] and SAR data [18,32,37,38,42], as well as the mentioned research papers on the monitoring and mapping of floods under the forest canopy, it is clear that the use of SAR bands of longer wavelengths is more useful. The reason for this is the signal capacity of the longer wavelength (L and P bands) to penetrate the vegetation canopy, especially in dense forest areas [15,17]. The possibility of penetration is more significant when the wavelength of the signal is longer than the size of the leaf [13]. Additionally, in mapping flooded forest areas, the best results are achieved using HH polarization [40,41,46] and a steep inclination angle [42,50]. In this regard, [29], comparing three SAR sensors (L, C, and X bands), we suggest that the use of the C band (Envisat ASAR) in forest flood detection is a good compromise between the ALOS PALSAR L band (detects flooding under dense forest canopy but less so in open water surfaces) and TerraSAR-X band (low forest penetration capacity but high spatial resolution). Therefore, while the general assessment of the usefulness of individual SAR sensors in flood mapping is not easy to conduct, their mutual competitiveness should be considered.



By creating multi-polarization and temporal color composites (Figure 10), the visual interpretation of VV and VH imagery in both time periods—spring with leaves (leaf-on) and winter without leaves (leaf-off)—is improved (differences are more noticeable). Similar findings were reported by [30], who state that the false-color images created from multi-date ERS1 SAR can aid in the discrimination of different wetland communities as well as by [29] using an RGB composite of three different SAR sensors in the visual interpretation and analysis of forest flood detection.



Regarding the time of making a flood map, it is important to point out that it depends on computer performance, applied software solutions in image preprocessing and object analysis, and specific knowledge and skills of the operator. Namely, OBIA achieves better results, but the application requires specialist software and user knowledge [108]. Moreover, the knowledge and skills of the operator in the interpretation and analysis (visual and digital) of SAR (primarily) and optical images, as well as knowledge of the characteristics and condition of the observed environment, are necessary [37,109]. The time required to produce a reliable flood map and to interpret results for similar environmental conditions in less than 12 h must be considered in addition to meeting the above requests. Accordingly, the procedure applied is considered fast.




5. Conclusions


The study investigated and presents flood mapping in a wide area of lowland forests in the central part of the Republic of Croatia. The focus of the research was (i) to take advantage of Sentinel mission data, (ii) to develop an operational framework for high accuracy and speed of production, (iii) to determine the usefulness of SAR (VV and VH) data in forest flood mapping, (iv) to improve classification accuracy by data fusion, and (v) to apply OBIA. For this purpose, SAR data during the flood period and optical data before the flood were fused. Depending on the amount of input data, the approach was evaluated at five levels. In the first and second level, statistical (calculated only by means of the first-order histogram data) and geometric VV and VH data were used. The total accuracy of the first and second level was 72.15% and 77.22%, respectively. By introducing textural SAR and optical features in the third and vegetation indices in the fourth level, the overall accuracy increased to 87.34% and 89.87%, respectively. At the fifth level, statistical characteristics of optical bands were added, and an overall accuracy of 94.94% was achieved. Based on statistical indicators of classification results, visual interpretation of imagery, color composites, and histograms, the usefulness of S1 data in flood analysis and mapping in lowland forests was determined, especially in the leaf-off period. Full operability and high classification accuracy were achieved by fusion SAR and optical data. The presented procedure with high operability is considered fast in terms of spent production time. This result is supported by previous research on the application of C bands in forest flood monitoring and mapping. The results and observations of our research presented in this paper open up new areas of research (studies). Therefore, research should focus on mapping and monitoring (e.g., dynamics) of flooding under a forest canopy in vegetation periods with leaves (leaf-on). The use of multitemporal SAR and optical data in this regard, as well as data from other sensors, is recommended. In addition, research can be focused on determining the significance of individual input features in increasing the accuracy of classification by applying other machine learning methods (e.g., random forest).
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Figure 1. Four essential components of backscatter from forest stand [41]. 
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Figure 2. Theoretical scattering of C band energy from vegetation landscape [20]. 
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Figure 3. (a) Location of the study area; (b) study area with example subset location; (c) example subset for visual assessment (background: true-color composite of Sentinel-2 imagery; bands: B4-B3-B2, acquisition date: 5 January 2020). 
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Figure 4. Water level of the measuring station Mužilovčica (data were obtained from the hydrological database of Croatian Meteorological and Hydrological Service). 
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Figure 5. Winter flood at the study site (photographs were obtained by the district forestry officer). 
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Figure 6. Research workflow. 
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Figure 7. Winter flood in leaf-off period vectorized by Sentinel-2 imagery (3 January 2020, bands: B4-B3-B2) for visual assessment. 
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Figure 8. Sentinel 2 imagery (bands: B4-B3-B2) for visual interpretation of a study site (a) before the flood in the leaf-on period (31 August 2019) and (b) the winter flood in the leaf-off period (3 January 2020). Synthetic aperture radar (SAR) imagery of the flooded area in the leaf on-period (22 May 2019): (c) co-polarization and (e) cross-polarization; leaf-off period (5 January 2020): (d) co-polarization (f) cross-polarization. 
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Figure 9. VV histograms (shown in decibels) for the main three classes during the winter flood for two randomly selected polygonal samples that represent: (a) open water; (b) flooded forest; (c) non-flooded forest. 
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Figure 10. Color composites of the flooded area in spring (leaf-on) and winter flood (leaf-off). RGB (red, green, blue) color composites are created based on three different rasters (e.g., VV, VH or VV/VH) that are highlighted on the left. 






Figure 10. Color composites of the flooded area in spring (leaf-on) and winter flood (leaf-off). RGB (red, green, blue) color composites are created based on three different rasters (e.g., VV, VH or VV/VH) that are highlighted on the left.



[image: Forests 12 00553 g010]







[image: Forests 12 00553 g011 550] 





Figure 11. Flood area classification map, Level 5. 
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Table 1. Relative scattering strength of individual bands by polarization [27].
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	Scattering Type
	Polarization 1





	Rough Surface Scattering
	|SVV| > |SHH| > |SHV| or |SVH|



	Double-Bounce Scattering
	|SHH| > |SVV| > |SHV| or |SVH|



	Volume Scattering
	|SHV| and |SVH|







1 S = signal strength.
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Table 2. Satellite imagery metadata and purpose of use in the research.
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	Sensor
	Acquisition Date
	Sensor Mode
	Freq. Band
	Spatial Resolution
	Processing Level
	Forest Condition
	Purpose of Use





	S1
	22 May 2019
	IW/VV/VH
	C
	10 m
	GRD
	Leaf on
	Visual Assessment



	S1
	6 November 2019
	IW/VV/VH
	C
	10 m
	GRD
	Leaf off
	Visual Assessment



	S1
	5 January 2020
	IW/VV/VH
	C
	10 m
	GRD
	Leaf off
	Forest Flood Mapping



	S1
	29 January 2020
	IW/VV/VH
	C
	10 m
	GRD
	Leaf off
	Visual Assessment



	S2
	31 August 2019
	MSI
	B2, B3, B4, B8
	10 m
	L2A
	Leaf on
	Forest Flood Mapping



	S2
	3 January 2020
	MSI
	B2, B3, B4, B8
	10 m
	L2A
	Leaf off
	Visual Assessment
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Table 3. Attribute calculations.






Table 3. Attribute calculations.





	
Band/Indices

	
Statistical

	
Geometrical

	
Texture

	
Vegetation Indices






	
VV

	
✓

	
✓

	
✓

	




	
VH

	
✓

	

	
✓




	
R

	
✓

	
✓




	
G

	
✓

	
✓




	
B

	
✓

	
✓




	
NIR

	
✓

	
✓




	
S2 (R, G, NIR)

	
✓

	

	
✓
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Table 4. Vegetation indices used for attribute calculation.
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	Indices
	Equation 1
	Reference





	GRVI
	   GRVI =   G − R    G + R      
	[74]



	NDVI
	   NDVI =   NIR − R    NIR + R      
	[68]



	SAVI
	   SAVI =    (  NIR − R  )     (   NIR + R + L   )    ⋅  (  1 + L  )  ;     L = 0.5   
	[77]



	MCARI2
	    MCARI 2  =   1.5 ⋅  [  2.5 ⋅  (  NIR − R  )  − 1.3 ⋅  (  NIR − G  )   ]         (  2 ⋅ NIR + 1  )   2  −  (  6 ⋅ NIR −  R 5   )  − 0.5       
	[69]







1 In equations, G represents Sentinel-2 B3, R B4, and NIR B8, respectively.
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Table 5. Flood mapping classification approaches (levels) and used attribute calculations.
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	Level
	Band/Attribute





	1
	VV (Statistical, Geometrical)



	2
	VV (Statistical, Geometrical) + VH (Statistical)



	3
	VV (Statistical, Geometrical) + VH (Statistical + Texture (VV, VH, R, G, B, NIR)



	4
	VV (Statistical, Geometrical) + VH (Statistical) + Texture (VV, VH, R, G, B, NIR) + Vegetation Indices



	5
	VV (Statistical, Geometrical) + VH (Statistical) + Texture (VV, VH, R, G, B, NIR) + Vegetation Indices + S2 statistical (R, G, B, NIR)
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Table 6. Descriptions of the forest geographical information system (GIS) layers.
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	Name of the GIS Layer
	Description (Reasons for Use)





	Stand Class
	Spatial distribution of forest and forestland (at stand level) according to the primary purpose of the forest, silviculture form, and main species of trees.



	Age Class
	Spatial distribution of stand by age classes. Age class width: 5, 10, or 20 years, depending on the stand class.



	Density
	Density is the most frequently used parameter in the quantitative description of stands. Relative density was used in the paper. The relative density is determined by the measured density (absolute basal area) ratio and standard (ideal) density from yield tables.
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Table 7. Class description.






Table 7. Class description.





	Class ID
	Class Name
	Description





	(A)
	Flooded Forest
	Lowland mostly mixed forests of pedunculate oak, narrow-leaf ash, alder and other accompanying species. The stands are of different age class, density, and site quality.



	(B)
	Open Water
	Flooded grassland and unstocked timberland covered with lush herbaceous weeds and shrubs and individual or groups of trees. River and individual artificial water surfaces.



	(C)
	Unflooded Lowland Forest
	Lowland forests outside the flooded area.



	(D)
	Hill Forest
	Surrounding hill forests.



	(E)
	Settlement
	Urban or larger rural areas.



	(F)
	Agriculture Land
	Agricultural land.
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Table 8. Training and reference data polygons used in classification.
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Class ID

	
Number of Polygons (n) and Area (ha)

	
% T in the Class Data




	
Training Data (T)

	
Reference Data




	
n

	
Ha

	
n

	
ha

	
n

	
ha






	
(A)

	
35

	
1382

	
19

	
862

	
0.65

	
0.62




	
(B)

	
35

	
846

	
11

	
249

	
0.70

	
0.77




	
(C)

	
22

	
1437

	
10

	
832

	
0.69

	
0.63




	
(D)

	
20

	
587

	
15

	
482

	
0.57

	
0.55




	
(E)

	
10

	
174

	
7

	
90

	
0.59

	
0.66




	
(F)

	
42

	
1245

	
17

	
546

	
0.71

	
0.70




	
Total

	
164

	
5671

	
79

	
3061

	
0.67

	
0.65
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Table 9. Overall statistic values for all levels of the object-based image analysis (OBIA) maps.
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Overall Statistics

	
Level 1

	
Level 2

	
Level 3

	
Level 4

	
Level 5






	
Overall Accuracy (%)

	
72.15

	
77.22

	
87.34

	
89.87

	
94.94




	
95% Confidence Interval

	
61.63

	
67.33

	
79.38

	
82.59

	
89.47




	
82.67

	
87.10

	
95.31

	
97.16

	
100




	
Overall Kappa Statistic

	
0.66

	
0.72

	
0.84

	
0.88

	
0.94




	
Quantity Disagree (%)

	
20.25

	
15.19

	
10.13

	
7.60

	
5.06




	
Allocation Disagree (%)

	
7.60

	
7.60

	
2.53

	
2.53

	
0




	
Percentage Improvement of Overall Accuracy

	
-

	
1.07

	
1.13

	
1.03

	
1.06




	
Total Percentage Improvement of Overall Accuracy

	
-

	
1.32
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Table 10. Confusion matrix for Level 5.






Table 10. Confusion matrix for Level 5.





	
Classified Class

	
A

	
B

	
C

	
D

	
E

	
F

	
Σ User

	
UA %

	
Kappa






	
Flooded Forest (A)

	
19

	
0

	
1

	
1

	
0

	
0

	
21

	
0.90

	
0.87




	
Open Water (B)

	
0

	
11

	
0

	
0

	
0

	
0

	
11

	
1.00

	
1.0




	
Unflooded Lowland Forest (C)

	
0

	
0

	
9

	
0

	
0

	
0

	
9

	
1.00

	
1.0




	
Hill Forest (D)

	
0

	
0

	
0

	
13

	
0

	
0

	
13

	
1.00

	
1.0




	
Settlement (E)

	
0

	
0

	
0

	
0

	
6

	
0

	
6

	
1.00

	
1.0




	
Agriculture (F)

	
0

	
0

	
0

	
1

	
1

	
17

	
19

	
0.89

	
0.87




	
Σ Producer

	
19

	
11

	
10

	
15

	
7

	
17

	
79

	

	




	
PA (%)

	
1.0

	
1.0

	
0.90

	
0.87

	
0.86

	
1.0
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