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Abstract:

 Cambodia is one of the most flood-prone countries in Southeast Asia. It is geographically situated in the downstream region of the Mekong River with a lowland floodplain in the middle, surrounded by plateaus and high mountains. It usually experiences devastating floods induced by an overwhelming concentration of rainfall water over the Tonle Sap Lake’s and Mekong River’s banks during monsoon seasons. Flood damage assessment in the rice ecosystem plays an important role in this region as local residents rely heavily on agricultural production. This study introduced an object-based approach to flood mapping and affected rice field estimation in central Cambodia. In this approach, image segmentation processing was conducted with optimal scale parameter estimation based on the variation of objects’ local variances. The inundated area was identified by using Landsat 8 images with an overall accuracy of higher than 95% compared to those derived from finer spatial resolution images. Moderate Resolution Imaging Spectroradiometer (MODIS) vegetation index products were utilized to identify the paddy rice field based on seasonal inter-variation between vegetation and water index during the transplanting stage. The rice classification result was well correlated with the statistical data at a commune level (R2 = 0.675). The flood mapping and affected rice estimation results are useful to provide local governments with valuable information for flooding mitigation and post-flooding compensation and restoration.
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1. Introduction

The Mekong River is one of the 10 largest rivers in the world. It originates in the eastern watershed of the Tibetan Plateau and extends to the Mekong Delta. The river has formed a vast hydrological system with diverse ecosystems and multicultural communities along its basin. A rough number of 29.6 million people live within 15 km of its mainstream, including the majority of Cambodia’s population, around 9.8 million people [1]. Under the effects of the tropical climate, there are many typhoons occurring in rainy seasons, resulting in a variety of long-lasting flood events along the Mekong river basin in history. The downside of flood disasters is that it resulted in serious negative effects on the psychology of local residents, food security, the environment, and the regional economy [2,3,4,5,6,7,8]. Flood events, on the contrary, play a vital role in agriculture by transporting and providing a huge amount of silt and fertilized sediment to feed the agricultural land in inundated areas [9,10,11,12]. The aquatic fauna is diversified and becomes a valuable source of protein for local people. According to the pros and cons of flooding, the goal and challenge of flood management and risk mitigation works are to reduce the negative impacts of flooding, but preserve its benefits. Cambodia is considered one of the most flood-vulnerable countries in Southeast Asia. The topography of the country is in the form of a cauldron-shape structure with a low floodplain along the Tonle Sap Lake and Mekong River in the middle, surrounded by plateaus and high mountains. Consequently, it often experiences extreme flash floods after heavy rainfall during monsoon seasons because rainwater normally concentrates in the vast middle lowland regions. Approximately 70% of its population resides in rural areas, along the main river system and lakes, and relies heavily on agricultural production. Accordingly, flood disasters can damage the livelihoods of the majority of Cambodians. The country witnessed a large-scale flood event during the rainy season in October 2013. A series of typhoons resulted in trans-boundary flash floods in the western regions along the Mekong River and Tonle Sap Lake. Many of the provinces affected during this disaster are the poorest regions of the country where poor farming communities, mainly relying on agricultural production, experienced the most severe consequences [13].

Paddy rice production has long been an important source of income in Cambodia, with a contribution of roughly 80% of Cambodia’s Gross Domestic Product (GDP). Therefore, loss estimation in agriculture must be thoroughly investigated, especially from the flood impact on the paddy rice production in the area. Understanding the detailed impact information of rice fields helps the local authorities not only to implement rescue campaigns, but also to plan for the post-flood compensation and restoration program. In addition, rice monitoring and updates play an essential part in agricultural management and planning over flood-vulnerable regions after disasters. For example, a plan for a shift in the lowland paddy rice cropping calendar, or strategies on the improvement of flood resilience and irrigation system could be conducted based on the flood damage assessment results.

Flooding can be identified using a variety of approaches such as statistics, ground-based gauging measurements, model prediction, remote sensing techniques, etc. Gauging station systems installed along rivers can provide water-level information for flood analysis. However, there exist difficulties in recording extreme flood events with high return period. Moreover, the density of those stations can be very sparse in developing countries, which limits their capability to assess the accurate significance and impact of flood events [6]. Statistical and model prediction approaches were applied to estimate or predict the potentially inundated area and impacts of future flood disasters [14,15,16,17]. These approaches are, unfortunately, not able to handle irregular changes induced by real objective causes. Therefore, the actual extent of flood disasters can be either under- or over-estimated. Remote sensing technology appears to be one of the most effective and fastest ways for observing and providing information on flood inundation extent and damage assessment over a wide area in a cost-effective manner, especially, radar remote sensing sensors, such as Synthetic Aperture Radar (SAR), which have the advantages of penetrating clouds and, to some extent, rainfall of microwave electromagnetic signals, and can capture and provide users with clear views of the inundation extent [4,18,19]. However, the number of radar remote sensing satellites is limited, and their images are commonly expensive and unavailable for public use. Hence, optical remote sensing imagery still has its role in flooding mapping as it has high temporal resolution and rich spectral information. Thus, previously inundated regions can be identified several days after the evacuation of flood water based on the changes in spectral properties between pre- and post-flood images [12]. Landsat and MODIS satellite data, provided free of charge by NASA, are great candidates for flood mapping and damage assessment for large-scale flood disasters.

Traditional pixel-based image analysis algorithms for flood mapping and land use classification suffer from low accuracy, sub-pixel problems, and the speckle noise effect in the resulting images [20,21,22]. On the other hand, the object-based image analysis (OBIA) approach has been thoroughly developed in the last two decades to overcome the limitations and disadvantages of the traditional pixel-based approaches by generating and analyzing meaningful image objects instead of individual pixels and reducing the speckle noise effect. The OBIA approach is conducted through a two-step process: (1) image segmentation by aggregating a number of individual pixels or image sub-objects to form larger objects (primitive objects) based on the homogeneity, intensity, and texture of each investigated image; and (2) image classification and feature extraction. The result of the OBIA approach was successfully proved to be more accurate than that of the pixel-based approaches for land cover classification in recent studies, such as discrimination of different species of mangroves with Worldview-2 imagery [23], flood area delineation in the trans-boundary areas using the ENVISAT/ASAR and Landsat TM data [4], and crop mapping using the multi-temporal Landsat imagery [22]. Other applications of the object-based method for flood water and wetland mapping were introduced in [24,25,26]. The object-based approach is normally used for the high spatial resolution images with a pixel size smaller than those of the objects of interest [27,28]. The application of this method for the coarse resolution imagery is less common as the pixel size is larger than the object, and the image can be under-segmented. However, the image segmentation can be employed at different resolutions to create homogeneous regions based on spatial and spectral information for identifying various objects at different scales and sizes. Many studies have been conducted [28,29,30,31,32] using the OBIA approach for the MODIS data, and acquired great results in the large-scale land cover mapping of biomass, forest cover, rice crop, snow, and so on.

The aim of this study was to introduce a thorough procedure to map the inundation extent and estimate the affected paddy rice field area after the Cambodian flood of October 2013 using 16-day Landsat 8 OLI Level 1 standard and 8-day MODIS vegetation index products. The OBIA approach was applied for the image classification with a new improved estimation algorithm with optimal scale parameter in the segmentation process to obtain more accurate results in the flood damage assessment. The detailed estimate of the affected paddy rice areas provides essential information for post-flood compensation and future rice crop restoration in the damaged regions.



2. Study Area and Data


2.1. Study Area

Cambodia borders Thailand to the northwest, Laos to the northeast, Vietnam to the east, and the Gulf of Thailand to the southwest. Due to the availability of satellite data during the flood event, this study emphasized on the central region (Figure 1) of the country, which is located between 10°30′N and 13°45′N in latitude, and 103°25′E and 106°15′E in longitude. The majority of the land area is at an elevation below 40 m, at which it is vulnerable to flooding. During the monsoon season, from August to November, the mean precipitation is about 1750 mm per year and the mean temperature is roughly 32 °C. The region experienced a devastating flood event overwhelming a vast area of land along both sides of the Mekong River and Tonle Sap Lake in October 2013. According to the statistics obtained from the National Committee for Disaster Management [13], 377,354 households were affected, 1.8 million people were evacuated from danger, and 168 people died during the event. Farmers facing high levels of crop damage in one of Cambodia’s main rice-producing regions suffered from sizeable adverse effects on their livelihoods, particularly for those districts that have experienced consecutive years of crop damage.

Figure 1. The 2013 flood location map in the central region of Cambodia.



[image: Remotesensing 07 05077 g001 1024]







According to [33,34,35], there are two main crop seasons in Cambodia: wet season rice (from May to November), mainly cultivated in the low floodplain regions, occupying roughly 85.5% of the total rice area; and dry season rice (from the beginning of November to April of the next year), covering about 14.5% of the total rice area. Accordingly, the flood of October 2013 only caused damage to the wet season paddy rice in the lowland regions.



2.2. Data


2.2.1. Landsat 8 OLI Imagery

The flood-inundated areas were identified using Landsat 8 OLI images captured before and after the flood event. All images were orthorectified and georeferenced to the UTM projection, zone 48, and converted to digital numbers (DNs) to provide the users with Landsat standard Level 1 products [36]. The product consists of eight multispectral bands with a spatial resolution of 30 meters, one panchromatic band with a resolution of 15 meters, and two thermal bands collected at 100 meters, but resampled to 30 meters to match the OLI multispectral bands. All raw images with DN values were atmospherically corrected to obtain the surface reflectance images [36,37]. For the atmospheric correction, the images were first calibrated to at-sensor radiance images, and then corrected to surface reflectance images using the Fast Line-of-sight Atmospheric Analysis of Hypercubes (FLAASH) tool based on the MODTRAN radiative transfer model in ENVI software [38]. Four multispectral bands were selected for this flood mapping study: Green (530–590 nm), Red (640–670 nm), Near Infrared (850–880 nm), and Shortwave Near Infrared (SWIR1) (1570–1650 nm). The Landsat data information is given in Table 1.

Table 1. The Landsat 8 OLI images used in this study.


	No.
	Pre-Flood Image
	Acquisition Date
	Post-Flood Image
	Acquisition Date





	1
	LC81260512013137LGN01
	17 May 2013
	LC81260512013297LGN00
	24 October 2013



	2
	LC81260522013137LGN01
	17 May 2013
	LC81260522013297LGN00
	24 October 2013



	3
	LC81260532013137LGN01
	17 May 2013
	LC81260532013297LGN00
	24 October 2013



	4
	LC81250522013146LGN00
	26 May 2013
	LC81270512013304LGN00
	31 October 2013



	5
	LC81270512013160LGN00
	9 June 2013
	LC81250522013306LGN00
	2 November 2013



	6
	LC81270512013176LGN00
	25 June 2013
	LC81250532013306LGN00
	2 November 2013



	7
	LC81250522013178LGN01
	27 June 2013
	--
	--










Some regions were covered by sparse and speckle clouds in both pre- and post-flood images, which can lead to underestimation of the flood inundation area. However, the cloud contamination level only varied between about 1% and 3% over the inundation regions, according to the information presented in the quality assurance (QA) band, and will be masked out in the classification step.



2.2.2. MODIS Vegetation Index Product

For the classification of the paddy rice field, we used Terra (MOD13Q1) and Aqua (MYD13Q1) MODIS vegetation index (VI) products. The VI products are provided every 16 days at a spatial resolution of 250 meters as gridded level-3 products in the Sinusoidal projection. Both 16-day MOD13Q1 and MYD13Q1 products were produced from the daily surface reflectance products. The Terra 16-day period starts from day 001, while the Aqua 16-day period starts from day 009 [39]. Hence, by combining the two data, we get eight-day vegetation index products, which provide the users with finer temporal resolution for monitoring the phenological and seasonal changes of the paddy rice. The VI products consist of Normalized Difference Vegetation Index (NDVI), Enhanced Vegetation Index (EVI), and four spectral bands: Blue (459–479 nm), Red (620–670 nm), Near Infrared (841–876 nm), and Shortwave Near Infrared (SWIR-2) (2105–2155 nm). Land Surface Water Index can be calculated from bands NIR and SWIR-2 (LSWI2130 = (NIR − SWIR-2)/(NIR + SWIR-2)). Bands Blue and Shortwave Near Infrared (SWIR-2), with an original resolution of 500 meters, were resampled to a resolution of 250 meters, the same resolution as the Red and NIR bands. The data were transformed to the UTM projection, zone 48, the same as that of Landsat images.



2.2.3. Ancillary Data

In addition to the satellite data mentioned above, the 30-m ASTER global digital elevation model version 2 (GDEM2) was additionally used to mask out the non-rice and non-water areas in the image classification process. The GDEM2 was significantly enhanced over the GDEM1 by adding 260,000 additional stereo-pairs, which were able to improve the coverage and reduce the occurrence of artifacts. The model was upgraded to improve the vertical and horizontal accuracy, and give superior water body coverage and detection. For paddy rice detection, the GDEM2 was resampled to a spatial resolution of 250 m, the same resolution as that of the MODIS VI products. The slope images were produced from the GDEM2, and were used, in combination with the elevation images, to generate masks for flood mapping and paddy rice detection.

For flood mapping validation, reference flood maps were employed to validate the accuracy of the flood map derived from this study. Due to a lack of ground-based measurements, we alternatively used the inundation maps derived from the high spatial resolution satellite imagery for the validation process. The first validation data came from the flood extraction results of the Pleiades satellite pan-sharpened image collected on October 22 with a spatial resolution of 0.5 meters. The second one was from the flood classification results of the Disaster Monitoring Constellation (DMC) satellite data captured on October 24 at 22-m spatial resolution. These data were produced by the United Nations Institute for Training and Research/Operational Satellite Applications Program (UNITAR/UNOSAT), provided to users through the website of the International Charter for Space and Major Disasters in shapefile format and UTM projection. For the derivation of these data, the satellite images were slightly downgraded in the areas directly proximate to the Armistice Demarcation Line to minimize the effects on the later image analysis. These images were preprocessed and georeferenced to the UTM coordinate system. The images were then classified to extract land cover information as well as flood inundation regions. The flood map derived from the DMC and Pleiades data were validated by visual inspection and compared with the manually digitized flood maps. The high-resolution Google Earth images were also used to better visualize the ground conditions and compensate for the intermittent haze, cloud cover, and other disturbances.

For paddy rice detection, a statistical rice area and ratio map at commune level (Table 2), upgraded in 2013, was introduced for the accuracy assessment of the MODIS-derived rice map. The data was downloaded from the open data website of Open Development Cambodia, which provides public users with up-to-date and accurate information about Cambodia and its economic and social development. For validation of the estimated affected rice field, the number of affected rice areas derived from the approach was compared with the statistical data provided by the Cambodian government report [13]. The rice cropping calendar was introduced to assist the separation of the rice growth phenology for the paddy rice field classification, as well as to specify which rice season was impacted by the flood event.

Table 2. Commune-level paddy rice statistical data updated in 2013.


	No.
	Province
	Commune
	Ratio
	Rice Area (ha)





	1
	Prey Veng
	Preaek Changkran
	30.90
	238.65



	2
	Prey Veng
	Pnov Ti Muoy
	55.48
	1973.55



	3
	Prey Veng
	Rumlech
	89.46
	2772.24



	4
	Prey Veng
	Lve
	49.89
	866.41



	5
	Prey Veng
	Chrey Khmum
	95.61
	3569.07



	117
	Svay Rieng
	Doung
	57.82
	3200.66



	118
	Svay Rieng
	Trapeang Sdau
	76.27
	4275.11



	119
	Svay Rieng
	Angk Prasrae
	84.03
	2538.65



	120
	Svay Rieng
	Chantrei
	75.17
	2090.40



	196
	Svay Rieng
	Thmei
	87.83
	3502.71










The dry season rice, transplanted from November to April, was not impacted by the flood that occurred in October 2013. Therefore, it was not included in the flood damage assessment. As a consequence, we omitted the communes, which include the amount of dry season rice area before conducting the validation process.





3. Methodology

Overall design of the study consists of four main parts: (1) flood mapping using Landsat 8 OLI imagery; (2) paddy rice crop monitoring and detection with MODIS vegetation index data; (3) flood affected rice field estimation; and (4) validation. The flow chart of the study is illustrated in Figure 2.

Figure 2. Overall design flow chart of the study.
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3.1. Image Segmentation

The main purpose of the image segmentation is to merge the single image pixels or sub-objects to form a larger image object based on criteria over the spectral and spatial properties [40,41,42,43]. The multiresolution segmentation algorithm used in the eCognition software is an iterative process of local optimization based on the average homogeneity of the created objects. The measure of the homogeneity includes the spectral and spatial components. The spectral homogeneity is defined as the average values of the generated objects. Meanwhile, the spatial homogeneity is formed by the two shape features: smoothness (the ratio between the perimeter of the object and the perimeter of the minimum boundary rectangle) and compactness (the ratio between the perimeter of the segment and the square root of its area) [41]. Thus, the segments, in comparison with single pixels, have richer spectral information, such as object’s mean values per band, median values, minimum and maximum values, mean ratios, variance, and so on. However, the merging process can lead to over- or under-segmentation. The over-segmentation can be further solved in the classification phase, while the under-segmentation phenomenon undoubtedly leads to distortion of the later feature extraction and classification process [44]. Hence, the optimal scale parameter must be taken into consideration to obtain the best segmentation result.



In this study, local variance (LV), measured as the mean value of the standard deviation of the image objects, was used as the basis of estimating the optimal scale parameter [44,45,46]. The local variance of an object was computed from all pixels contained within that object. The images were repeatedly segmented at different scale factors using the bottom-up multiresolution segmentation approach. The local variance and its rate of change (ROC) of an entire image were then computed by using the mean standard deviation of all objects in the segmented image. With the bottom-up segmentation approach, the local variances of the image objects gradually rise over the increase of the scale parameters because of changes in the level of objects’ homogeneity. Simultaneously, the size of a segment grows and its local variance increases continuously until it reaches the level where the segment fits its object in the real world [45]. Theoretically, when the boundary of the segment exceeds the meaningful object, the level of object homogeneity decreases. Consequently, the local variance increases sharply. Thus, the rate of change of local variance is a good indicator for the estimation of the optimal scale parameter for the image segmentation. The ROC was computed as given in the following equation:
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(1)




where LVn is the local variance of level n and LVn-1 is the local variance of level n − 1. A graph of local variance of the segmented image was constructed to investigate its variation over the change of the scale factors. The distinguished scale parameters are supposed to be at the peak points in the line graph of the local variance or the rate of change where the local variance varies abruptly. The optimal scale parameter is at the finest level. In practice, the local variance, occasionally, changes smoothly over the alteration of the scale parameter, while the ROC graph is more distinguished and it is easier to find the optimal scale parameter based on this indicator.
In this research, we segmented the images at 50 scale parameters from 1 to 50 using the bottom-up hierarchical multiresolution segmentation approach with shape = 0.1 and compactness = 0.5 for constructing the LV graphs. The graphs of local variance and rate of change for the Landsat 8 and MODIS images are shown in Figure 3a and b, respectively. As seen from the ROC graphs, the optimal scale parameter for segmenting the Landsat mosaicked images is 23 at the first peak point, where the local variance changes abruptly. Similarly, the scale parameter of 11 is identified as optimal for the segmentation of the MODIS images as it exposes the same phenomenon.

Figure 3. Graphs of local variance and its rate of change: (a) for segmenting Landsat 8 images; and (b) for segmenting MODIS time series (shape: 0.1 and compactness: 0.5).
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Unmistakably, the spatial resolution of the MODIS images is relatively coarser than that of Landsat images. Therefore, the homogeneity criteria were reached faster in the iterative segmentation process. Consequently, the optimal scale parameter of the MODIS time series was smaller than that of the Landsat images. After the segmentation step, all the segmented images were used as inputs of the later classification process for further extraction of the flood inundation and detection of the paddy rice field.



3.2. Image Classification


3.2.1. Flood Extent Identification

After the segmentation step, all pre- and post-flood Landsat 8 images and DEM layers were inputted into the classification process. We then computed the Normalized Difference Water Index (NDWI = (Green − SWIR)/(Green + SWIR)), Normalized Difference Vegetation Index (NDVI = (NIR − Red)/(NIR + Red)), the difference in NDWI (NDWIpost − NDWIpre) and the difference in NDVI (NDVIpost – NDVIpre), and elevation of all objects in the entire image. The decision tree approach was applied to detect the flood-inundated areas based on the changes in the spectral information and the indices between the pre- and post-flood images. The entire structure of the decision tree approach is shown in Figure 4. The thresholds of the spectral responses and indices were estimated using the flood reference map, and high spatial resolution images are from the Google Earth images.

Figure 4. Flow chart of the decision tree approach for flood classification for the Landsat data. Subscripts pre, post, and diff indicate the terms pre-flood, post-flood, and the difference between pre- and post-flood stages, respectively.
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First, the permanent water bodies were identified using the thresholds of pre-flood water index (NDWIpre ≥ −0.05) and spectral response in band Red (Redpre ≤ 0.35). Over the non-permanent water regions, the currently inundated area was classified using thresholds of NDWI and NDVI (NDWIpost ≥ 0.1, and NDVIpost ≤ 0.1). The satellite images can be captured several days after the day of peak flood water level. However, the previously inundated region could be delineated through the changes in NDVI value between the pre- and post-flood images, especially the changes over vegetative areas (NDVIdiff ≤ 0). In addition, the 30-m digital elevation model (GDEM2) was used to mask out non-flood water at an elevation higher than 25 meters. The images were finally classified into three classes: permanent water, flood, and non-flood classes.



3.2.2. Paddy Rice Detection

A variable EVI/LSWI2130 function was used for paddy rice monitoring and detection during the transplanting period [2,47,48]. A series of MODIS VI data were collected from day 001 to day 361. Two hundred samples were selected throughout the study area over different land cover types to investigate the variation of the above indices in the year 2013. The time series profiles of LSWI2130 and EVI were constructed throughout the year 2013 (Figure 5) for analyzing the rice growth phenology, in order to identify the paddy rice field area. In this study, the crop phenology was categorized into three main stages [47]: flooding and transplanting, growing, and harvesting stages using time series profiles of EVI and LSWI2130. During the fallow stage, the LSWI2130 value is generally lower than that of the EVI (day 001 to day 145). In the transplanting stage, on the contrary, irrigation water for paddy rice cultivation leads to an increase in the LSWI2130 value (day 145 to day 209), which exceeds the EVI value by adding a coefficient T. The period from day 209 to day 337 was not considered as the transplanting period even though the LSWI2130 is higher than EVI because of the appearance of typhoon flood water.

Figure 5. Profiles of EVI and LSWI2130 for the MODIS data over the paddy rice field throughout the year 2013.
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The relationship between the two indices (LSWI2130 + T ≥ EVI) was applied to identify the paddy rice field in the transplanting stage. As seen from the above line graph, the LSWI2130 values were, in the transplanting stage, always higher than those of the EVI if we add a coefficient due to the appearance of irrigation water. In this study, we selected T = 0.1. On the contrary, LSWI2130 ≤ EVI indicates the absence of irrigation water during the fallow stage. Persistent water bodies were masked out using a threshold EVI ≤ 0.15 value during the dry season (day 033 to 133). Evergreen forest exhibits a high NDVI over a longer period throughout the year compared to the shorter rice growth phenology. The objects were masked out as evergreen forest if they were identified as NDVI ≥ 0.50 for six consecutive months (day 49 to day 193). The elevation and slope maps were additionally employed to mask out the non-rice area above the elevation of 80 meters with slope of 45°.




3.3. Affected Rice Field Estimation

The affected paddy rice field was estimated by overlaying the flood extent map derived from the Landsat 8 data with the rice area map produced from the MODIS VI products. Due to the difference in the spatial resolution between Landsat and MODIS images, the overlaying process was implemented on vector format. Accordingly, the flood and rice maps were converted from raster to vector format, and the affected paddy rice areas were derived using the overlay operator. The detailed flood damage statistics at province, district, and commune levels were further analyzed by the ArcMap software.




4. Results and Discussion


4.1. Image Segmentation

The segmentation result of the Landsat images with optimal scale parameter of 23 (shape = 0.1, compactness = 0.5) is illustrated in Figure 6. The segmentation result of the MODIS series with an optimal scale parameter of 11 and the same shape and compactness are shown in Figure 7.

Figure 6. Segmentation result (scale parameter = 23, shape = 0.1, compactness = 0.5): (a) the entire Landsat 8 mosaicked image; and (b) pre-flood and (c) post-flood image subsets.



[image: Remotesensing 07 05077 g006 1024]





Figure 7. Segmentation result of the MODIS time series (scale parameter = 11, shape = 0.1, compactness = 0.5): (a) the entire image; and (b) and (c) visualizing subsets.
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It is seen that the inundation areas were separated from non-water land cover in the Landsat images. Both pre- and post-flood images were included in the segmentation process. Thus, the water inundation objects were also segmented into smaller objects, which represent the land types of the pre-flood stage for the change detection of the water cover. For the MODIS images, the homogeneous areas were clustered into various objects based on the multi-temporal spectral response series. The boundaries of the objects in the MODIS images are not smooth because of the coarse resolution at 250 m. In fact, the segmentation was thoroughly conducted with an optimal scale parameter. Therefore, this is the optimal segmentation result of the image, and if the scale parameter increases, it will lead to under-segmentation and misclassification of the paddy rice field.





4.2. Flood Extent Map

The classification result of the flood-inundated areas in Cambodia in 2013 is shown in Figure 8. The inundated regions normally occurred along both sides of the Mekong River and Tonle Sap Lake. The previously flooded areas in the northwestern region were still identified after several days of peak flood water and water evacuation based on changes in the spectral response, and vegetation and water indices.

Figure 8. Flood inundation extraction result from the Landsat 8 images.
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The most inundated areas are in the central region, which is vegetated by mixed forest surrounded by the paddy rice field in the lowland floodplain regions. Therefore, the flood significantly affected the population in the rural areas, who heavily rely on paddy rice production. The aquacultural production in the Mekong River and Tonle Sap Lake regions was also seriously impacted, and needed to be thoroughly investigated.



4.3. Paddy Rice Map

The paddy rice field (Figure 9) is mainly distributed in the central region of the country around water supplying systems with high density concentration, especially in the southeastern downstream floodplain of the Mekong River. The geomorphological stand of the paddy rice field makes it the most flood-vulnerable crop region during the monsoon seasons.

Figure 9. Paddy rice area map derived from the MODIS VI products.
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The Prey Veng and Svay Rieng provinces, of which the boundaries are in red, were selected for accuracy assessment. There are 196 communes in total, with 116 in Prey Veng and 80 in Svay Rieng. However, 16 communes consist of not only wet season rice, but also of dry season crop areas (November to April). In this study, we only classified the wet season paddy rice, which is cultivated during the rainy season from May to November, and affected during the flood disaster in October 2013. Hence, only 180 communes were studied in this study.



4.4. Affected Rice Field Estimation

For the damage assessment, the flood inundation map was overlaid with the MODIS-derived rice map to obtain the affected rice area. The ArcMap software was used for further analysis to estimate detailed flood statistics at province, district, and commune levels. The affected rice areas are illustrated in Figure 10, and flood statistics at province level are representatively shown in Table 3. As seen, the total rice area affected during the flood event was 231,715 hectares within the study area. Kampong Thom and Prey Veng, in the lowland floodplain in the middle and downstream of the Mekong River, appeared to be the most vulnerable provinces with rice-affected area of 66,503 and 43,180 hectares, respectively. The agricultural losses in this event could cause long-term adverse impacts on the local communities. Thus, the post-flood response should be thoroughly planned to deal with the negative effects, and to preserve the benefits to soil moisture, fertility for agriculture, surface water recharge, and ecological benefits for fisheries of inundation water.

Figure 10. Affected paddy rice estimation.
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Table 3. Flood-inundated and -affected paddy rice area statistics.








	No.
	Province Name
	Inundated Area (ha)
	Affected Rice Area (ha)





	1
	Battambang
	90,386
	2834



	2
	Kampong Cham
	170,911
	31,720



	3
	Kampong Speu
	1016
	574



	4
	Kampong Thom
	314,528
	66,503



	5
	Kampot
	6935
	1523



	6
	Kandaal
	207,940
	8487



	7
	Kompong Chnang
	173,612
	14,108



	8
	Kratie
	2
	0



	9
	Phnom Penh
	6790
	730



	10
	Prey Veng
	168,081
	43,180



	11
	Pursat
	177,099
	23,022



	12
	Siem Reap
	205,871
	14,251



	13
	Svay Rieng
	40,592
	11,170



	14
	Takeo
	119,336
	13,613



	Total
	
	1,683,099
	231,715












4.5. Validation


4.5.1. Validation of Flood Extent Classification

The classification of the flood-inundated water from the Landsat 8 data collected on 24 October 2013 was validated with classification result from the other two data sources. The flood-inundated area maps derived from the Pleiades satellite images with a spatial resolution of 0.5 meters collected on October 22, 2013 and the DMC satellite data with a spatial resolution of 22 m captured on 24 October 2013. In this study, not only were the currently flood water areas detected, but also the previously inundated regions can be delineated, based on changes in the vegetation index between the pre- and post-flood images, especially associated with the changes over the vegetated areas. Therefore, the flood map produced from the Pleiades satellite images collected on 22 October 2013 was used to evaluate the feasibility of the approach. It is supposed that the two satellite data with higher spatial resolution provide more accurate flood maps, which can be considered as reference data for validating the Landsat-derived flood classification results by constructing the contingent matrix and determining the accuracy assessment criteria. The detailed information of the accuracy assessment for the inundation map is given in Table 4.


Table 4. Validation of the flood map with the Pleiades- and DMC-derived results (PA: producer accuracy; UA: user accuracy, OA: overall accuracy, and Kappa: inter-observer Kappa Statistic).



	
Classified Inundation (pixel)

	
Reference Data (pixel)

	
Assessing Criteria




	
Flood

	
Non-Flood

	
PA (%)

	
UA (%)

	
OA (%)

	
Kappa






	
Compared to Pleiades result




	
Flood

	
130,677

	
4421

	
96.18

	
96.73

	
96.68

	
0.93




	
Non-flood

	
5192

	
149,413

	
97.13

	
96.64

	
--

	
--




	
Compared to DMC result




	
Flood

	
12,504,899

	
301,473

	
89.80

	
97.65

	
95.09

	
0.90




	
Non-flood

	
1,418,931

	
20,782,739

	
98.57

	
93.60

	
--

	
--















4.5.2. Validation of Paddy Rice Detection

The paddy rice classification result was validated using the statistical rice ratio and area at the commune level in the two provinces, Prey Veng and Svay Rieng. We employed a linear regression model to evaluate the relationship between the MODIS-derived and the statistical rice area. The rice ecosystem map was used to reject the dry season rice areas, which are included in the rice statistical data. Sixteen communes out of the 196 that contain dry season rice were rejected from the validation process. The linear regression models, representing the relationship between the derived rice area and the reference data, are shown in Figure 11.

Figure 11. Comparison between the MODIS-derived and statistical rice area in (a) Prey Veng; (b) Svay Rieng; and (c) both provinces.
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The MODIS-derived rice areas were at a high degree of agreement in comparison with the commune-level statistical data. The correlation coefficient (R2 = 0.720) in Prey Veng was higher than that in Svay Rieng province (R2 = 0.558). In the two regions, the coefficient was R2 = 0.675, which is moderately good for rice management and updating purposes. The difference between estimated and statistical rice is due to the coarse resolution of the MODIS data, and the distortion of the statistical approach.



4.5.3. Validation of Affected Rice Estimation

Due to the lack of a rice-affected map and detailed flood damage information, we compared the total rice-affected area estimated from our approach with that of the statistical data provided by the Cambodian government. The total rice area impacted by the disaster in October 2013 was 384,846 ha, as reported in [13]. The northwest region of the country was covered by cloud on the days of the Landsat image acquisition. Therefore, we deduced the rice damaged area of 147,294 ha by overlaying the rice classification map with the flood inundation area that resulted from the DMC and Radarsat-2 satellite images before the comparison process. The slight difference of 2.52% between the deducted area (237,552 ha) and the result from the study (231,715 ha) shows that the integration of the multi-sensor optical satellite data can be effectively utilized to observe the flood inundation and evaluate the impacts on agricultural production, especially, damage to paddy rice cultivation.





5. Conclusions

This study introduced an object-based approach for the flood mapping and affected rice field estimation using the Landsat 8 OLI and MODIS vegetation index products. The object-based image analysis approach was effectively applied in both flood mapping and rice detection with an employment of optimal scale parameter estimation in the image segmentation process. The flood classification result exhibits a high degree of agreement with the outcome of the finer spatial resolution imagery (overall accuracy 96.68% and Kappa coefficient 0.93 with Pleiades, and overall accuracy 95.09% and Kappa coefficient 0.90 with DMC data). The paddy rice detection outcome was consistent with the commune-level statistical data (R2 = 0.675). The details on affected rice area estimated from the study can provide the local government with valuable information for post-flood compensation and restoration strategies.

The northwest region of the country was covered by cloud on the acquisition date of the Landsat 8 images, and it limits the flood inundation mapping of the Landsat data in this area. Therefore, the Landsat/MODIS image fusion approach [49,50,51] could be applied to obtain inundation maps at the Landsat image scale in future studies. The fusion approach can also be applied for the monitoring and detection of the paddy rice area at the Landsat image scale. The band weighting process for the different spectral bands should be further considered to achieve better segmentation and classification results for the inundation water.
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