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Abstract

:

Forest fires constitute a natural disturbance factor and an agent of environmental change with local to global impacts on Earth’s processes and functions. Accurate knowledge of forest fuel extent and properties can be an effective component for assessing the impacts of possible future wildfires on ecosystem services. Our study aims to evaluate and compare the spectral and spatial information inherent in the EO-1 Hyperion, Quickbird and Landsat TM imagery. The analysis was based on a support vector machine classification approach in order to discriminate and map Mediterranean fuel types. The fuel classification scheme followed a site-specific fuel model within the study area, which is suitable for fire behavior prediction and spatial simulation. The overall accuracy of the Quickbird-based fuel type mapping was higher than 74% with a quantity disagreement of 9% and an allocation disagreement of 17%. Both classifications from the Hyperion and Landsat TM fuel type maps presented approximately 70% overall accuracy and 16% allocation disagreement. The McNemar’s test indicated that the overall accuracy differences between the three produced fuel type maps were not significant (p < 0.05). Based on both overall and individual higher accuracies obtained with the use of the Quickbird image, this study suggests that the high spatial resolution might be more decisive than the high spectral resolution in Mediterranean fuel type mapping.
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1. Introduction


Forest fires are an integral component of Mediterranean ecosystems since the Miocene. However, the second half of the past century presented a major change and regime shift [1]. This change in fire regime observed in recent decades in European Mediterranean [2–4] and elsewhere [5,6], is expressed by an increase of the number of fires and surface burnt [4,7,8], leading to more than 400,000 ha annually burnt areas in the EU Mediterranean region [1].



Given the spectacular increase in the number of wildland fires during the recent decades in the Euro-Mediterranean region, effective fire management strategies are needed to minimize fire hazard.



Efficient forest fire management requires an accurate knowledge of fuels at many spatial and temporal scales [9]. Fuels are defined as the physical characteristics, such as loading, size, and bulk density, of the live and dead biomass that contribute to the spread, intensity, and severity of wildland fire [10,11]. Based on knowledge of the spatial extent of the fuels, national authorities and fire managers can design fire prevention, detection, suppression and fire effects assessment strategies [12], such as the use and distribution of available fire-fighting resources, fuel treatment practices, fire towers and water tanks construction, trace gas emissions, and monitoring of vegetation recovery after fire [13]. In addition, accurate knowledge of forest fuel extent can be an effective component for mitigating the impacts of future wildfire on ecosystem services and restoring desirable structural attributes to fire suppressed forests as well as to infer ecosystem impacts of historically natural wildfires [14].



Remote sensing technology is capable of produce spatial estimations of fuel types and fuel loads, based on satellite systems of different spatial, temporal and spectral characteristics [9,15].



Most of the aforementioned studies relied on the use of broadband, medium spatial resolution imagery such as the Landsat TM and SPOT series, based on pixel-based classification approaches [16–18]. The value of imagery from the Advanced Spaceborne Thermal Emission and ReflectionRadiometer (ASTER) in fuel type and properties mapping has also been evaluated in conjunction with either pixel-based [19–21] or Geographic Object Based Image Analysis (GEOBIA) approaches [22,23].



Mediterranean forest areas are known for the high spatiotemporal heterogeneity of their vegetation patterns with respect to species composition and stand structure [24–27]. While this heterogeneity makes them aesthetically attractive, it hinders accurate mapping of forest-related parameters using applied remote sensing techniques [28,29]. Arroyo et al. [30], Gitas et al. [31] and Mallinis et al. [13] evaluated the use of multiscale object-based approaches with high spatial resolution imagery, in order to explore forest fuels delineation in Mediterranean areas. Moreover Lasaponara and Lanorte [32] employed a pixel-based approach with a Quickbird imagery to delineate fuel types according to the Prometheus fuel classification scheme.



However, very few studies have examined the possibility of hyperspectral data to overcome the limitations of traditional multispectral imagery [33–35]. Roberts et al. [34] evaluated data from the Earth Observing-1 (EO-1) Hyperion and AVIRIS sensors for mapping six land-cover classes in Santa Barbara, California for fire danger assessment while Jia et al. [33] relied solely on AVIRIS data for assessing spatial patterns of forest fuel types in the Colorado Front Range. Lasaponara et al. [36] using airborne hyperspectral Multispectral Infrared and Visible Imaging Spectrometer (MIVIS) discriminated an adapted Prometheus fuel types scheme in Italy, using a conventional maximum likelihood classification. Finally, Keramitsoglou et al. [20] evaluated the use of EO-1 Hyperion satellite hyperspectral imagery near Athens, Greece for discriminating six fuel types.



While several recent studies have explored differences in information extraction efficacy between high-spatial resolution, multispectral and medium-spatial resolution hyperspectral imagery [37,38], none of them has focused on fuel type mapping purposes. Hence, when extracting forest related parameters, and particularly over complex forest areas, the issue regarding the choice of the most suitable spectral and spatial resolution for classification is of key importance [39].



Besides the exploration of spatial and spectral information exploitation, the remote sensing community investigates the use of various techniques and algorithms for extraction of useful information. Support vector machines (SVMs) are particularly appealing due to their ability to generalize well even with limited training samples, a common limitation for remote sensing applications [40]. SVMs have been used in remote sensing-based estimation and monitoring of biophysical parameters such as chlorophyll concentration, gross primary productivity, evapotranspiration, land/use land cover tasks, benthic habitat mapping using multi-beam sonar, forest mapping, burned area mapping, tree species detection using a variety of data sources ranging from VHR imagery to LIDAR datasets [9,40–44]. Comparative studies have also shown that classification by SVMs can be more accurate than popular contemporary techniques such as neural networks and decision trees as well as conventional probabilistic classifiers such as the maximum likelihood classification [45–48].



The main goal of our study is to evaluate and compare the potential of original spectral and spatial information of Quickbird, Landsat TM, and EO-1 Hyperion, joined with an SVMs classification approach, in discriminating Mediterranean fuel types on the same study site.



The specific objectives of this study included (1) fuel type mapping based on a Quickbird image using an object-based approach and SVMs classifier (2) generation of fuel type maps from Landsat-TM and EO-1 Hyperion imagery using a pixel-based approach and SVMs classifier and (3) assessment of the results and comparative evaluation of the potential of spatial against spectral resolution for fuel type mapping.




2. Materials and Methods


2.1. Outline of the Methodology


We evaluated and compared the fuel type maps generated upon the use of three satellite images with high/medium (i.e., Quickbird), medium/high (i.e., Landsat TM) and medium/very high (i.e., EO-1 Hyperion), spatial/spectral resolution over the same Mediterranean site in northern Greece.



Pre-processing of the hyperspectral imagery included removal of non-calibrated and problematic bands, and a forward/backward Minimum Noise Fraction Transformation (MNFT) in order to separate the strong component of data noise (Figure 1).



The multispectral images were also atmospherically corrected based on the same in-scene method used for the EO-1 Hyperion image. Finally, the EO-1 Hyperion and Landsat TM images were registered to the higher resolution Quickbird image which had been previously orthorectified using a rational function model and ground control points (GCPs) identified over existing VHR orthophotographs.



The three fuel maps were evaluated and relatively compared in terms of overall and individual class accuracies, allocation and quantity disagreement. Furthermore, statistically significant classification differences were assessed with the pairwise McNemar’s test for dependent samples.



The same classification approach was applied to all data sets in order to obtain comparable results using the same coverage area, training sets and classification algorithm, (i.e., SVMs). We used objects as primary units of classification for the Quickbird imagery and pixels primary units for the Landsat and EO-1 Hyperion datasets. Imagery training samples were selected upon extensive field sampling and previous developed, site-specific fuel models. We did not considered any additional information such as image ratios (spectral indices), texture features, local contextual information or image-object form in the classification process.




2.2. Study Area


The University Forest of Taxiarchis is located on the southern and southwestern slopes of mount Cholomontas in Chalkidiki, in Central Macedonia region. It extends from 40°23′E to 40°28′E and 23°28′N to 23°34′N and covers an area of 60 km2 (Figure 2). The University Forest area is also part of the NATURA2000 network (GR1270001-Oros Cholomontas).



The terrain of the study area is diverse and very rough at places as a result of high difference in altitude, ranging between 320 and 1,200 m. The dense river network in conjunction with the sudden and intense rainfall during the winter period has formed gullies and has a wide affect in the region.



The Mediterranean climate of the area is characterized by short periods of drought, hot summers and mild winters. Main characteristic of the climate is the large fluctuations of rainfall during summer as well as the double dry season (July and September) with limited duration and intensity.



The study area forms a complex mosaic. Common forest species are Italian oak (Quercus frainetto), Black pine (Pinus nigra), Beech (Fagus sylvatica) and Norway spruce (Pice aabies). Gradually, mixed stands have formed as deciduous species invade the areas occupied by pines. Also, patches within the forest are covered with maquis (Quercus ilex, Quercus coccifera, Erica arborea, etc.), low herbaceous vegetation and scattered oak trees [28].




2.3. Satellite and Field Data


Imagery from the three spaceborne sensors used in this study present different spectral, spatial, and radiometric characteristics (Figure 3, Table 1).



Hyperion sensor on board the Earth Observing-1 (EO-1) mission is unique in that it collects high spectral resolution (0.1 μm) data spanning the VIS/NIR and SWIR wavelengths, with 220 contiguous spectral bands. Of these, 196 are well calibrated, but 24 bands are considered uncalibrated because they did not meet desired performance requirements or were noisy [49]. Hyperion is a push-broom instrument providing from a 705-km orbit, 30 m spatial resolution imagery over a 7.5-km-wide swath perpendicular to the satellite motion.



The Quickbird satellite acquires high-resolution push-broom imagery from a 450-km orbit. Quickbird multispectral images have 11-bit radiometric resolution and 2.4 and 0.6 spatial resolution at the multispectral (0.4–0.9 μm) and panchromatic (0.45–0.90 μm) mode respectively.



Finally, the Thematic Mapper (TM) onboard the Landsat-5 satellite was an across-track mechanical scanner. Landsat orbited the planet more than 150,000 times, transmitting over 2.5 million images of land surface conditions around the world. Thematic Mapper provided multispectral images of Earth’s surface at an altitude of 705 km with 8-bit radiometric resolution and 30 m spatial resolution from 1984 to 2013 being the longest-operating Earth-observing satellite sensor in history. Quickbird and Landsat TM data were acquired on July 2004 and July 2007 respectively while the EO-1 Hyperion imagery was acquired on October 2008. A time interval of four years in the acquisition of the most recent and the oldest of the three images is noticed. However, the special protection status of the area (University forest, NATURA 2000 site) and the fact that no major fires or other disasters are recorded in the recent years certify the absence of changes within the specific period of this study.



Reference data collected during an extensive field survey were used in the fuel models development and the later accuracy assessment of the produced maps. The study site was stratified based on vegetation maps, according to the dominant vegetation type. All strata were surveyed on site on mid-summer 2006, and 10 representative locations with typical (“average”) fuel conditions per stratum were selected for the development of fuel models (Table 2) [13]. The study area was stratified for a second time, based on the existing fuel and vegetation maps, and revisited in August and October 2010 in order to sample homogenous field plots, suitable for the accuracy assessment, considering the 30 m spatial resolution of the imagery. It should be noted that during the October 2010 campaign a number of extra samples were collected to assist in the classification of grasslands in the EO-1 Hyperion image.




2.4. Image Pre-Processing


Pre-processing of the hyperspectral imagery is considered an essential step for enhancing classification accuracy and easing computational complexity. Significant efforts were devoted in the atmospheric correction and data reduction of the EO-1 Hyperion image, in order to address known problems of miscalibration and noise before use [50–52]. Initially, the original 242 bands were reduced to 123 bands, by excluding the bands: (1) being uncalibrated; (2) with very low SNR at both spectral ends (<430 nm and >2,400 nm); (3) being overlapping by the two spectrometers (VNIR and SWIR), and (4) with strong atmospheric water absorption features [33,53].



To minimize atmospheric effects and extract surface reflectance, the QUick Atmospheric Correction (QUAC) code was used for all three images [54]. QUAC code performs atmospheric correction on multi- and hyper-spectral imagery spanning all or part of the visible and near infrared–short wave infrared spectral range (0.4–2.5 μm) based on the empirical finding that the average reflectance of a collection of diverse material spectra is essentially scene-independent. QUAC utilizes an in-scene approach, requiring only approximate specification of sensor band locations and their radiometric calibration without any additional metadata [54]. The model performs appropriately when there are at least 10 diverse materials in the scene, as well as a sufficient number of dark pixels, in order to allow for a good estimation of the baseline spectrum.



Furthermore, we applied the forward-inverse Minimum Noise Fraction Transformation (MNFT) in the EO-1 Hyperion image, in order to reduce noise of the images for both the VNIR and SWIR bands of the image, for reducing the residual noise of the imagery [55]. The MNF components that resulted from the forward transformation were analyzed for their spectral information content based on their eigenvalues which represent the SNR. One part of the MNF components is associated with large eigenvalues and coherent eigenimages, and a complementary part is associated with near unity eigenvalues and noise-dominated images [56]. For the inverse MNF transformation solely the coherent eigenimages and more specifically eight components in the VNIR and five in the SWIR were used. The final EO-1 Hyperion dataset after the implementation of the inverse MNF transformation consisted of 123 bands. The Quickbird and Landsat TM images were also atmospherically corrected with the use of the QUAC code.



An orthorectification procedure was followed for the Quickbird image using a rational function model and 15 ground control points (GCPs) identified over existing VHR orthophotographs. Subsequently, the EO-1 Hyperion and Landsat TM images were registered to the higher resolution Quickbird image with an RMS error less than half a pixel (15 m).



Finally, the cloud mask generated based on the EO-1 Hyperion image was used to create a common reference extent boundary for the study site.




2.5. Image Segmentation


In the case of the VHR Quickbird image, image-objects were adopted as units of classification. Availability of high spatial resolution optical data in recent years and existence of a high resolution scene model (H-resolution) [57] for most applications, motivated a shift from the adoption of the pixel as a unit of classification to object-based classification methods [28]. This “high resolution” situation where pixels are significantly smaller than object, is predominantly attractive for exploiting the specific advantages of the GEOBIA approaches based on the definition of regions upon contiguous pixels belonging to the same class [58].



The segmentation algorithm applied in our work is a component of the multi-scale object-oriented fractal net evolution approach (FNEA) concept [59]. In this bottom-up segmentation technique, embedded within the commercial software Trimble eCognition Developer 8.7, individual pixels are perceived as the initial regions, which are sequentially merged pairwise into larger ones. The sequence of the merging objects, as well as the size and shape of the resulting objects, are empirically determined by the analyst [28]. The analyst specifies the layers of the image, as well as their importance, to be used for estimating spectral homogeneity/heterogeneity. The analyst, also, defines whether changes in the form of the objects resulting after the merge, will be considered in the heterogeneity estimate. The unitless scale parameter is determined to specify the maximum allowed increase in the heterogeneity after a pairwise merge of the objects [59]. For the Quickbird image scale parameter was set to 90, with shape and compactness equal to 0.1 and 0.5 respectively.



In order to compare the three fuel type maps, and classification of the Quickbird image was solely based on spectral information, disregarding local contextual information, image-object form and texture features that have been shown to improve classifications [28]. Pixel reference information collected in the field was transferred to the respective image objects.




2.6. Support Vector Machines Classification


SVMs is a supervised non-parametric statistical technique based on the structural risk minimization principle [60]. SVMs create a hyperplane through n-dimensional spectral-space that separates classes based on a user defined kernel function and parameters that are optimized using machine-learning to maximize the margin from the closest point to the hyperplane [44].



SVMs are particularly appealing in remote sensing works due to their ability to successfully analyze small training data sets, the ability to generalize to unseen data, the lack of any assumptions regarding the probability distribution of the data, and the balance achieved between accuracy attained on a given finite amount of training data [40].



However, due to the lack of any established heuristics for SVMs parameter selection, parameter assignment is a crucial issue that can significantly impact on the classification accuracy [40].



Selection of the optimal kernel and associated parameters can be difficult, though Gaussian radial basis function (RBF) has been proved effective in many classification problems for most land cover classes [44,61,62]. In the case of RBF, the γ parameter controlling the width of the Gaussian kernel is important since choosing a small value for the kernel width parameter may lead to over fitting, while large kernel width values may lead to over smoothing. In addition selection of a penalty parameter C allows the SVMs to vary the degree of training data misclassified due to possible data error when optimizing the hyperplane, which is particularly important for non-separable training sets. The penalty parameter controls the trade-off between allowing training errors and forcing rigid margins with higher values of the parameter increasing the cost of misclassifying points and over fitting and lower values leading to under-fitting [63,64].



In order to selected the optimum C and gamma parameters of the RBF kernel for the three images we relied on a grid-search procedure based on a v-fold cross-validation procedure that estimates the generalization ability through repeatedly training SVMs [65]. For the EO-1 Hyperion image C and gamma were set to 100 and 0.5 respectively while for the Quickbird and Landsat TM images different parameters were used (C = 100, gamma = 0.5).




2.7. Accuracy Assessment


The vast majority of the reference samples for the accuracy assessment of the fuel type maps were located and sampled using GPS measurements and imagery print-outs during previous visits in the field during 2006 and 2010 [13,66]. Inaccessible points during field data collection were later identified using photo interpretation. For the accuracy evaluation of the Quickbird imagery, point reference information collected in the field was transferred to the respective image objects, which were then used for populating the confusion matrices.



The fuels maps were evaluated in terms of overall (OA) user’s (UA) and producer’s (PA) accuracies, allocation and quantity disagreement upon the three classification confusion matrices. Existence of statistically significant differences in classification accuracy, were assessed with the pairwise McNemar’s test for dependent samples.



Allocation disagreement calculates the minimum of the proportion for each category omitted in the reference map and the proportion of the same category committed in the comparison map, multiplied by 2. Quantity disagreement measures the absolute differences in proportions difference between the reference map and a comparison map of the categories [67,68].



The statistical significance of differences between the overall accuracy of the fuel type maps, was assessed using the McNemar’s test, Equation (1), considering that the testing sample set was common to all classifiers [69]. The test was applied for each of the three pairs of the fuel type maps.


    χ 2 =       (    f  12 −   f  21 ) 2    f  12 +   f  21



(1)




in which f12, f21 indicate agreement of only the one or the other map with the reference samples, respectively.



With this non-parametric test, the assessment is based on the evaluation of the derived χ2 statistic and two classifications may be considered to be of different accuracy at the 95% level of confidence if χ2 > 3.84.





3. Results and Discussions


The fuel type maps produced from the implementation of the SVMs classification approach to the EO-1 Hyperion, Quickbird and Landsat TM images acquired over the Taxiarchis University Forest are depicted in Figure 4. The OA of the maps shows that all three classifications present satisfactory results in terms of overall performance and kappa coefficients. Quickbird classification with OA of 74.28% and a khat value of 0.70 over-performed the medium spatial resolution imagery classifications. Among the two medium spatial resolution datasets, the EO-1 Hyperion classification was slightly better (OA = 70%, khat = 0.65) in predicting the spatial distribution of fuel types in the area, compared to the classification result obtained from the Landsat TM which achieved an accuracy of 69.5% and khat of 0.64 (Table 3).



In terms of the individual classes’ accuracy, in general different results were observed between the three datasets. Quickbird based fuel type classification presented not only higher overall accuracy but much more balanced commission/omission errors. A similar pattern in all three datasets is the underestimation of the f.t.5 (mixed forest) where ratio of omission over commission errors is above one. Especially in the case of the EO-1 Hyperion dataset omission errors are up to 7 times greater compared to the commissions errors.



Allocation disagreement values indicate incorrect spatial arrangement of the classified categories in comparison to the reference data (Figure 5) is the same for the two medium spatial resolution datasets (16%) and close to the allocation errors of the Quickbird imagery (17%). The quantity disagreement values expressing incorrect proportions of the various categories in comparison to the reference data is more satisfactory for the Quickbird imagery (9%) compared to the quantity disagreement of EO-1 Hyperion (14%) and Landsat TM (15%) datasets.



The high accurate labeling of pixels belonging to non-burnable fuel areas (NB fuel) in the EO-1 Hyperion dataset is reflected in the high ratio of omission/commission errors for this class. Large omission errors in this class are the same for the EO-1 Hyperion and TM datasets (38.3%) arising from the fact that this category includes objects such as roads, infrastructures etc., having a width/size smaller than the 30 m spatial resolving capability of the sensors.



The largest discrepancies between omission and commission errors in both medium spatial resolution datasets (i.e., Landsat TM and EO-1 Hyperion) are observed in f.t.5 (mixed forest) and f.t.1 (maquis) characterized by a spatial heterogeneous distribution pattern. Especially, patches of f.t.5 are found as relatively narrow transitional zones between homogeneous fuel type patches and hence they cannot always be detected by the relatively coarse resolution of the Hyperion and TM images. In the case of the Quickbird imagery discrepancies between omission and commission errors are more evident in f.t.3 (beech forest), where considering the homogeneity of these areas on the ground, should be attributed predominantly to the limited spectral information inherent in the image dataset. Moreover, the fact that EO-1 Hyperion and Landsat TM achieved similar accuracies in the discrimination of f.t.6 (grasslands) verifies the almost no-difference in the phenological state of grasslands observed between the mid-summer and October field surveys.



The findings of the McNemar’s test indicated no statistically significant overall accuracy differences between the three produced fuel type maps (Table 4).



While airborne hyperspectral data has been extensively evaluated for assessing and mapping fuel types and properties either alone [33–36,70,71] or in combination with active remote sensing (LiDAR) [72,73], satellite hyperspectral datasets have not been thoroughly evaluated alone or in comparison to other datasets over the same task [20,34].



The higher accuracy achieved from the Quickbird image is in line with the results of Tanase and Gitas [23], who have also highlighted the effect of the spatial resolution in fuel type mapping classification accuracy. Specifically, the OA obtained from the classification of a Quickbird image was higher compared to the accuracy obtained for a slightly different fuel classification scheme from an ASTER VNIR image, processed also through GEOBIA analysis [23].



Regarding the importance of high spectral resolution in fuel type mapping, Keramitsoglou et al. [20], found that EO-1 Hyperion provided better classification accuracy exceeding 90%, compared to the 85% of an ASTER image. In another study, Roberts et al. [34] reported a better accuracy for AVIRIS relative to Hyperion as a result of the much lower SNR of Hyperion, the coarser spatial resolution, the spatial artifacts and the solar zenith angle of the scene. We also found that despite the high spectral resolution of EO-1 Hyperion and it’s radiometric precision (12-bit) that is twice that of Quickbird imagery (11-bit), the later clearly outperformed the EO-1 Hyperion fuel type map in terms of classification accuracy. Our results are similar to Carter et al. [37], who compared the efficacy of Landsat-5 TM, Quickbird and EO-1 Hyperion data in discriminating invasive species populations and highlighted Quickbird superiority for the same objective.



Multispectral sensors data have known limitations such as sensor saturation and absence of specific narrowband to target and highlight specific biophysical and biochemical parameters [38,74–76]. We found almost similar accuracy for the medium spatial resolution sensors evaluated in the study regarding the high spectral resolution of EO-1 Hyperion. This is contrary to the findings of Keramitsoglou et al. [20] as described before but in line with the results obtained in other studies. For example, Gao and Liu [77] in a study for detection of land degradation found that Landsat-5 TM imagery outperformed the higher spectral resolution from the ASTER image producing higher overall and user’s accuracies, concluding that the spectral resolution of an image is not as important as the information content of individual bands.



A number of recent studies have indicated the advantages of using discrete narrowband data from specific portions of the spectrum, rather than broadband data, to obtain the most sensitive quantitative or qualitative information on crop or vegetation characteristics [38].



A possible explanation might lie in the time of acquisition of the hyperspectral image, during mid-autumn, which might affect the SNR of the image. SNR may vary depending not only on sensor characteristics but also on the signal strength with summer images having a higher SNR than winter images, when the sun is at a lower zenith angle for the same time and place [78]. Specifically for the Hyperion images, previous research has identified almost a double SNR in summer compared to winter acquisitions [79].



With regards to the most accurate fuel type map of our study obtained from the Quickbird imagery, it is slightly less accurate compared to the results obtained from Lasaponara and Lanorte [32] over an area in South Italy who noted a 75.83% overall accuracy. Yet, in an earlier study of ours, over approximately the same area extent, image objects were assigned to respective fuel types using a CART statistical model with an overall accuracy over 80% [13]. This difference, and considering that previous studies indicated the superiority of SVMs classifiers compared to CART algorithms [80], underlines the fact that an important component of the fuel type mapping process using VHR datasets is the use of object features that extend the original spectral and spatial information, such as image ratios, texture and contextual features. This is also verified by the finding that in the CART based fuel type map classification, half of the features selected corresponded either to textural measures after Haralick or to synthetic spectral bands. The higher accuracy achieved from the classification of the QB image is unquestionably related to the employment of GEOBIA. In relation, Blaschke [58] in a recent comprehensive review reports that a large number of studies have already verified that the existence of H-resolution scene model [81] significantly increases the within-class spectral variability and decreases the accuracy of pixel-based approaches when high and very-high resolution images are classified. In this work we employed different units of classification (one pixel vs. group of pixels) in order to avoid bias in the comparison resulting from the different scene and sensor characteristics. In fact, this work follows the suggestions of Blaschke [58] and Blasckhe et al. [82] according to which pixel-by-pixel techniques are more appropriate in the case of medium resolution imagery while—grouping of pixels into objects is needed in order to extract information from high spatial resolution sensors.




4. Conclusions


Accurate knowledge of the spatial extent of the fuels is of particular importance for national authorities and fire managers towards fire prevention, detection, fire effects assessment and impact quantification and mitigation strategies. Towards this direction we evaluated and compared three fuel type maps generated from EO-1 Hyperion, Quickbird and Landsat TM sensors over the same Mediterranean site.



This work can be perceived as the continuum of a research study conducted shortly before, over the same area, aiming at the evaluation of a Quickbird satellite imagery area for local scale fuel type mapping [13]. We are further motivated from the hypothesis that high spectral resolution may facilitate the identification of features while high spatial resolution may permit accurate location of features [83].



The overall accuracy of the Quickbird based fuel type map was higher than 74%, while the EO-1 Hyperion and Landsat TM based fuel type maps were of similar accuracy, around 70%. The McNemar’s test indicated no statistically significant overall accuracy differences between the three produced fuel type maps. Between the medium spatial resolution images that were used in this study and provided similar results, EO-1 Hyperion, though its larger number of spectral bands should improve mapping, has also higher data cost and considerable more complicated preprocessing phase due to increased data volume and inherent noise, in contrast to Landsat TM imagery which is easier to process, and covers a larger area. Implicit assumptions of the greater utility of high resolution satellite imagery are widespread, but do not always hold true [37], depending not only in the classification content, but on image acquisition parameters and scene configuration.



Classification results are related to several factors besides sensor characteristics and extrapolation of our findings to other areas or biomes require further studies. Future research will advance the use of the high spatial and high spectral data for fuel type mapping within the framework of data fusion in order to take advantage of the spectral and spatial resolution of each data source. The improved spectral, radiometric and SNR of the Operational Land Imager (OLI) on board the Landsat Data Continuity Mission (LDCM) and the 8-band WorldView-2 sensor is a further promising data source that should be evaluated for fuel type mapping purposes over Mediterranean areas.
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Figure 1. Overall process diagram of this research study. 
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Figure 2. Location of the study area, spatial extent of the EO-1 Hyperion, Quickbird, and Landsat TM imagery used in the research. 
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Figure 3. The EO-1 Hyperion (a); Quickbird (b); and Landsat TM (c) satellite images used in the study. In the lower row, respective subsets of the 3 images (a1–c1) on a larger scale illustrating spatial resolution differences. 
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Figure 4. Fuel type classification obtained from the EO-1 Hyperion (a); Quickbird (b) and Landsat TM (c) data using the SVMs classification algorithm. 
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Figure 5. Quantity and allocation disagreement observed for the three fuel type maps, derived upon the EO-1 Hyperion, Quickbird and Landsat TM images. 
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Table 1. Sensor and image specific characteristics of the data used in this study.
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EO-1 Hyperion

	
Quickbird

	
Landsat TM






	
Spectral range (/μm)

	
0.36–2.58

	
0.43–0.92

	
0.45–2.35




	
Spatial resolution (m)

	
30

	
2.4

	
30




	
Swath width (km)

	
7.7

	
16.5

	
185




	
Spectral resolution

	
0.1 μm

	
Variable

	
Variable




	
Signal-to-Noise Ratio (SNR)

	
150:1 to 50:1

	
166:1 to 172:1

	
72 to 60




	
Spectral coverage

	
Continuous

	
Discrete

	
Discrete




	
Radiometric resolution (bit)

	
12-bit

	
11-bit

	
8-bit




	
Number of bands (VNIR/SWIR)

	
196 (49/147)

	
4 (4/0)

	
6 (4/2)




	
Date of acquisition

	
October 2008

	
July 2004

	
July 2007




	
Sun elevation (deg.)

	
38.56

	
65.70

	
62.37
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Table 2. Fuel models of the study area.







Table 2. Fuel models of the study area.







	
Fuel Type

	
Fuel Model

	
Average Height (cm)

	
Total Fuel Load (t/ha)






	
f.t. 1

	
Evergreen-sclerophyllous shrublands (maquis) (up to 2 m)

	
152

	
28.9




	
f.t. 2

	
Litter layer of pine forests

	
4

	
3.1




	
f.t. 3

	
Litter layer of oak forests

	
6

	
5




	
f.t. 4

	
Litter layer of beech forests

	
4.5

	
4.7




	
f.t. 5

	
Litter layer of mixed forests

	
5

	
3.2




	
f.t. 6

	
Grassland

	
25

	
4.7
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Table 3. Error matrices of the three fuel classification approaches and accuracy assessment results based on overall, individual class accuracies and Khat values.
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EO-1 Hyperion






	
Reference Data






	
Classified Data

	
f.t. 1

	
f.t.2

	
f.t.3

	
f.t.4

	
f.t.5

	
f.t.6

	
Non Fuels

	
Classified Totals

	
User Accuracy

	
Producer Accuracy




	






	
f.t.1

	
33

	
3

	
4

	
8

	
8

	
3

	
8

	
67

	
49.25

	
84.62




	
f.t.2

	
2

	
45

	
2

	
1

	
8

	
2

	
2

	
62

	
72.58

	
80.36




	
f.t.3

	

	
3

	
51

	
1

	
5

	
3

	
3

	
66

	
77.27

	
72.86




	
f.t.4

	
4

	
2

	
10

	
51

	
9

	
4

	
3

	
83

	
61.45

	
78.46




	
f.t.5

	

	

	

	
1

	
8

	

	

	
9

	
88.89

	
20.51




	
f.t.6

	

	
3

	
3

	
3

	
1

	
48

	
2

	
64

	
80.00

	
78.69




	
NB fuel

	

	

	

	

	

	
1

	
29

	
30

	
96.67

	
61.7




	
Overall classification accuracy = 70.00

	

	

	

	

	
Kappa coefficient = 0.65

	




	






	
Quickbird






	
Classified Data

	
f.t. 1

	
f.t.2

	
f.t.3

	
f.t.4

	
f.t.5

	
f.t.6

	
Non Fuels

	
Classified Totals

	
User Accuracy

	
Producer Accuracy




	






	
f.t.1

	
25

	
4

	
5

	

	
4

	
3

	

	
41

	
60.98

	
64.1




	
f.t.2

	

	
45

	

	

	
4

	

	

	
49

	
91.84

	
78.69




	
f.t.3

	
12

	
5

	
57

	
14

	
7

	
6

	

	
101

	
56.44

	
91.49




	
f.t.4

	

	

	
5

	
46

	
8

	

	
1

	
60

	
76.67

	
70.77




	
f.t.5

	
1

	
2

	
1

	
4

	
16

	
1

	
1

	
26

	
61.54

	
41.03




	
f.t.6

	
1

	

	
2

	
1

	

	
48

	
2

	
54

	
88.89

	
81.43




	
NB fuel

	

	

	

	

	

	
3

	
43

	
46

	
93.48

	
80.36




	
Overall classification accuracy = 74.27

	

	

	

	

	
Kappa coefficient = 0.70

	




	






	
Landsat TM






	
Classified Data

	
f.t. 1

	
f.t.2

	
f.t.3

	
f.t.4

	
f.t.5

	
f.t.6

	
Non Fuels

	
Classified Totals

	
User Accuracy

	
Producer Accuracy




	






	
f.t.1

	
32

	
8

	
11

	
2

	
12

	
5

	
4

	
74

	
43.24

	
82.05




	
f.t.2

	
3

	
45

	

	

	
4

	
1

	

	
53

	
84.91

	
80.36




	
f.t.3

	
2

	
2

	
55

	
14

	
9

	
8

	

	
90

	
61.11

	
78.57




	
f.t.4

	

	

	
4

	
47

	
6

	
1

	

	
58

	
81.03

	
72.31




	
f.t.5

	
2

	
1

	

	
1

	
8

	

	

	
12

	
66.67

	
20.51




	
f.t.6

	

	

	

	
1

	

	
46

	
14

	
61

	
75.41

	
75.41




	
NB fuel

	

	

	

	

	

	

	
29

	
29

	
100.00

	
61.70




	
Reference Totals

	
39

	
56

	
70

	
65

	
39

	
61

	
47

	
377

	

	




	
Overall classification accuracy = 69.50

	

	

	

	

	
Kappa coefficient = 0.64
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Table 4. McNemar’s test indicated that there is no statistical difference in terms of accuracy between the three fuel type maps (statistically significant difference when χ2 > 3.84).
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EO-1Hyperion

	
Landsat TM






	
Landsat TM

	
0.11

	




	
Quickbird

	
1.96

	
3.00
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