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Abstract  11 

Mapping of vegetation in mountain areas based on remote sensing is obstructed by atmospheric and 12 

topographic distortions. A variety of atmospheric and topographic correction methods has been 13 

proposed to minimize atmospheric and topographic effects and should in principle lead to a better 14 

land cover classification. Only a limited number of atmospheric and topographic combinations has 15 

been tested and the effect on class accuracy and on different illumination conditions is not yet 16 

researched extensively. The purpose of this study was to evaluate the effect of coupled correction 17 

methods on land cover classification accuracy. Therefore, all combinations of three atmospheric (no 18 

atmospheric correction, dark object subtraction and correction based on transmittance functions) 19 

and five topographic corrections (no topographic correction, band ratioing, cosine correction, pixel-20 

based Minnaert and pixel-based C-correction) were applied on two acquisitions (2009 and 2010) of a 21 

Landsat image in the Romanian Carpathian mountains. The accuracies of the fifteen resulting land 22 

cover maps were evaluated statistically based on two validation sets: a random validation set and a 23 

validation subset containing pixels present in the difference area between the uncorrected 24 

classification and one of the fourteen corrected classifications. New insights into the differences in 25 

classification accuracy were obtained. First, results showed that all corrected images resulted in 26 

higher overall classification accuracies than the uncorrected images. The highest accuracy for the full 27 

validation set was achieved after combination of an atmospheric correction based on transmittance 28 

functions and a pixel-based Minnaert topographic correction. Secondly, class accuracies of especially 29 

the coniferous and mixed forest classes were enhanced after correction. There was only a minor 30 

improvement for the other land cover classes (broadleaved forest, bare soil, grass and water). This 31 

was explained by the position of different land cover types in the landscape. Finally, coupled 32 

correction methods showed most efficient on weakly illuminated slopes. After correction, accuracies 33 

in the low illumination zone (cos β ≤ 0.65) were improved more than in the moderate and high 34 

illumination zones. Considering all results, best overall classification results were achieved after 35 

combination of the transmittance function correction with pixel-based Minnaert or pixel-based C-36 

topographic correction. Furthermore, results of this bi-temporal study indicated that the topographic 37 

component had a higher influence on classification accuracy than the atmospheric component and 38 

that it is worthwhile to invest in both atmospheric and topographic corrections in a multi-temporal 39 

study. 40 

Keywords: land cover mapping; classification accuracy assessment; atmospheric correction; 41 

topographic correction; Landsat; mountain areas, bi-temporal. 42 

 43 

1. Introduction 44 

Assessing the rate and spatial pattern of land cover changes is challenging given the ruggedness and 45 

inaccessibility of mountain areas (Lambin and Geist, 2006). Remote sensing techniques are privileged 46 

monitoring tools and yet suffer from methodological challenges that need to be resolved by 47 

correction methods (Balthazar et al., 2012; Lhermitte et al., 2011). A typical image preprocessing 48 

includes sensor calibration, atmospheric and topographic correction and relative radiometric 49 

normalization (Vicente-Serrano et al., 2008). Remote sensing-based land cover mapping in mountain 50 

areas is especially affected by atmospheric and topographic effects on recorded sensor signals 51 
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(Soenen et al., 2008). Topographic effects are caused by differences in illumination due to solar 52 

position at the moment of image acquisition and result in a variation in reflectance response for 53 

similar terrain features (Veraverbeke et al., 2010). During the past 10 years, several atmospheric 54 

correction (AC) and topographic correction (TC) methods have been evaluated individually. Table 1 55 

summarizes the most commonly used correction methods. Some authors (Kobayashi and Sanga-56 

Ngoie, 2008; Richter, 1996; 1998) have evaluated the influence of an integrated AC and TC 57 

correction. The integrated methods that have been developed include a specific combination of an 58 

atmospheric and a topographic correction. In literature, though, only a limited number of coupled AC 59 

and TC corrections has been tested and described so far (Table 1). Nevertheless, at present, a 60 

systematic comparison of the performance of different coupled corrections on classification accuracy 61 

is lacking. 62 

<< TABLE 1 APPROXIMATELY HERE >> 63 

Several authors examined the influence of atmospheric and/or topographic corrections on land cover 64 

classification in mountain regions. In Table 2, an overview of recent studies about the influence of 65 

different correction methods on classification accuracy is presented. Depending on the correction 66 

methods used, there was no improvement in classification accuracy (Blesius and Weirich, 2005; 67 

Zhang et al., 2011) or an increase in the overall classification accuracy (OA) up to 40% (Gitas and 68 

Devereux, 2006). Although, it is difficult to compare the studies since the input files and parameters 69 

are different: study areas, vegetation types, sensors, DEM’s, AC and TC corrections. 70 

<< TABLE 2 APPROXIMATELY HERE >> 71 

 72 

In order to allow a good comparison between the existing AC and TC methods, a systematical 73 

analysis is essential. The overall research question of this paper is the evaluation of the impact of 74 

fifteen coupled AC and TC corrections on the accuracy of bi-temporal land cover classifications in 75 

mountain areas. A land cover classification analysis is performed on the image outputs after 76 

implementation of fifteen AC and TC combinations. The selected atmospheric and topographic 77 

correction methods are commonly used and have a different degree of complexity. They differ from 78 

relatively straightforward to methods that require a large amount of data and computations. The 79 

study area is a Landsat-5 Thematic Mapper (TM) image in the Romanian Carpathians. Four aspects of 80 

the overall research question are examined for two validation sets: 81 

- Which AC and TC combinations result in the best overall classification accuracy? 82 

- What is the influence of different AC and TC combinations on class accuracies? 83 

- Does the influence of coupled corrections on overall classification accuracy vary under 84 

different illumination conditions? 85 

- Does the influence of coupled corrections on classification accuracy vary under different 86 

atmospheric conditions? 87 

These four aspects help us to conclude what the individual effect of the different AC and TC 88 

components is on classification accuracy. 89 

 90 

2. Material and methods 91 

2.1. Study area and data acquisition 92 

2.1.1. Study area 93 

In order to address the research questions described above, a mountain study area of 915 km² in the 94 

Romanian Carpathian mountains was selected (Fig. 1(a) and (b)). The study area consists of rugged 95 

terrain with an elevation varying between 690 and 2,540 m above mean sea level. It includes the 96 

Făgăraș mountains at the intersection between the counties Brașov, Sibiu and Argeș. 97 

<< FIGURE 1 APPROXIMATELY HERE >> 98 

 99 
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The dominant lithology of the Făgăraș mountains is crystalline rock with occasional occurrence of 100 

limestone. Major soils include Podzols in the mountain zone and Cambisols in the foothill zone 101 

(FAO/UNESCO, 1988). Three natural vegetation zones are present: a foothill zone with mixed and 102 

broadleaved forests between 250 and 1,500 m with Betula pendula, Carpinus betulus and Fagus 103 

silvatica (Fig. 2(a)); a mountain zone (1,500–2,200 m; Fig. 2(b) and (c)) with coniferous forests (e.g. 104 

Abies alba, Picea abies, Pinus mugo); and an alpine zone (>2,200 m; Fig. 2(d)) above the tree line 105 

dominated by Carex curvula, Festuca supine and Juncus trifidus (Enescu, 1996; Kuemmerle et al., 106 

2008; Mihai et al., 2007). The majority of the land cover comprises forests as forestry has 107 

traditionally been an important component of the regional economy and a major source of rural 108 

income (Ioras and Abrudan, 2006). Forests provide important ecosystem services and they are being 109 

threatened by natural and human induced threats: bark-beetle infestations (Knorn et al., 2012), 110 

wind-throws (Anfodillo et al., 2008), extensive salvage logging after wind-throws (Macovei, 2009) and 111 

land restitutions (Kuemmerle, 2008). 112 

<< FIGURE 2 APPROXIMATELY HERE >> 113 

 114 

2.1.2. Satellite and elevation data 115 

The recent opening of the global Landsat archive by the United States Geological Survey (USGS) 116 

provides new opportunities to advanced land cover studies. The released archive of Landsat imagery 117 

is temporally and spatially extensive and freely available for download (Knudby et al., 2010). For this 118 

study, Landsat-5 TM images (path 183/row 28) with acquisition days July 24, 2009 and August 12, 119 

2010 were selected (see white-outlined rectangle in Fig. 1(a)). In this paper, all analyses were 120 

performed on the six non-thermal bands: three visible (0.45–0.52 μm, 0.52–0.60 μm and 0.63–0.69 121 

μm) and three infrared bands (0.76–0.90 μm, 1.55–1.75 μm and 2.08–2.35 μm). The images were 122 

orthorectified with precision terrain correction level L1T by the USGS. Clouds and cloud shadows 123 

were ignored since cloud coverage in the study area was below 1%. The solar elevation angle at 124 

image capture was respectively 57.8° and 53.8° for the 2009 and 2010 images. This implies that 125 

southeast facing slopes receive a maximum in solar radiation. The difference between the 126 

atmospheric parameters of both images is explained in the methodology. The co-registered digital 127 

elevation model (DEM) used in this study is the space shuttle radar topography mission (SRTM; Slater 128 

et al., 2006) from CGIARCSI/NASA. The SRTM provides a high-quality DEM at resolution levels of 1 arc 129 

sec (30 x 30 m) in the U.S.A. or 3 arc sec (90 x 90 m) worldwide (Rabus et al., 2003). For this study, 130 

the SRTM version 4.1 was resampled to a pixel size of 30 x 30 m by means of a bicubic spline 131 

interpolation to match the geo-reference of the Landsat dataset. This resampling approach was 132 

preferred over the use of the ASTER GDEM, which is originally characterized by a worldwide ~30 x 30 133 

m resolution, but is more subject to artefacts such as stripes or cloud anomalies (Hirt et al., 2010; 134 

Van Ede, 2004). 135 

2.1.3. Ground Control Points (GCP’s) 136 

GCP’s for land cover training and validation were gathered through field visits and the analysis of 137 

high-resolution satellite imagery. Training data were gathered systematically over the total image in 138 

order to collect the spectral range of the different classes. Pixels were chosen not too close together 139 

in order to avoid spatial autocorrelation (Campbell, 1981; Labovitz and Masuoka, 1984). First, eighty-140 

three usable GCP’s were recorded through transect walks in the study area during field visits in May 141 

2010 and July 2011 (Fig. 1(b)). The dominant vegetation type and topographic information, such as 142 

slope and elevation, was recorded for each point. Secondly, since the number of field-registered 143 

points was insufficient to serve as training and validation data for image classification, extra land 144 

cover data were derived by a visual interpretation based on high-resolution satellite imagery 145 

(WorldView-2, 8 bands, 46 cm resolution, acquisition date October 13, 2010). On the basis of the 146 

WorldView-2 image and field expertise, 322 extra reference points were identified. In order to check 147 

whether the land cover types for the selected reference points in 2010-2011 were equal in 2009, two 148 

Landsat images from the same season and acquired around identical dates (July 24, 2009 and August 149 
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12, 2010) we selected. Furthermore, the consistency of the land cover types throughout the years 150 

2009-2011 was checked based on Google Earth. 151 

<< FIGURE 3 APPROXIMATELY HERE >> 152 

2.2. Methodology 153 

Fig. 3. presents an overview of the applied methodology. After data acquisition, the input images are 154 

corrected by applying the fifteen combinations of AC and TC corrections (including scenarios without 155 

atmospheric and/or topographic correction). Secondly, each corrected image is classified. Thirdly, the 156 

land cover maps are evaluated by comparing overall classification accuracies, class accuracies and 157 

overall accuracies for three illumination conditions. 158 

 159 

2.2.1. Preprocessing steps 160 

The digital numbers (DN) of each spectral band were calibrated to at-satellite radiances (Ls,λ, in W/m2 161 

sr μm; Eq. (1)) based on gain and offset values obtained from the calibration file in the metadata 162 

(where Ls refers to the at-satellite radiances and λ to the band wavelength): 163 

Ls,λ = DN × gain + offset  (1) 164 

 165 

The calibrated radiance values were atmospherically corrected by means of 3 different AC methods 166 

(including no AC) as shown in Table 3. The AC methods used in this study are the following: i) no AC; 167 

ii) dark object subtraction (DOS) correction and iii) correction based on transmittance functions (TF 168 

correction). The methods were selected based on their application and modeling complexity. DOS 169 

correction is a widely used and a relative straightforward atmospheric correction method. The 170 

approach calculates a minimum radiance value (Lp, in W/m
2
 sr μm) for each band as the 1th 171 

percentile radiance value over the image. Lp accounts for the atmospheric effect and is subtracted 172 

from all pixels (Chavez, 1996; Eq. 3 in Table 3). The Lp values (in W/m2 sr μm) per band for the 2009 173 

and 2010 images are respectively: [37.50, 26.12, 14.50, 36.16, 2.76, 0.44] and [40.60, 27.57, 16.58, 174 

44.92, 3.60, 0.57]. The ambient atmospheric pressure (P, in mbar) is respectively 995 and 925 mbar 175 

for the 2009 and 2010 image. P is obtained from daily mean surface pressures (ascending; in mbar) in 176 

NASA’s atmospheric Giovanni portal (http://disc.sci.gsfc.nasa.gov/giovanni/overview/index.html, last 177 

accessed on January 8, 2013). The value of P is obtained for the central point in the image and at 178 

acquisition time. Precipitable water vapor values (W) are respectively 1.39 and 2.99 cm and obtained 179 

from the moderate-resolution imaging spectroradiometer (MODIS) on the Aqua satellite, as available 180 

on NASA’s atmospheric Giovanni portal. The TF correction extends the DOS method with a 181 

denominator containing normalized and band specific transmittance functions of water-vapor 182 

absorption and Rayleigh scattering as described in Eq. 4, 5 and 6, and in the subscript of Table 3. 183 

After AC correction, the path radiance (Lt,λ, in W/m
2
 sr μm) was converted to at-surface reflectance 184 

(ρT,λ) using Eq. 2 described by Markham and Barker (1986). 185 
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where: ρT,λ = observed surface reflectance on an inclined surface (%); Lt,λ = path radiance after 188 

atmospheric correction (W/m2 sr μm); d = earth–sun distance (astronomical units); θs= solar zenith 189 

angle (degrees) and ESUNλ= mean exo-atmospheric solar irradiance (W/m
2
 μm) according to the 190 

Landsat 5 sensor values of Chander et al. (2009) (ESUN = [1983, 1796, 1536, 1031, 220, 83 W/m2 191 

μm)). In a final step, the normalized reflectance of a horizontal surface (ρH,λ) was calculated using five 192 

topographic corrections described in Table 3 and including the case of no TC. The five selected TC 193 

methods were the following: i) no TC, ii) band ratioing, iii) cosine correction, iv) pixel-based Minnaert 194 

correction (PBM) and v) pixel-based C-correction (PBC). These TC methods were chosen to test 195 

different techniques that are commonly used and that have an increasing requirement of input 196 

parameters. Band ratioing is based on the assumption that reflectance values vary proportionally in 197 
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all bands. The method divides the observed reflectance by the arithmetic mean of observed 198 

reflectances over all spectral bands (Eq. 7, Table 3). The cosine correction reconstructs the 199 

differential illumination on the basis of the incident solar angle β that is the angle between the 200 

ground surface and the solar zenith direction (Eq. 8, Table 3). An alternative DEM-based approach 201 

that accounts for non-Lambertian behavior of reflectance by means of an empirical Minnaert 202 

constant k is the Minnaert correction. Different procedures for the calibration of the k-value have 203 

been proposed and in this study the method of Lu et al. (2008) is implemented (Eq. 9, Table 3). The 204 

pixel-based C-correction (Eq. 10, Table 3) consists of the topographic part of the integrated 205 

radiometric correction of Kobayashi and Sanga-Ngoie (2008). This method implements an additional 206 

factor Cλ to the cosine correction to account for diffuse sky irradiance. In general, the three AC and 207 

five TC methods – including no AC and no TC – were coupled to fifteen different combinations of AC 208 

and TC methods. The combination of no topographic and no atmospheric correction was considered 209 

as the baseline scenario. The most complex coupled correction (TF-PBM) simulated the total radiance 210 

pathway through the atmosphere and implemented the path radiance, solar direct irradiance, sky 211 

diffuse irradiance and adjacent terrain reflectance. Finally, the uncorrected images and the fourteen 212 

corrected images provide the input for the classification protocol described below. 213 

<< TABLE 3 APPROXIMATELY HERE >> 214 

 215 

2.2.2. Land cover classification 216 

In order to obtain classification accuracies, an appropriate classification algorithm is required. When 217 

detailed information of the study area exists and good training data are available, a supervised 218 

classification is preferable (Kuemmerle et al., 2006). The supervised maximum likelihood (ML) 219 

classifier based on the Gaussian distribution of the elements in the coherent scattering matrix is used 220 

in this study (Foody, 2002). The maximum likelihood decision rule is relatively convenient to 221 

implement when sufficient GCP’s are available. It is at present still the most widely applied 222 

classification technique because of its relative simplicity and robustness (Gao and Zhang, 2009). 223 

Furthermore, the classifier utilizes means, variances and covariances of training site statistics, where 224 

most other decision rules are based on simpler statistics (Chen et al., 2004). Table 2 shows moreover 225 

that ML classification is still being most commonly implemented in recent studies on land cover 226 

accuracy assessment (e.g. Gao and Zhang, 2009; Soenen et al., 2008). The classification procedure is 227 

based on a 10-fold cross validation (Kohavi, 1995) where the image is repeatedly trained with two-228 

thirds of the reference points and validation is based on 10-fold cross validation with the remaining 229 

one-third of reference points. Thereby, the 405 reference points are repeatedly and randomly 230 

subdivided in training and validation datasets. First, the classification is performed on the 231 

uncorrected and corrected images of 2010. Secondly, the endmembers of the 2009 image are 232 

collected based on the GCP’s of the 2010 image and applied on the 2009 image. The land cover 233 

classes used for image classification are described in Table 4. In total, six classes are discerned, 234 

including two non-vegetation classes (bare soil and water surface). Average reflectance values per 235 

wavelength and land cover type for the uncorrected images and the most advanced method (TF-236 

PBM) of 2009 (solid line) and 2010 (dashed line) are also analyzed to understand the differences in 237 

accuracy. 238 

<< TABLE 4 APPROXIMATELY HERE >> 239 

 240 

2.2.3. Evaluation of land cover classification 241 

The performance of land cover classification maps for each of the correction methods is examined 242 

based on three statistical analyses: 243 

(1)   Overall classification accuracy to determine the best combination of AC and TC; 244 

(2)   Land cover class accuracies to understand the effect on each class; 245 

(3)   Classification accuracies to examine the effect of different illumination conditions. 246 

 247 
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One of the most popular measures of classification accuracy derived from the confusion matrix is the 248 

percentage of cases correctly allocated (Foody, 2002). A problem is that some cases are allocated to 249 

the correct class purely by chance (Congalton, 1991; Pontius, 2000; Rosenfield & Fitzpatrick-Lins, 250 

1986; Turk, 1979). To accommodate for the effects of chance agreement, Cohen’s kappa coefficient 251 

has often been used and some commentators argue that it should, in some circumstances, be 252 

adopted as a standard measure of classification accuracy (Cohen, 1960; Congalton et al., 1983; 253 

Foody, 2002; Smits et al., 1999). In this study, average kappa coefficients of the 2009 and 2010 254 

images are derived as a measure of classification accuracy. The range of classification accuracies 255 

between both dates is shown through the whiskers on the bars and illustrates the difference in 256 

accuracy between the two dates. In this context, two validation datasets are used: a set containing all 257 

validation pixels and a so called difference subset. This subset includes the validation pixels that are 258 

classified differently between the classification of one of the coupled corrections and the 259 

classification of the uncorrected image. At class level, differences of average 2009-2010 kappa values 260 

(δkappa) for each class are calculated using the following equation (Zhang et al., 2011): 261 

δkappai = kappai, corrected − kappai, uncorrected (11) 262 

 263 

where: kappai, corrected is the kappa value of class i based on a corrected image classification; and 264 

kappai, uncorrected is the kappa value of class i derived from the uncorrected image classification. In this 265 

section, the global δkappa over all fourteen correction methods is also calculated to provide a 266 

general perspective on the performance of all coupled corrections. In general, topographic correction 267 

has a lower impact on the classification accuracy on flatter terrain. Therefore, the effect of AC/TC 268 

methods on classification accuracy is evaluated for three different levels of illumination separately. 269 

Therefore, both validation sets are divided in three illumination zones based on the illumination 270 

parameter cos β that is calculated using Equation 12 and varies between -1 and +1 (maximum 271 

illumination) (Civco, 1989): 272 

cos β = cos θs cos θn + sin θs sin θn cos (ϕt – ϕa)  (12) 273 

 274 

The three illumination zones are: low illumination [cos β ≤ 0.65], moderate illumination [0.65 < cos β 275 

< 0.85], and high illumination [cos β ≥ 0.85]. The spatial distribution of each zone is illustrated in Fig. 276 

4. An equal area subdivision of one-third of the total area is approximated with these class 277 

boundaries. Finally, based on all accuracy criteria, the individual effect of the two components (AC 278 

and TC) within a coupled correction is evaluated and the influence of coupled corrections under 279 

different atmospheric conditions is examined. 280 

<< FIGURE 4 APPROXIMATELY HERE >> 281 

 282 

3. Results 283 

3.1. Class reflectance  284 

Figure 5 shows average reflectance values per wavelength and land cover type for a) the uncorrected 285 

images and b) after TF-PBM correction of 2009 (solid line) and 2010 (dashed line). The spectra for all 286 

land cover types of both dates before correction are overlapping (Fig. 5(a)). Therefore, it is difficult to 287 

differentiate land cover classes in all bands before correction. On the contrary, the different land 288 

cover spectra of all bands show less overlap after TF-PBM correction. In band 1, 2, 3 and 7, the 289 

reflectance values per land cover class are less corresponding and the overlap between land cover 290 

classes also diminishes for bands 4 and 5. Especially the reflectance values of the GRASS, BL and WT 291 

classes are easily to differentiate after correction because of a strong overlap between the 292 

reflectance values of both dates. There is also an improvement between the differentiation of the 293 

three other land cover classes: the reflectance values between both dates are more similar or the 294 

values between the different land cover types are less corresponding.  295 
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<< FIGURE 5 APPROXIMATELY HERE >> 296 

3.2. Overall accuracy  297 

Fig. 6 presents average 2009-2010 kappa values of the uncorrected and corrected classifications 298 

using the full validation set (black) and the difference subset (white). For the full validation set, 299 

average kappa coefficients are generally high, varying between 0.87 (no AC and no TC; range 0.017) 300 

and 0.94 (TF-PBM; range 0.023). In this study, all coupled corrections result in higher average kappa 301 

values. The land cover maps of methods that combine an atmospheric correction (DOS or TF) with a 302 

PBC or PBM topographic method are performing best. For these combinations, average kappa values 303 

are 0.94 (Fig. 6; range respectively 0.006 and 0.007). Application of an atmospheric correction (DOS 304 

or TF) without TC correction increased average value with respectively 0.03 and 0.04 for the full 305 

validation set. Implementation of topographic corrections without AC correction resulted in higher 306 

average kappa values: +0.008 for band ratio, +0.015 for cosine, +0.027 for PBC and +0.022 for PBM 307 

correction. The range of classification accuracies provides information of the difference in 308 

classification accuracy between the 2009 and 2010 classification. For the coupled corrections without 309 

AC, the average range of classification accuracy between both dates is larger (~0.017) than for the 310 

DOS (~0.015) and TF (~0.007) corrections respectively. This implies that the difference in 311 

classification accuracy between different dates is larger when no AC is applied, whereas it is smallest 312 

for TF corrections with the TF-PBC method performing best (range 0.006).  313 

 314 

A new approach in this study was the analogue analysis that was carried out on the difference pixels. 315 

The implementation of a so-called ‘difference subset of pixels’ had the major advantage that 316 

differences in accuracies and ranges were more pronounced. The white bars in Fig. 6 show average 317 

kappa values in the difference area. The average kappa value of the uncorrected image in the 318 

difference area (0.22; range 0.025) is lower than the value of the entire image (0.87; range 0.017). 319 

Increases in average kappa value after application of topographic corrections without AC correction 320 

were the following: 0.10 for band ratio, 0.19 for cosine, and 0.23 for PBC and PBM correction. 321 

Implementation of DOS and TF without TC correction led to average kappa increases of respectively 322 

0.13 and 0.20 for the difference subset. The highest average kappa values in the difference area with 323 

lowest range are achieved after implementation of TF-PBC correction (average 0.77; range 0.012) 324 

and TF-PBM correction (average 0.76; range 0.023). 325 

<< FIGURE 6 APPROXIMATELY HERE >>  326 

 327 

To illustrate the effect of the different combinations, outputs of three representative techniques are 328 

shown for the 2009 land cover maps in Fig 7: the baseline scenario (i.e., the uncorrected image), a 329 

combination with a low classification accuracy (i.e., a TF and cosine combination) and a scenario with 330 

high accuracy (i.e., a TF and PBC combination). Figure 76(a)-(c) show the resulting true color 331 

composites and classified images. The difference in illumination is clearly visible for points 1 and 2 in 332 

the composite without correction (Fig. 7(a)) and combination of TF and cosine correction causes 333 

overcorrection in the visible bands (Fig. 7(b)). The TF-PBC correction (Fig. 7(c)) reduces the 334 

differential illumination effects: the same land cover types have comparable spectral values for 335 

similar terrain features on opposite facing slopes. As a result, illumination differences between points 336 

1 and 2 in Fig. 7(c) on opposite facing slopes have disappeared. The classification results show no 337 

clear differences between land cover maps resulting from the uncorrected (Fig. 7(a)) and the TF-338 

cosine corrected image (Fig. 7(b)). Table 5 shows the percentages of 2009 LC classes for the three 339 

combinations of correction methods and confirms this finding. There is only a minor difference of 340 

±3% in the broadleaved and mixed forest class that is hardly to distinguish on the indicated points 3 341 

and 4 in Figs. 7(a) and (b). Compared to these two maps, the LC map resulting from TF-PBC correction 342 

shows less BL and MX forest (Fig. 7(c)). This is confirmed by the data in Table 5: the decrease in the 343 

BL and MX classes after TF-PBC correction and compared to the baseline scenario is respectively 7% 344 

and 12%. The BS class is decreasing with 3% and in contrast, the CF and GRASS classes are increasing 345 

with respectively 8% and 14%. The difference is also shown by comparison between points 3 and 4 346 
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on the LC maps. For point 3, the MX forest type in Figs. 7(a) and (b) has disappeared and is replaced 347 

by CF forest in Fig. 7(c). The dominant BL forest type in point 4 is replaced by grasslands and bare soil 348 

in Fig. 7(c).  349 

<< TABLE 5 APPROXIMATELY HERE >> 350 

<< FIGURE 7 APPROXIMATELY HERE >>  351 

 352 

3.3. Class accuracy 353 

Fig. 8 shows average 2009-2010 δkappa values per class between uncorrected and corrected image 354 

using the full validation set for the 14 combinations of corrections and a global value per class over 355 

the 14 combinations of corrections. The results are included in a bubble chart whereby the size of the 356 

bubble represents the average 2009-2010 δkappa value. A red color represents a negative δkappa 357 

value and a blue color a positive δkappa value. Positive average δkappa values indicate a more 358 

accurate classification of a specific land cover class compared to the baseline scenario. The results 359 

show positive average δkappa values for the CF and MX classes which implies that coupled 360 

corrections improve classification accuracy for these LC categories. The combination of TF-PBM 361 

correction produces the best results: increases in average kappa values of respectively 0.17 and 0.18 362 

for the CF and MX forest types. The global δkappa values over all fourteen correction methods are 363 

also shown in Figure 8. The global value increases with 0.09 for the CF and MX forest types and with 364 

0.01 for the GRASS class. For the three other LC types (BS, BL and WT), general mapping accuracy is 365 

not increasing after correction: difference values of the WT and BL class have not been changed and 366 

there is even a small negative global δkappa value (-0.03) for the BS class.  367 

<< FIGURE 8 APPROXIMATELY HERE >> 368 

 369 

The average 2009-2010 accuracy of the six classes is also evaluated within the difference area (Fig. 9). 370 

Average δkappa values of the CF and MX forest types are especially improving after correction. The 371 

trend for the CF and MX forest class is similar as the trend for the full validation set but almost all 372 

average δkappa values have increased. The maximum average δkappa value for the CF class is 0.30 373 

(TF-PBC combination), compared to the maximum average value of 0.17 for the CF class using the full 374 

validation set. The MX forest class has a maximum average δkappa value of 0.20 (TF-PBM 375 

combination), an increase with 0.02 compared to the maximum average value of 0.18 for the full 376 

validation set. Trends for the other classes are not uniform. The global δkappa values (Fig. 9) over all 377 

fourteen correction methods per LC class are pinpointing to general increases of respectively 0.19 378 

and 0.10 for the CF and MX forest types. For the four other LC types (BS, BL, GRASS and WT), global 379 

δkappa values are not increasing or even slightly decreasing in the difference zone. Compared to the 380 

full validation set, BS and GRASS classes are performing slightly worse in the difference zone (global 381 

δkappa of -0.01). The global class accuracy of WT is slightly positive (0.01) and the BL class is 382 

performing equal before and after correction. 383 

<< FIGURE 9 APPROXIMATELY HERE >> 384 

 385 

3.4. Illumination conditions 386 

Figure 10 shows that the average 2009-2010 accuracy of the uncorrected image is small in the low 387 

illumination zone (kappa value of 0.23; range 0.018). After correction the accuracy is improving, 388 

especially for the combination of TF-PBC or TF-PBM. For those two combinations, average kappa 389 

values are increasing from 0.23 (range 0.018) to 0.72 (range respectively 0.011 and 0.012). The range 390 

of classification accuracies between both dates is smallest after implementation of the TF with a 391 

topographic correction method: 0.013 (band ratioing), 0.014 (DOS), 0.011 (PBC) and 0.012 (PBM). 392 

Results in the difference area of the low illumination zone show again that highest average kappa 393 

values with lowest range are achieved after implementation of TF-PBC (average 0.72; range 0.011) 394 

and TF-PBM correction (average 0.72; range 0.012). The same trends are visible in the moderate and 395 

high illumination zone. Here, the accuracies are also improving, although the increases are smaller 396 
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(respectively +0.45 and +0.42 between no AC/TC and TF-PBM) than in the low illumination zone 397 

(+0.49 between no AC/TC and TF-PBM). In the moderate zone, the largest improvement in accuracy 398 

is an increase in average kappa from 0.33 (baseline scenario; range 0.015) to 0.84 (TF-PBM; range 399 

0.007). Overall, the accuracy is largest in the high illumination zone with average kappa value of 0.85 400 

for the TF-PBM combination (range 0.007). 401 

<< FIGURE 10 APPROXIMATELY HERE >> 402 

 403 

4. Discussion 404 

This study provided new insights on the impact of fourteen combinations of atmospheric and 405 

topographic correction methods on the accuracy of land cover classification. Adding and comparing 406 

the effect of AC/TC correction in combination with different classification algorithms would generate 407 

so many data and to some extent hide the single effect of AC/TC correction. Therefore, the maximum 408 

likelihood decision rule was applied since it’s still the most widely applied classification technique 409 

and accurate when sufficient GCP’s are available. The GCP’s were recorded through transect walks 410 

during field visits in May 2010 and July 2011 and applied on both dates. Optimally, GCP’s of 2009 411 

were also available. The land cover classification under the baseline scenario (no topographic and no 412 

atmospheric corrections) was relatively high because of the high quality of the Landsat image and the 413 

availability of a large number of land cover calibration data that were collected during fieldwork. 414 

Differentiation between land cover classes was relatively difficult before correction: there was an 415 

overlap between average reflectance values of both dates per land cover type and band and the 416 

differences between average class reflectance values was small (Figure 5(a)). Average reflectance 417 

values per wavelength and land cover type before and after correction showed that the 418 

differentiation between land cover classes simplified after coupled correction. Considering overall 419 

accuracies of the full validation set, average kappa values were generally high. The overall high 420 

accuracies were achieved through the implementation of a high-quality image and a high number of 421 

reference data sampled on the ground by means of field work. 422 

The results indicated that average land cover classification accuracy increased more after coupled 423 

AC/TC correction than when an individual AC or TC correction is applied. The average kappa 424 

coefficients varied between 0.87 for the baseline scenario and 0.94 for TF-PBM correction. Compared 425 

to other studies performed by Hale and Rock (2003), Gitas and Devereux (2004) and Cuo et al. 426 

(2010), overall accuracies were high and the increases in accuracy were therefore lower. Comparable 427 

results were achieved by a study of Huang et al. (2008). There, overall accuracy increased from 85.5% 428 

to 89.7% after a combination of a MODTRAN and SCS correction. Gao and Zhang (2009) described an 429 

OA increase from 51% to 91% after a simplified normalization. The characteristics of the study area 430 

(steep slopes, no intensive human influence, few roads and low population) were favorable to 431 

discourage large changes in land cover between both dates. Although, a small variety in accuracy 432 

range between both dates was expected since there were changes between the on ground land 433 

cover types of 2009 and 2010. The range in classification accuracy between both dates was larger 434 

when no AC was applied (0.017), whereas the range was smallest for TF corrections (0.007). The 435 

ranges for the accuracies after DOS (~0.015) and no AC were comparable (~0.017), but a larger 436 

variability in range for DOS correction was normally expected since the overall accuracies were 437 

higher after DOS correction. A large range in accuracies of land cover maps without AC correction 438 

was found since the atmospheric parameters between both images were different. After AC and TC 439 

correction, there was a smaller range in accuracies because the effect of diverse atmospheres and 440 

illumination was removed. Therefore, an identical and optimal classification was performed after 441 

coupled AC/TC correction. In general, the TF-PBC method was performing best with a range of only 442 

0.006. 443 

The composite without correction (Fig. 7(a)) showed differences in illumination on opposite slopes. 444 

Combination of TF and cosine correction (Fig. 7(b)) caused an overcorrection in the visible bands. This 445 
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was explained by the ignorance of the diffuse sky irradiance, resulting in an overestimation of the 446 

output radiance data (Teillet et al., 1982). Combination of the TF-PBC and TF-PBM correction (Fig. 447 

7(c)) reduced the differential illumination effects on opposite facing slopes and solved the problem of 448 

overcorrection. The natural catena from broadleaved forest on the footslopes over mixed and 449 

coniferous forest to grasslands at the highest altitudes (as described in the study area section) was 450 

best depicted on the TF-PBC map. This result was explained by the location of the different land 451 

cover types in the landscape: the forest classes (BL, MX and CF) covered the steepest slopes 452 

dominated by differences in illumination (Fig. 1(a)-(c)). On the contrary, the other land cover types 453 

(BS, GRASS and WT) were located on the mountain ridge where illumination was high. As a 454 

consequence, it was harder to improve the differentiation between these three land cover classes 455 

since the class accuracy before correction was already high. In less mountainous areas and when 456 

atmospheric variables between the dates are larger, atmospheric corrections have a larger impact on 457 

classification accuracy. Therefore, it is recommended to invest in AC and TC methods for multi-458 

temporal studies. A balance must be found between the benefits of AC/TC correction in terms of 459 

increased classification accuracy and decreased automation potential. Such balance depends on: the 460 

size of the study area, the number of footprints, the number and the location of the available GCP’s, 461 

the location and the spectral signatures of the land cover types that need to be mapped. 462 

The results of the class accuracies showed positive average δkappa values for CF and MX classes and 463 

no real classification improvements for the other land cover classes (BS, BL, GRASS and WT). The 464 

study of Zhang et al. (2011) at class level showed that δkappa values of pine forests on sunny and 465 

shaded slopes increased by a maximum of about 0.12 using topographically corrected images. On the 466 

contrary, δkappa values of oak and mixed forests on sunny and shaded slopes decreased up to 0.7 467 

after correction. The MFM-TOPO correction of Soenen et al. (2008) increased pine class accuracy by 468 

62% over shaded slopes and spruce class accuracy by 13% over moderate slopes. Finally, 469 

classification accuracies were evaluated for three illumination conditions separately. Here, new 470 

insights were obtained on the effect of different illumination zones within the difference area. 471 

Average accuracy of the uncorrected image was smallest in the low illumination zone and largest in 472 

the high illumination zone. The largest improvements in accuracy were achieved in the low 473 

illumination zone, where the average kappa value increased from 0.23 (baseline scenario; range 474 

0.018) to 0.73 (TF-PBM; range 0.012). This comparison showed that the correction methods 475 

performed best on steep slopes in mountain areas.  476 

Considering the overall results, the study showed that the most complex coupled corrections (TF-PBC 477 

and TF-PBM) performed best because they simulate the radiance pathway through the atmosphere 478 

in the most accurate way. In general, results indicated that the topographic component had a higher 479 

influence on classification accuracy than the atmospheric component. This is shown by the difference 480 

in overall classification accuracies in Figure 6 for the full and difference subset. The accuracy 481 

differences are explained by relative large differences in elevation (690 to 2,540 m above mean sea 482 

level) and solar elevation angles (respectively 57.8° and 53.8°) between both dates. There are relative 483 

small differences in atmospheric parameters (minimum radiance, ambient atmospheric pressure and 484 

precipitable water vapor) as described in the preprocessing steps section. In a multi-temporal study 485 

with more pronounced variations in atmospheric parameters, the impact AC methods becomes more 486 

important.  487 

5. Conclusions 488 

A wide range of atmospheric and topographic correction methodologies is available in literature. The 489 

application of coupled corrections is labor and data intensive, especially for the most advanced 490 

techniques. It is therefore important to examine the added value of these corrections on land cover 491 

classification. In this paper, the added value of fifteen coupled corrections (including the scenarios 492 

without atmospheric and/or topographic correction) was evaluated on a bi-temporal dataset and 493 

based on 3 criteria: overall classification accuracy, class accuracy and illumination specific accuracy. 494 
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The statistical analysis was performed for two validation sets: a set containing all validation pixels 495 

and a subset containing the difference pixels between the classified, uncorrected image and one of 496 

the classified, corrected images. 497 

Analysis of average reflectance values per wavelength and land cover type between the uncorrected 498 

and corrected images of 2009 and 2010 show that differentiation between all land cover classes 499 

improves after coupled correction. The accuracy results show that overall classification accuracies of 500 

all corrected land cover maps increase after coupled correction. Average kappa coefficients for the 501 

full validation sets differ between 0.87 for the scenario without corrections (range 0.017) and 0.94 502 

for the atmospheric correction based on transmittance functions (TF) coupled with the pixel-based 503 

Minnaert (PBM) correction (range 0.023). Higher increases in average kappa values are present for all 504 

coupled corrections when the difference validation subset is used. The results also indicate that 505 

average land cover classification accuracy increases more after coupled AC/TC correction than after 506 

an individual AC or TC correction. After coupled AC/TC correction, the differences in range between 507 

both dates and images are removed and an identical and optimal classification is performed. Results 508 

of the class accuracies show positive average δkappa values for coniferous and mixed classes and no 509 

real classification improvements for the four other land cover classes. In this study, the impact of 510 

coupled AC/TC corrections is especially effective to increase the mapping accuracy of the different 511 

forest types. AC/TC corrections are less effective in increasing mapping accuracies of land cover types 512 

above the tree line since these area’s are well illuminated. Considering the analysis in the different 513 

illumination zones, coupled correction methods perform best in the low illuminated areas. 514 

In this bi-temporal study, results indicate that the influence of the topographic component on 515 

classification accuracy is higher than the atmospheric component. This is explained by relative small 516 

variations in atmospheric parameters and relative large differences in topographic parameters 517 

between both dates. Although the topographic component influences the accuracy more than the 518 

atmospheric component, it is worthwhile to invest in both atmospheric and topographic corrections 519 

in a multi-temporal study. For each application a balance must be found between the benefits of AC 520 

and TC corrections in terms of increased classification accuracy and decreased automation potential 521 

of the preprocessing procedure. Furthermore, application of a coupled correction based on a 522 

complex TC component (PBC or PBM) and a TF atmospheric component is justified in this study. Best 523 

overall classification results are achieved after TF-PBM or TF-PBC because the pathway through the 524 

atmosphere is simulated in the most accurate way. Drawback of these advanced methods are, 525 

however, their data requirements that do not allow a fully automated application and integration in 526 

image preprocessing chains. Further research should focus on the application of the coupled 527 

corrections to other study sites and larger temporal series. 528 

 529 
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852 
Fig. 1. (a) Location of the study area in Romania: t853 

rectangle is the study area. (b) True color composite image (854 

registered reference points. (available in color online)855 

 856 

 857 

 858 

859 
 860 

861 
Fig. 2. (a) Foothill zone (1,020 m) with mixed and862 

(c) Mountain zone (2,050 m) with small vegetation863 

color online) 864 
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rue color composite image (RGB: band 3, 2 and 1) of the study area: the dots indicate the 

(available in color online) 

 

 
0 m) with mixed and broadleaved forests. (b) Mountain zone (1,640 m) with coni

small vegetation. (d) Alpine zone (2,360 m) above the tree line with grasses. 
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867 

Fig. 3. Overview of the methodology: data acquisition, preprocessing steps, land cover classification and evaluation of the 868 

land cover classification.  869 

 870 

871 

Fig. 4. The study area divided in three illumination zones:872 

illumination [0.65 < cos β < 0.85] and the high illumination 873 

  874 

data acquisition, preprocessing steps, land cover classification and evaluation of the 

 

The study area divided in three illumination zones: black is the low illumination zone [cos β ≤ 0.65], gray is moderate 

0.85] and the high illumination zone is indicated in white [cos β ≥ 0.85]. 
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data acquisition, preprocessing steps, land cover classification and evaluation of the 

0.65], gray is moderate 
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 875 

Fig. 5. (a) Average reflectance values per wavelength (band) and land cover type for the uncorrected images of 2009 (solid 876 

line) and 2010 (dashed line). (b) Average values for the most advanced method (TF-PBM) of 2009 (solid line) and 2010 877 

(dashed line). (available in color online) 878 

 879 

 880 

Fig. 6. Average kappa coefficients between the 2009 and 2010 images using the full validation set (black) or difference 881 

subset (white) of the 15 combinations of corrections. The range of classification accuracies between both dates is shown 882 

through the whiskers on the bars. 883 
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 885 

 886 
Fig. 7. True color composite (RGB: band 3, 2 and 1) and ML classification of the 2009 image with a linear stretching: (a) no 887 

AC or TC with implementation of the GCP’s; (b) TF with cosine correction and (c) TF with PBC correction. 888 
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 890 
Fig. 8. Average 2009-2010 δkappa values per class between uncorrected and corrected image using the full validation set 891 

for the 14 combinations of corrections and a global value per class over the 14 combinations of corrections. The size of the 892 

bubble represents the average 2009-2010 δkappa value. A red color represents a negative δkappa value and a blue color a 893 

positive δkappa value. BS = bare soil; BL = broadleaved forest; CF = coniferous forest; MF = mixed forest; GRASS = grassland; 894 

WT = water. (available in color online) 895 

 896 

Fig. 9. Average 2009-2010 δkappa values per class between uncorrected and corrected image using the validation subset 897 

for the 14 combinations of corrections and a global value per class over the 14 combinations of corrections. The size of the 898 

bubble represents the average 2009-2010 δkappa value. A red color represents a negative δkappa value and a blue color a 899 

positive δkappa value. BS = bare soil; BL = broadleaved forest; CF = coniferous forest; MF = mixed forest; GRASS = grassland; 900 

WT = water. (available in color online)  901 



 902 

903 

Fig. 10. Average kappa coefficients between the 2009 and 2010 images904 

different illumination characteristics (black represents the low illumination zone905 

zone and white is the high illumination zone906 

the whiskers on the bars. 907 
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the 15 combinations of corrections for three 

gray stands for the moderate illumination 

The range of classification accuracies between both dates is shown through 
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Table 1 

Type, correction, reference and abbreviation of AC, TC and integrated (int.) or coupled methods. 

Type Correction Reference Abbreviation 

AC  DOS  Chavez, 1996 DOS is the dark object subtraction method 

 Empirical line Smith and Milton, 1999  

 LOWTRAN-7 

ATCOR2 

6S 

 

Inverse technique 

SMAC 

Kneizys et al., 1988 

Richter, 1996 

Sriwongsitanon et al., 2011; Vermote et al., 

1997; Zhao et al., 2000;  

Gilabert et al., 1994 

Rahman and Dedieu, 1994 

LOWTRAN is low resolution atmospheric transmission 

ATCOR2 is an acronym for atmospheric correction (AC) 

6S is second simulation of a satellite signal in the solar spectrum  

 

SMAC is a simplified method for AC 

 MODTRAN Berk et al., 1998 MODTRAN is moderate resolution atmospheric transmission 

 AC with look-up tables 

Transmittance functions (TF) 

RTC’s, image-based procedures and DOS 

Liang et al., 2001; Liang and Fang, 2004 

Kobayashi and Sanga-Ngoie, 2008 

Moran et al., 1992 

 

This method is the AC part of the integrated radiometric correction (IRC) 

RTC’s are radiative transfer codes 

TC  Band ratios Colby, 1991; Ono et al., 2007  

 Minnaert 

 

Cosine 

C  

Bishop and Colby, 2002; Lu et al., 2008; 

Minnaert, 1941; Smith et al., 1980 

Teillet et al., 1982 

Bishop et al., 2003; Jensen, 1996; Meyer et al., 

1993; Teillet et al., 1982 

 

 

 Modified C-correction 

Two stage topographic normalization 

Veraverbeke et al., 2011 

Civco, 1989 

 

 Minnaert with changing constant and correction based on empirical function 

SCS 

Ekstrand, 1996 

Gu and Gillespie, 1998 

 

SCS is the sun-canopy-sensor topographic correction (TC) 

 C-Huang Wei 

Band ratio, Minnaert, aspect partitioning and combinations of these corrections 

Huang et al., 2008 

Hale and Rock, 2003 

 

 PBC and PBM Kobayashi and Sanga-Ngoie, 2008 PBC and PBM are pixel-based Minnaert and pixel-based C-correction 

 Empirical line, cosine, C, Minnaert, statistical-empirical, SCS, b, SCS+C and  

MFM-TOPO 

Soenen et al., 2008 MFM-TOPO is canopy reflectance model-based TC 

 Empirical, cosine, C and Minnaert 

Cosine, SCS, b and VECA 

Wu et al., 2008 

Gao and Zhang, 2009 

 

VECA is the variable empirical coefficient algorithm 

 C, modified Minnaert and Gamma Richter et al., 2009  

 Simplified normalization 

Cosine, C, Minnaert, modified Minnaert and empiric–statistic correction 

Cuo et al., 2010 

Hantson and Chuvieco, 2011 

 

 Cosine, C, smooth C, SCS+C, C-Huang Wei and slope matching Singh et al., 2011  

 Three-factor+C Zhang and Gao, 2011  

 Cosine, Minnaert , C, SCS, two stage topo normalization and slope matching Zhang et al., 2011  

Int. or 

coupled 

Inverse technique + band ratios 

ATCOR2 + DEM [ATCOR3] 

Conese et al., 1993 

Richter, 1997; Richter and Schäpfler, 2002; 

Richter and Schäpfler, 2011 

 

 6S + DEM Sandmeier and Itten, 1997  

 DOS + Minnaert, C and variation of C Riaño et al., 2003  

 DOS + cosine and SCS Vincini and Frazzi, 2003  

 ATCOR2 + Minnaert Mitri and Gitas, 2004  

 LOWTRAN-7 + Minnaert 

MODTRAN + SCS 

TF + PBC [IRC] 

Gitas and Devereux, 2006 

Huang et al., 2008 

Kobayashi and Sanga-Ngoie, 2008 

 

 

IRC is the integrated radiometric correction 

 DTA and 6S + cosine and C Vicente-Serrano et al., 2008 DTA is the dark target approach 

 MODTRAN-4 + AMARTIS and SIERRA Lenot et al., 2009 AMARTIS is advanced modeling of atmospheric radiative transfer for 

inhomogeneous surfaces; SIERRA is spectral reflectance image extraction 

from radiance with relief and AC 

 DOS + Minnaert and SCS  Gao and Zhang, 2009  

 Parameterized BRDF’s Wen et al., 2009 BRDF stands for bidirectional reflectance distribution function 



 

 

1 



 

 

Table 2 2 

Reference, study area and land cover, classification method, AC and TC, and improvement in accuracy after correction. 3 

Reference Study area and 

land cover (LC) 

Classification 

method 

AC and TC  Improvement in 

accuracy after 

correction 

Conese et al., 1993 

 

Meyer et al., 1993 

Italy, all LC’s 

 

Switzerland, 

(non)-forest 

Supervised (ML
1
) 

 

Not specified 

Inverse technique + topographic 

normalization 

No AC + statistical, Minnaert and C 

Kappa increase from 

0.56 to 0.62 

Overall accuracy (OA) 

increase with 10-30% 

Sandmeier and Itten, 

1997 

Coburn and Roberts, 

2004 

Hale and Rock, 2003 

Switzerland, all 

LC’s 

Canada, all 

LC’s 

USA, all LC’s 

Supervised (ML) 

 

Supervised (ML) 

 

Supervised (ML) 

6S + DEM 

 

No AC + different statistical 

texture measures 

No AC + band ratios, Minnaert, 

aspect partitioning and 

combinations of these corrections 

OA increase between 

1-7% 

Not specified  

 

OA increase with 4-

13% 

Mitri and Gitas, 2004 Greece, all LC’s Fuzzy 

classification 

ATCOR2 + multi-resolution 

segmentation 

OA of 98.85% 

Blesius and Weirich, 

2005 

Gitas and Devereux, 

2006 

Huang et al., 2008 

USA, all LC’s 

 

Greece, all LC’s 

 

USA, all LC’s 

Supervised 

 

Supervised (ML) 

 

Unsupervised 

(SVM
2
) 

No AC + Minnaert 

 

DOS + Minnaert 

 

MODTRAN + SCS and a revised 

correction 

No improvement 

 

OA increase of 

maximum 40% 

OA increase from 

85.5% to 89.1% 

Soenen et al., 2008 Canada, all 

LC’s 

Supervised (ML) Empirical line + cosine, C, 

Minnaert, statistical-empirical, 

SCS, b, SCS+C and MFM-TOPO 

Class accuracy 

increase between 13-

62% 

Gao and Zhang, 2009 

 

Cuo et al., 2010 

China, all LC’s 

 

Thailand, all 

LC’s 

Supervised (ML) 

 

Supervised 

DOS + Minnaert and SCS 

 

Simplified normalization 

OA increase from 

88.1% to 89.7% 

OA from 55% to 85% 

and 51% to 91% 

Zhang et al., 2011 China, all LC’s Unsupervised 

(artificial neural 

networks) 

No AC + cosine, Minnaert, C, SCS, 

two stage normalization and slope 

matching 

No improvement 

1
 ML is the maximum likelihood classification algorithm 4 

2 
SVM is the support vector machine method. 5 

 6 

 7 

 8 

  9 
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Table 3 10 

Overview of the three AC and five TC correction methods that were applied in this study (with equations and references). 11 

Type Correction Equation  Reference 

AC No AC /  / 

 DOS 
 

(3) Chavez, 1996
 

  

TF 

  
with: 

, 4 2
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1
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Kobayashi and 
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Ono et al., 2007
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Teillet et al., 1982 
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Lu et al., 2008
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(10) 

 

Kobayashi and 

Sanga-Ngoie, 2008 

Lt,λ is the corrected radiance value of the image, Ls,λ is the uncorrected radiance value of the image and Lp represents the 12 

minimum radiance of the uncorrected radiance values of the image. Tr,λ is the Rayleigh scattering transmittance function 13 

and is function of sea-level atmospheric pressure (P0; in mbar), ambient atmospheric pressure (P; in mbar) and wavelength. 14 

The sea-level atmospheric pressure is 1,013 mbar. The relative air mass M is calculated with the equation in the paper of 15 

Kobayashi and Sanga-Ngoie (2008) and implements the solar zenith angle. Tw,λ is the water-vapor transmittance function 16 

and is calculated based on following parameters: precipitable water vapor (W; in cm), relative air mass (M) and water vapor 17 

absorption coefficients (aw) given as a function of wavelength (Bird and Riordan, 1986). The value of W is also obtained 18 

based on the acquisition date of the image and the geographic coordinates of the central point in the image. ρH,λ stands for 19 

the normalized reflectance of a horizontal surface for a specific spectral band number (N) and ρT,λ for the observed 20 

reflectance on an inclined terrain. β is the incident solar angle and cos β is the illumination parameter calculated by cos β = 21 

cos θs cos θn + sin θs sin θn cos (ϕt – ϕa). Where θn, ϕt and ϕa denote the slope angle of the terrain, the aspect angle of the 22 

terrain and the solar azimuth angle, respectively. kλ is the slope of the regression between x = log(cos θn cos β) and y = 23 

log(ρT,λ cos θn) and is conducted for each slope group in order to develop the k value for each band corresponding to each 24 

slope group. Parameter Cλ is the quotient of intercept (bλ) and slope (mλ) of the regression line between x and y, the h-25 

factor represents a topographic parameter deduced from the SRTM [h = (1-θn)/π] and the h0-factor is an empirical 26 

parameter derived from the regression line between reflectance and cos β [h0 = (π +2θs)/2π]. 27 
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Table 4 29 

Land cover classes, code and dominant species in the study area. 30 

Land cover classes Code Dominant species 

Broadleaved forest BL Carpinus betulus, Fagus sylvatica, 

Quercus petraea Quercus robur 

Bare soil BS / 

Coniferous forest CF Abies alba, Picea abies, Pinus mugo, 

Pinus sylestris 

Grassland GRASS  

Mixed forest
1 

MX Betula pendula, Juglans sp., Prunus 

avium, Robinia Pseudoacacia, Salix sp., 

Sorbus sp., Tillia cordata 

Water surface WT / 
1
Mixed forests are stands where neither broadleaved nor coniferous trees account for more than 75% of the tree crown 31 

area (UN-ECE/FAO, 2000). 32 

 33 

 34 

 35 

 36 

 37 

 38 

 39 

Table 5 40 

Percentage of the six land cover classes present in 3 combinations of 2009 AC and TC correction methods (%). 41 

 No AC - no TC TF - cosine TF - PBC 

Broadleaved forest 26 29 19 

Bare soil 19 19 16 

Coniferous forest 12 11 20 

Grassland 15 16 29 

Mixed forest 27 24 15 

Water surface 1 1 1 
 42 

 43 

 44 


