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Abstract 25 

Urbanization in Debrecen, Hungary, has rapidly developed buildings and infrastructure, replacing ecosystems like 26 

vegetation, forest, and farmland. This has created a high percentage of sealed-up land, which cannot absorb water 27 

leading to water quality impairment in nearby water bodies. This research aims to examine the degree of land 28 

imperviousness in Debrecen, Hungary, and its effect on stormwater movement. Properly handling impervious surfaces 29 

can prevent future disruptions, such as inundation caused by uncontained rainwater. The Normalized Built-Up Index 30 

was used for classification in the first analysis of the images, while the Linear Spectral Mixture Analysis (LSMA) was 31 

used for post-processing, resulting in an improved classification of built-up and non-built-up regions. The Sentinel 32 

2020 had the highest recorded accuracy of 0.6, 0.243, and 0.059 for the R2, Root Mean Square Error (RMSE), and 33 

Mean Square Error (MSE). Based on the predictions, 32.5 percent of the area is pervious. In comparison, 38 percent 34 

of the sampled locations display maximum imperviousness, resulting in a 50% runoff of precipitation per time, 35 

primarily in the city's center, where impervious surfaces such as roofs, driveways, parking lots, and roads are prevalent. 36 

The results will help municipal planners and water managers make educated choices about sealed land and its impact 37 

on stormwater movement, particularly during these shifting climatic conditions. 38 

  39 
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Abbreviation 43 

Normalized Built-Up Index - NDBI 44 

Linear Spectral Mixture Analysis - LSMA 45 

Root Mean Square Error RSME 46 

Mean Square Error MSE 47 

 48 

Highlights  49 

The level of imperviousness could be determined using spectral imagery analytics. 50 

Sentinel is better used in knowing trends of imperviousness due to higher resolution. 51 

Linear spectral mixture analysis methods are better used with high-resolution spatial imageries. 52 

Land imperviousness is a precursor to low infiltration and uncontrolled stormwater flow. 53 

Planning land development would limit the increasing rate of land imperviousness all over the world. 54 

 55 
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1.0 Introduction 67 
Today, the world is experiencing a global increase in urban areas, leading to widespread changes in land surfaces over 68 

time (Seto et al., 2012; Nowak and Greenfield, 2020). People are gravitating toward the cities because of the 69 

infrastructure and basic amenities; As a result of increasing population, there is rapid infrastructure development which 70 

has negative environmental impact (Wauters, 2017; D'Acci, 2021). Also, as urbanization continues to take place,  71 

greenhouse gas release will increase in the city due to the multiplicity of available automobiles and heavy-duty 72 

equipment (Jyoti and Vibhooti, 1995). Furthermore, the loss of vegetations and tree canopies will be the order of the 73 

day since more regions will be developed, animal populations will be inhibited, and the wild will go extinct.  74 

Urbanization requires replacement of natural vegetations with concrete development, glass, plastic and tarmac. One 75 

of the consequence of these are impervious surfaces which do not allow smooth water flow resulting in numerous 76 

environmental hazard risks, such as an excess stormwater flow that could eventually result in flash flood activities 77 

(Browne et al., 2021).   Impervious areas also includes regions where infiltration is impossible or limited. 78 

Imperviousness varies based on locations, weather conditions, and soil type. Land areas with more vegetations, rainfall 79 

is absorbed into the soil through infiltration and is further stored as groundwater, and flooding is always less evident 80 

because the runoff is gradually discharged into the streams through seeps (Bradshaw, 2007; Bathurst et al., 2018). 81 

As water movement occurs after rainfall, and no material medium absorbs it, the flow persists and accumulates, 82 

causing high-level stormwater flow, which could surge beyond natural order events (Hawley and Bledsoe, 2011; Braud 83 

et al., 2013). The water quality of nearby rivers also becomes compromised because of limited purification and reduced 84 

groundwater recharge (McGrane, 2016). 85 

Several hydraulic structures had been put in place to reduce the aftermath of imperviousness in terms of stormwaters. 86 

Horvath et al., 2009b developed a numerical weather prediction model MM5 which could predict a storm; this is a 87 

pointer to the fact that weather has contributed in a significant way to how stormwater flows through an impervious 88 

layer; this is seen through the vegetation and soil in the region as established by Hovath et al. (2009a). Rather than 89 

using corrective measures through machines, a critical study of imperviousness could activate preventive measures. 90 

Various methods have been employed to extract impervious surfaces to understand urban environments better 91 

(Estoque and Murayama, 2015; Fox et al., 2019). These techniques can be classified into different categories. The first 92 

category involves the use of spectral unmixing techniques (Xu et al., 2018), which assume that the modeled surface 93 
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reflectance is a combination of spectra from distinct ground components. This type of analysis provides insight into 94 

the actual fractional components present on the ground. 95 

Another category deals with the Artificial Neural Network to determine the fractional coverage for different land cover 96 

types based on the regression/decision tree method; this is established through an empirical model used for the 97 

prediction (Prasada and Wu, 2007; Hoang, 2021). The last category is object-based analysis, which uses high-98 

resolution images to determine the percentage of impervious surfaces with extraction dependent on the image's 99 

spectral, spatial, and texture characteristics (Wei, 2018).  100 

In assessing this impervious surface through indices, several data have been used in their analysis and extraction, and 101 

the primary intention is to have images with high resolutions, which makes the extraction of the impervious surface 102 

easy. Some of the data are retrieved from Landsat 8 Operational Land Imager (OLI), Mapper/Enhanced Thematic 103 

Mapper Plus(TM/ETM+) (Lakshmi et al., 2015, Ma et al. 2021) when it comes to apparent advantages of providing 104 

direct observation of the forest canopy system in the vertical plane. LiDAR has been recognized as the most effective 105 

instrument in the mapping of large-scale forest canopy height (Li et al., 2020); so many other data has been used for 106 

the analysis of land use/land cover and the rate of imperviousness, such as Moderate Resolution Imaging 107 

Spectroradiometer (MODIS), Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER) (Duan 108 

et al., 2017), and Sentinel.  109 

Sentinel stands out because of its uniqueness of 10 m resolution per pixel of the imagery, having 13 spectral bands 110 

spanning from the visible and near-infrared to the shortwave infrared (Xu et al., 2018; Kuc and Chormański, 2019). 111 

This research would adopt the use of both Landsat and Sentinel satellite data imagery to calculate and find the level 112 

of imperviousness using the Normalized Built-up Index (NDBI) and Linear Spectral Mixture Analysis (LSMA); the 113 

indicator would be used to predict the stormwater level. The research aims to analyze the urban imperviousness in the 114 

eastern part of Hungary using Debrecen as a case study; in the process explores the NDBI and LSMA methods of 115 

imperviousness extraction and compares the output for the two processes and draws inferences for stormwater flow 116 

in the city. Moreover, a regression model was used for comparison, as it is an effective statistical tool for determining 117 

the degree of correlation between two variables. Using this approach in the study, we were able to estimate the impact 118 

of imperviousness on the flow rate of stormwater, which can inform urban planners and water managers in their efforts 119 

to mitigate the adverse effects of urbanization on the natural hydrological cycle. 120 
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2.0 METHODOLOGY 121 
2.1 Study Area 122 

Debrecen in eastern Hungary is chosen as the target research area; it is the second-largest city in Hungary after 123 
Budapest. Debrecen is the regional center of the Northern Great Plain region and the seat of Hajdú-Bihar county as 124 
shown Fig.1. It was the largest Hungarian city in the 18th century, and it is one of the most important cultural centers 125 
of the Hungarians. Geographically, the area lies between 21° 37' E to 59.99" E longitudes and 47° 31' N and to 59.99" 126 
N latitude bordered to side by Hajusamson, Hadjuboszormeny, Bocskaikert, Vamospercs, Derecske, Hajduzboszlo, 127 
and Balmzujvaros. The population of 204,124 living in it over a 471.7 km2 area. The mean annual precipitation totals 128 
560 mm per year. July is the hottest month in Debrecen, with an average temperature of 20°C (68°F), and the coldest 129 
is January at -2°C (28°F). The wettest month is June, with an average of 80 mm of rain.  130 

 131 

Fig. 1. Map of study area showing the country, county, and city. 132 
 133 

2.2 Landsat OLI imagery 134 

We have made the choice of Landsat and Sentinel as a resource to get data because they are readily available and free 135 
to use, they also both have historical data that would be valuable in understanding the changes that has happened over 136 
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the years. In the analysis of the imperviousness rate, multispectral imagery data was deployed. The Landsat 137 
multispectral imagery (Operational Land Imager (OLI) and Thermal Infrared Sensor (TIRS)) was collected to analyze 138 
the imperviousness in the Debrecen region between 2013 and 2018. Landsat measures the radiance reflected from the 139 
earth 9 spectral bands for OLI and the remaining for the TIRS sensors; as shown in table 1, each of the bands has 140 
resolutions of 30m except for TIRS, which is 15, 30, and 100m, respectively. They have been used for land change 141 
detection maps, and land use land cover to analyze the impervious layer (Xu et al., 2016). 142 

                   Table 1: Landsat 8 OLI/TIRS band specification 143 

Band Description Wavelengths 
(nm) 

Resolution (m) 

1 Blue 430–450 30 

2 Blue 450–510 30 

3 Green 530–590 30 

4 Red 640–670 30 

5 Near Infrared 850–880 30 

6 Shortwave Infrared (SWIR 1) 1,570–1,670 30 

7 Shortwave Infrared (SWIR 2)  2,110–2,290 30 

8 Panchromatic 500–1,380 15 

9 Cirrus 1,360–1,380 30 

10 Thermal Infrared  10,600–11,190 100 

11 Thermal Infrared  11,500–12,510 100 
Source: Estoque and Murayama (2015) 144 

2.3 Sentinel-2A/ L2A image 145 

For optimal accuracy through comparison, sentinel 2A level-2A multispectral imagery was also collected to analyze 146 
the imperviousness in the Debrecen region for the years 2019 and 2020. Sentinel 2 measures the radiance reflected 147 
from the earth in thirteen spectral bands, each of the bands as shown in table 2, including the Visible and Near-Infrared 148 
(VNIR) and Shortwave Infrared (SWIR), the bands cover a range of 440nm to 2190nm. With a swath width of 290 149 
km and a spatial resolution of 10 m (four visible and near-infrared bands), 20 m (six red edge and shortwave infrared 150 
bands), and 60 m (three atmospheric correction bands). Sentinel two imagery has the capacity for coverage of generic 151 
land cover, land use, and change detection maps, which makes a good option for analysis of impervious layer.  152 

  153 
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Table 2: Sentinel-2 MSI Band Specification 154 

Band Description Wavelengths (nm) Resolution (m) 

1 Coastal aerosol 433–453 60 

2 Blue 458–523 10 

3 Green 543–578 10 

4 Red 650–680 10 

5 Vegetation Red Edge (RE1) 698–713 20 

6 Vegetation Red Edge (RE2) 733–748 20 

7 Vegetation Red Edge (RE3) 773–793 20 

8 Near-Infrared (NIR) 785–900 10 

8a Narrow NIR (nNir) 855–875 20 

9 Water vapor 935–955 60 

10 Shortwave infrared - Cirrus 1360–1390 60 

11 Shortwave infrared (SWIR1) 1565–1655 20 

12 Shortwave infrared (SWIR2) 2100–2280 20 
Source: Xu et al. (2018) 155 

2.4 Using NDBI to extract impervious layer 156 

One of the most crucial land cover indexes for extracting urban data such as impervious surfaces is the NDBI. The 157 
NDBI image is a single-band gray-level image that emphasizes urban specifics rather than distinguishing between 158 
urban and non-urban groups (binary image). It creates a thematic map of impervious surfaces from an NDBI image, 159 
and the appropriate threshold value was chosen and then applied to separate impervious and non–impervious areas 160 
(Sekertekin and Zadbagher, 2021). 161 

The NDBI was extracted to determine built-up areas from the Landsat and Sentinel multispectral spectral imagery, 162 
and this was integrated with Otsu's method, which automatically sorts the optimal threshold based on the observed 163 
distribution pixel values. The NDBI was calculated using the near-infrared band (NIR) and shortwave infrared band 164 
1 (SWIR) as shown in the equation below: 165 

 166 

𝑁𝐷𝐵𝐼 =  
𝜌𝑆𝑊𝐼𝑅1 − 𝜌𝑁𝐼𝑅
𝜌𝑆𝑊𝐼𝑅1 +  𝜌𝑁𝐼𝑅

  1  

 167 
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The algorithm from Otsu's thresholding method (Otsu, 1979) was used alongside the NDBI; this for image processing 168 
of the data extracted from the Sentinel, various threshold values was calculated to know the spread of the pixel levels 169 
relative to the threshold within the weighted class variance. The analysis was carried out on the ArcGIS, and it 170 
automatically assigns binary function, which is either 0 and 1; the system records one as the foreground and the other 171 
as the background. The built-up pixel detected for this analysis got assigned to NDBI value greater than 0 and other 172 
pixels are taken to be the pervious layer. It has been used to increase the accuracy of built-up areas. The mathematical 173 
formula for Otsu's method is as shown in Equation 3.7 – 3.10. 174 

𝜎 2  =  𝑃𝑛𝑢,· (𝑀𝑛𝑢  −  𝑀)2  +  𝑃𝑢 · (𝑀𝑢  −  𝑀)2  2 

 175 

𝑀 = 𝑃𝑛𝑢.𝑀𝑛𝑢  + 𝑃𝑢 · 𝑀𝑢 3 

 
𝑃𝑛𝑢 +  𝑃𝑢 =  1 4 

 
𝑎𝑟𝑔𝑚𝑎𝑥
𝑎≤𝑡≤𝑏

[𝑃𝑛. 𝑃𝑛𝑢. (𝑀𝑢 − 𝑀𝑛𝑢)2 5 

    176 

Where σ is the interclass variance, M is the mean value of the NDBI image, Pnu and Pu are the percentages of non-177 
built-up and built-up pixels, respectively, Mnu and Mu are the mean values of non-built-up and built-up pixels of the 178 
NDBI image, respectively, and t is the optimal threshold. 179 

  180 
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2.5 Linear Spectral Mixture Analysis 181 
 182 

After the extraction has been done using the NDBI, the built-up and not built-up index cannot accurately be said to be 183 
perfect, and the classification also considered bare land as a built-up, hence the need for the linear spectral mixture 184 
analysis. Assumptions are made that a finite set of endmembers linearly mixes the image, endmembers considered 185 
were impervious and pervious surface, and their resulting fractions were calculated using the  186 

 187 

𝑅𝑖 = ∑𝑓𝑘.𝑅𝑖𝑘 + 𝜀𝑖

𝑛

𝑘=1
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∑𝑓𝑘., = 1, 𝑓𝑘. = 0
𝑛

𝑘=1
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In spectral data discovery, LSMA is a commonly used theory. The process begins by assuming that a data sample can 190 
be modeled as a linear admixture of a finite range of simple material substances, from which the data sample can be 191 
unmixed into their respective abundance fractions. In this case, analysis of the data sample can simply be performed 192 
on these abundance fractions rather than the sample itself. The technique that realizes this LSMA is generally known 193 
as Linear Spectral Unmixing (LSU). Endmembers play a critical role in achieving the LSMA. This fixed set of images 194 
linearly mixes sampled data for analysis. After then, each feature is identified and unmixed relative to the abundance 195 
fractions of the end members (Chang, 2016) 196 

 197 

2.6 Accuracy assessment 198 

After the data had been analyzed through the LSMA to ascertain the authenticity of data extracted from the imagery, 199 
it was subjected to reference information on imperviousness from the Copernicus; it is a composition of High-200 
Resolution Layer (HRL) imperviousness for the year 2018 but modified to capture significant changes till 2020. This 201 
HRL imperviousness data was first compared to ground truth data from google earth images (Xu et al., 2016).  202 

For these first stages, 100 locations were sampled for analysis simultaneously to consider the places with buildings, 203 
roads, parking lots, asphalt, bare land, vegetation, and forested regions. From close monitoring and observation, if the 204 
image from both google earth and imagery on ArcGIS Pro indicates they are pervious or impervious, values 0 and 1 205 
are assigned, respectively, but if it is a mix of the two or could not easily be detected. The high-resolution imagery 206 
samples were taken from google earth, with a predetermined area for each sample; a placemark to further establish 207 
the region of interest was placed on the four different points at the extreme of the images. They were converted to 208 
degrees and decimal minutes; this was processed into the keyhole markup language zipped with additional images 209 
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exported into ArcGIS, where they were georeferenced. Measurements were done using the impervious layer relative 210 
to the area of study for each of the samples. 211 

The image retrieved from google earth is not georeferenced to enable effective mensuration and make the internal 212 
coordinate system of an image correlated to the ground system of geographic coordinates. Each of the images was 213 
preprocessed on the ArcGIS, and control points were used to map designated placemarks together and register the 214 
image under the Universal Transverse Mercator (UTM) 1984 for Debrecen; this process was repeated for sampled 215 
image access as described in Fig. 2.  216 

 217 

Fig. 2. Flow chart for Georeferenced Image from Google Earth 218 

 219 

 220 

After the degree of variability had been established, 200 locations were sampled randomly from the HRL 221 
imperviousness data and were suitably compared to the 10 imageries from both Sentinel and Landsat, respectively. 222 

The estimated imperviousness of the randomly sampled point from HRL was compared to the one from the indexes, 223 
and it was evaluated to check the model's accuracy. The MSE, MAE, RSME and R-square metrics consider associated 224 
error with the output and help to know the strength of the model. 225 

𝑀𝐴𝐸 
1
𝑁
∑|𝑦𝑖−𝑦̂|
𝑁

𝑖=1
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𝑅𝑆𝑀𝐸 = √𝑀𝑆𝐸 = √ 
1
𝑁
∑(𝑦𝑖−𝑦̂)2
𝑁

𝑖=1
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𝑅2 =  
∑(𝑦𝑖−𝑦̂)2

∑(𝑦𝑖−𝑦 )2
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  228 

𝑤ℎ𝑒𝑟𝑒, 𝑦̂ − 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑣𝑎𝑙𝑢𝑒 𝑜𝑓 𝑦  229 

𝑦 − 𝑚𝑒𝑎𝑛 𝑣𝑎𝑙𝑢𝑒 𝑜𝑓 𝑦 230 

 231 

2.7 Imperviousness and stormwater flow estimation 232 

The level of imperviousness was extracted based on different multispectral imagery, the one that gives the highest 233 
was used to estimate possible stormwater flow in the city. Afterward, the result was extracted based on a comparative 234 
analysis of stormwater flow with values from the EPA to check the rate of imperviousness relative to the expected 235 
water stormwater flow. The result was expressed in five classes namely, 0-20%, 20-40%, 40-60%, 60-80%, 80-100%. 236 
The class in the range of 0-20% completely pervious area of land, which is mostly forested or grassland region, the 237 
middle class 20% - 80% is a mesh of both pervious and impervious, with increasing order of imperviousness till 80% 238 
while the class of 80-100% is an impervious area of land that is mostly building, pavement, and roads. 239 

  240 
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3.0 RESULTS AND DISCUSSION 241 
The level of imperviousness in the Debrecen region was analyzed using the Normalized Difference Built-Up Index 242 
(NDBI) technique on satellite imagery data from different years. For the 2020 Sentinel data, the highest and lowest 243 
threshold values were 0.999214 and -0.567084, respectively, while for the 2019 data, the values were 0.999809 and -244 
0.69967, respectively. The NDBI values for Landsat OLI data from 2013 to 2020 were also examined, with values 245 
ranging from 0.50817 to 0.8025 for built-up regions and -0.0712 to -0.1131 for non-built-up areas. Fig. 3-5 depict the 246 
distribution of built-up and non-built-up areas, with positive values indicating built-up areas and negative values 247 
depicting non-built-up areas.  248 

 249 
250 

 

 

 

 

 

 

 

 

\\ 

Fig. 3. Normalized Built-Up Index (NDBI) for imagery of Sentinel 2019, 2020 and Landsat 
2020  
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  251 

Fig. 4. Normalized Built-Up Index (NDBI) for imagery of Landsat 2019, 2018, 2017, 
2016, 2015, 2014  
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 252 

 253 

 254 

 255 

 256 

 257 

 258 

 259 

 260 

 261 

 262 

These showed the range of imperviousness based on the built-up and the and non-built up; for the sentinel data in both 263 
years, the built-up index value is on the high side, this could easily be attributed to the 10m resolution as it captures 264 
more details against that of Landsat data which is 30m resolution. Random samples mapped out from NDBI results 265 
using the pixel of a different city region showed variation relative to the other samples as shown by the histogram 266 
displayed in Fig. 6-8; they were converted to the percentage value of the index. 267 

 268 

 269 

 270 

 

 

Fig. 5. Normalized Built-Up Index (NDBI) for imagery of Landsat 2013  

Fig. 6. Histogram showing the value of imperviousness extracted from NDBI result for 
Sentinel 2020(s20) and Sentinel 2019(s19)  
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 271 

 272 

 273 

 274 

 275 

 276 

 277 

 278 

 279 

 280 

 281 

 282 

 283 

Fig. 7. Histogram showing the value of imperviousness extracted from NDBI result for 
Landsat 2020(L20), Landsat 2019(L19) , Landsat 2018(L18), Landsat 2017(L17), Landsat 
2016(L16), Landsat(L15). 
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 284 

 285 

  286 

 287 

The threshold values in Fig. 6-8 showed a higher range than the pixel value extractions, the highest possible for both 288 
Sentinel and Landsat in all the years was 50.87%. The result showing on the random histogram sampling shows that 289 
the Sentinel for 2019 and 2020 tends to have the highest value between the range of 0% and 5%. In Landsat data, the 290 
trends showcase imperviousness between 20% and 30% dominant in the representation. There is an observed 291 
relationship between most of the data; for Landsat of 30m resolution and the Sentinel of 10m resolution, there are 292 
some levels of correlation between the values.  293 

3.1 Otsu Binary thresholding 294 

Reclassification was carried out using the Otsu method showed misclassification in the analysis for better insight into 295 
the data. The NDBI assumed that most areas with low albedo are built-up as well, the area with bare land. The west 296 
side of the city with mid and large-sized cropland mainly on chernozem soil (Hajdúság), while the north side of the 297 
city with smaller pastures, gardens, yards, and smaller croplands on sandy soil (Nyírség), and the east side which is 298 
forests and forest steppes, with a balanced mix of the two on sandy-loamy soil (Dél-Nyírség) all, were regarded as 299 
built up as shown in Fig. 9 and 10.  300 

Fig. 8. Histogram showing the value of imperviousness extracted from NDBI result for 
Landsat 2014(L14), Landsat 2013(L13) . 
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 301 

Fig. 9. Non-built-up (white) and Built up(red) extracted from the Otsu method for Imagery of Sentinel 2020 302 
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 303 

Fig. 10. Non-built up(white) and Built-up(red) extracted from Otsu method for Imagery of Sentinel 2019  304 

From the output as shown in Fig. 9 and 10, only the 2020 sentinel data showed a different spectral mixture of both the 305 
built-up and the non-built-up; for 2019, the non-built-up were not well represented in the result. Representation of the 306 
dataset from Landsat using the OTSU was not possible because the threshold index value for the Landsat data is in 307 
the range of -0.01 and 0.1. It returned the value primarily as 1, making the image become blank void of variety.  308 

3.2 Linear Spectral Mixture Analysis (LSMA) 309 

The Linear Spectral Mixture Analysis (LSMA) used to gain insights into the data further showed higher accuracy than 310 
the NDBI; the satellite's masking aided classification to know where water bodies are located, as shown in Fig. 11. It 311 
was achieved using the Modified Normalized Water Index, and the surface is automatically characterized with the 312 
white and location different variable output in the shade of black. 313 

 314 
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 315 

Fig. 11. Water bodies(white) and others (grey and dark) extracted from Modified Normalized Difference 316 
Water Index Sentinel 2020  317 

 318 

After digitizing imagery based on the chosen endmember with significant consideration for the dataset from HRL 319 
Copernicus, the spectral mixture analysis carried showed improved classification of the output is as shown in Fig. 12-320 
21. From observation, the Sentinel data for each year has more accuracy; the built-up location fits into their original 321 
representation on the HRL imperviousness, and the Corine land cover indicated. However, 2020 shows a bit of 322 
mismatch in the area that contains non-irrigated land, pasture, and the construction site. The construction site could 323 
easily be mixed up because machinery and other heavy-duty equipment tend to get the land compacted, making it 324 
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difficult for water to penetrate the soil. The output from the Landsat for all the year still shows a high amount of 325 
misclassification; from this, it could be detected 10m resolution gave better classification from the LSMA.  326 

 327 

Fig. 12. Non-built up(blue) and Built up(red) extracted from Linear Spectral Mixture analysis for Sentinel 328 
2020.  329 

 330 

 331 

Fig. 13. Non-built up(blue) and Built up(red) extracted from Linear Spectral Mixture analysis for Sentinel 332 
2019.  333 
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 334 

Fig. 14. Non-built up(blue) and Built up(red) extracted from Linear Spectral Mixture analysis for Landsat 335 
2020.  336 

 337 

 338 

 339 

Fig. 15. Non-built up(blue) and Built up(red) extracted from Linear Spectral Mixture analysis for Landsat 340 
2019.  341 

 342 
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 343 

Fig. 16. Non-built up(blue) and Built up(red) extracted from Linear Spectral Mixture analysis for Landsat 344 
2018.  345 

 346 

 347 

Fig. 17. Non-built up(blue) and Built up(red) extracted from Linear Spectral Mixture analysis for Landsat 348 
2017.  349 
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 350 

Fig. 18. Non-built up(blue) and Built up(red) extracted from Linear Spectral Mixture analysis for Landsat 351 
2016.  352 

 353 

Fig. 19. Non-built up(blue) and Built up(red) extracted from Linear Spectral Mixture analysis for Landsat 354 
2015.  355 

 356 
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 357 

Fig. 20. Non-built up(blue) and Built up(red) extracted from Linear Spectral Mixture analysis for Landsat 358 
2014.  359 

 360 

Fig. 21. Non-built up(blue) and Built up(red) extracted from Linear Spectral Mixture analysis for Landsat 361 
2013.  362 

 363 

The rate of imperviousness through the linear spectral analysis carried out; the values were further extracted from each 364 
pixel using random sampling techniques. From observation and estimation, the data gotten from google earth and that 365 
HRL showed a level of similarity. Furthermore, the linear regression was used between each of these carried out 366 
against the data from Copernicus HRL imperviousness for validation as indicated in Fig. 22 and 23. The result shows 367 
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a relatively high correlation of 0.7, and the coefficient of determination is 0.6 for the 2020 sentinel, while the sentinel 368 
data for the year 2019 correlates with 0.6, and the coefficient of determination is 0.5. The correlation and coefficient 369 
of determination for the Landsat were relatively low. The multiple linear regression carried out on the 10 different 370 
datasets showed some levels of similarities between both data of Sentinel and Landsat. It shows a correlation of 0.8, 371 
and the coefficient of determination is 0.7.   372 

 373 
Fig. 22. Regression analysis of Actual imperviousness of HRL   Copernicus and Estimated imperviousness for 374 

Sentinel 2020.  375 

 376 
Fig. 23. Regression analysis of Actual imperviousness of HRL Copernicus and Estimated imperviousness for 377 

Sentinel 2019. 378 
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3.3 Imperviousness rate and the projected stormwater flow. 379 

Based on the result from the regression model, the rate of imperviousness predicted has higher accuracy with the 380 
sentinel multispectral imagery data of the year 2020. The model accuracy test is shown in table 3. The Mean Absolute 381 
Error (MAE), Mean Square Error (MSE), Root Mean Square Error (RMSE) are the least while the R2 is the highest 382 
for this year. Of the Landsat data, only the 2017 data has a relatively good accuracy compared to the observed data of 383 
Copernicus High-Resolution Imperviousness level. The findings by Zhang et al. (2015) showed lower accuracy for 384 
LSMA to assess the rate of imperviousness using Landsat ETM+ for a four seasonal period in Cape Town, South 385 
Africa, and the accuracy was 55.97%, on the contrary, he used Artificial Neural Network and got an accuracy higher 386 
than 80%. 387 

 388 

Table 3: The Level of Impervious accuracy check for each of the year 389 

Imperviousness 
model test 

MAE MSE RMSE R2 

Sentinel 2020 0.175 0.059 0.243 0.601 

Sentinel 2019 0.204 0.071 0.266 0.521 

Landsat 2020 0.291 0.119 0.345 0.196 

Landsat 2019 0.273 0.109 0.331 0.26 

Landsat 2018 0.275 0.112 0.334 0.243 

Landsat 2017 0.221 0.087 0.294 0.414 

Landsat 2016 0.259 0.104 0.322 0.296 

Landsat 2015 0..274 0.112 0.335 0.242 

Landsat 2014 0.269 0.107 0.328 0.273 

Landsat 2013 0.258 0.104 0.322 0.299 

 390 

Xu et al. (2018) findings at the urban area of Guangzhou, China, showed the modified Linear spectral mixture analysis 391 
using Sentinel 2A level 1c which was converted to level 2A predicted better. The research was done using the 392 
Normalized Difference Vegetation Index and the LSMA, after extracting each of the values, those NDVI lesser than 393 
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0.2 were reclassified as an impervious layer. The overall accuracy was found to be 85.7%. In contrast, my research 394 
used Copernicus imperviousness data as ground truth for validation, while Xu et al., 2018 exclusively used Google 395 
earth.  396 

The level of imperviousness, as shown in Fig. 24, shows the dataset of Sentinel 2020 with the highest accuracy. This 397 
shows that the city of Debrecen has a relatively high level of percentage imperviousness most especially in the center 398 
of the city. And some of the misclassifications were with locations where tall trees shading an impervious surface, 399 
assumption is made based on the proportion, which makes the result show a lower level of imperviousness. In the city, 400 
the vegetation growth is good enough as they are well-spaced and situated in strategic places where they cushion the 401 
effect of the increasing urbanization. Most of the imperviousness levels between 0-20% are mainly in the outskirt of 402 
the city, where there are farms, arable lands, vegetations, and forests.  403 

 404 

Fig. 24. The estimated percentage level of imperviousness in the city of Debrecen.  405 

 406 

 407 

In a study conducted by Yang et al. (2010), it was suggested that 35% is the statistical threshold for impervious surface 408 
areas that would significantly influence the watershed. Research by Paul and Meyer (2008), Arnold and Gibbons 409 
(1996), and the Environmental Protection Agency 1993a indicated that imperviousness level between 10 – 20% would 410 
result in reduced infiltration with 20% runoff, 35-50% imperviousness would yield 30% runoff, and 75-100% 411 
imperviousness could generate as high as 55% runoff after rainfall. From the result of this research, there is a tendency 412 
of 55% runoff in 76 locations of the sampled region, mainly in the center of the city.  413 
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CONCLUSIONS 414 
Recent advances in multispectral imaging technology have allowed the release of new imaging devices with improved 415 
capabilities. These new gadgets outperform earlier technologies regarding spatial precision, spectral range, and 416 
breadth. We can discover new possibilities for geographic analysis in urban development management, water 417 
management, and farmland by investigating the possible uses of these new imaging devices. 418 

For this research, one of these cutting-edge imaging devices, the Copernicus Sentinel 2A level 2A, was evaluated for 419 
its ability to derive the imperviousness level in the city of Debrecen. Because impervious surfaces restrict water 420 
penetration and can cause flooding and other environmental problems, they play an important role in municipal growth 421 
management, water management, and environmental protection. 422 

The study found that Sentinel 2A level 2A imagery gave a more precise assessment of imperviousness in Debrecen 423 
than the Landsat 8 OLI dataset, the most recent imaging technology available during research. This discovery indicates 424 
that Sentinel 2A level 2A imaging technology could benefit environmental surveillance and control, especially in 425 
metropolitan regions with impervious surfaces. Overall, this research emphasizes the possible advantages of using 426 
new multispectral imaging tools to improve our knowledge and control of the environment. 427 

The study's results are similar to those of He et al., who found limitations with the Normalized Built-Up Index in 2003. 428 
(NDBI). The inaccuracies of the NDBI method may be attributed to their higher reflectance levels in the Shortwave 429 
Infrared (SWIR) region compared to the Near-Infrared region, which further strengthened the study findings on the 430 
NDBI method, resulting in the misclassification of areas with bare land and vegetation, as these areas also had high 431 
reflectance levels in the SWIR region. The study also employed a Linear Spectral Mixture Analysis (LSMA) method, 432 
which showed promising results in accurately identifying impervious surfaces. However, the LSMA method is still 433 
subject to further refinement and improvement to ensure its accuracy and reliability. 434 

The findings showed the limitations of using methods such as the NDBI and the potential of alternative methods, such 435 
as LSMA, to determine impervious surfaces correctly. More study is required to enhance and improve these techniques 436 
to guarantee their accuracy in finding impervious surfaces and enhancing urban development, water, and farm 437 
practices. The LSMA used in the analysis distinguished between built-up and non-built-up areas and was compared 438 
to Copernicus' HRL imperviousness; the regression model revealed that Sentinel imagery for 2020 had the highest 439 
level of accuracy, with a p-value less than 0.05, R2 and RMSE of 0.6 and 0.243, respectively. 440 

This study employed a regression model to predict the stormwater flow levels resulting from imperviousness. 441 
Impervious surfaces, such as pavement and roofs, prevent water from percolating into the earth, resulting in more 442 
significant runoff and stormwater movement. The regression model used in the study established the connection 443 
between different imperviousness generated by remote sensing imageries with those also compared to the stormwater 444 
discharge volumes. 445 

The study results showed that 38% of the sampled locations in the study area exhibited the highest possible level of 446 
imperviousness, which can result in increased stormwater flow levels. On the other hand, 32.5% of the region consisted 447 
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entirely of pervious surfaces that allow for natural infiltration of water into the ground, leading to decreased 448 
stormwater flow levels. 449 

These findings underscore the importance of managing impervious surfaces in Debrecen, Hungary, to minimize the 450 
impact of increased stormwater flow levels on the environment and infrastructure. These results can assist urban 451 
planners and policymakers in predicting and managing the impact of imperviousness on stormwater flow levels in the 452 
area, especially when Debrecen as a city is heavily developing infrastructure. 453 

 454 

 455 

 456 

  457 
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