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Abstract. Remote sensing is very useful in the study and characterization of terrestrial areas
based on satellite images and specific indices. The present study aimed to characterize an area using
remote sensing facilities. The study considered ATU Lupsa, Alba County, Romania, an area with
mountainous area specificity. DEM (Digital Elevation Model) and SLOPE parameters were used to
analyze and characterize the area considered in the study. Land areas with different soil types were
identified in terms of texture, Clayey loam texture (CLt), Clay texture (Ct), Sandy clay texture (SCt),
Sandy loam - clayey texture (SLCt), and Varied texture (Vt). The studied area was classified based on
DEM and SLOPE parameters into ten classes. Multivariate analysis (PCA, CA) was used to explain the
variance in the results set and the correlation of DEM and SLOPE classes with soil types. In the case of
the DEM parameter, PC1 explained 57.044% of variance, and PC2 explained 25.803%. In the case of the
SLOPE parameter, PC1 explained 41.406% of variance, and PC2 explained 37.572% of variance.
Cluster analysis (CA) grouped the DEM (Coph.corr. = 0.982) and SLOPE (Coph.corr. =0.781) classes
based on similarity. The highest level of similarity in the case of DEM was recorded between classes DC4
and DC5, with the SDI value = 60.28, and in the case of SLOPE it was recorded between classes SC4
and SC5, with the SDI value = 99.87. The recorded results provide important information for
management decisions for the area considered.
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INTRODUCTION

The study of terrestrial areas has benefited substantially from remote sensing facilities,
through high-resolution images, the calculation of specific indices, the generation of models,
the provision of information in data format and maps for the description of areas considered of
interest (MAO ET AL., 2020; GADAL AND MOZGERIS, 2025; SABAGHY ET AL., 2025).

Remote sensing has been used for monitoring natural and anthropogenic areas, for
analyzing land changes, for evaluating agricultural lands and crops (HERBEI AND SALA, 2020;
ZHU ET AL., 2022; BAIRWAET AL., 2025).

DEM (Digital Elevation Model) is of great importance in remote sensing and the
study of land areas. DEM is a representation of the topography of the land surface (an area, a
landscape) in digital format, without including surface elements or objects in the representation
(OKOLIE AND SMIT, 2022; MOHAMED ET AL., 2024).

SLOPE is an important parameter in remote sensing for the study of terrestrial areas,
to describe the geometry of the slopes of the analyzed areas (VANNESCHI ET AL., 2017; WANG
ET AL., 2024).

Mountain areas are characterized by a specific typology, with high spatial variability,
and remote sensing has been a very useful tool for scanning, analyzing and characterizing these
types of areas (HERBEI AND SALA, 2014; NAN ET AL., 2024; BIAN ET AL., 2025; YANG ET AL.,
2025).
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In studies of analysis, characterization and classification of mountain areas, DEM was
used in remote sensing techniques (CHYMYROV, 2021; JOMBO ET AL., 2023; ZHAO ET AL.,
2023). SLOPE was monitored to characterize mountain areas, in relation to ecosystem and
economic elements (QIN ET AL., 2020; YINET AL., 2022; WANG ET AL., 2023).

DEM and SLOPE data have been used in land characterization, classification,
clustering and segmentation studies to highlight land conditions, stability and vulnerability
areas (IWAHASHI ET AL., 2018; IWAHASHI ET AL., 2021; ZHANG ET AL., 2025).

The present study aimed to characterize a mountainous area, represented by ATU
Lupsa, Alba County, Romania, based on DEM and SLOPE parameters generated through
remote sensing technique.

MATERIAL AND METHODS

The study area was represented by ATU Lupsa, Alba County, Romania. ATU Lupsa is
located in Alba County, in the historical region of Transylvania, Romania. The commune
includes 23 villages in its administrative structure: 'Bardesti', 'Bérzan’, 'Curmaturd’, 'Dupa
Deal', 'Geamidna', 'Hadarau', 'Holobani', 'Lazuri’, 'Lunca', 'Lupsa’, 'Manastire', 'Margaia’,
"Musca', 'Pardu-Carbunari', 'Pitiga’, Posogani', 'Sasa’, 'Trifesti', 'Vai', 'Valea Holhorii', 'Valea
Lupsii', "Valea Sesii' and 'Vinta'.

The locality of Lupsa is located on the northern slopes of the 'Muntelui Mare' and the
southern slopes of the 'Muntilor Metaliferi’, Figure 1, generated based on ArcGIS (ESRI,
2011). The relief is predominantly mountainous, formed on crystalline schists and
metalliferous rocks. The altitude varies from 550 m in the 'Aries’ River meadow, which crosses
the commune for a distance of 19 km, reaching up to 1,350 m in the 'Geamana’ area.
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Figure 1. Study location, ATU Lupsa, Alba County, Romania
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Economic activities specific to the area are: Mining, Agriculture, Animal Husbandry,
Forestry and Construction (https://ghidulprimariilor.ro/).

Within the Lupsa ATU is the Rosia Poieni mining operation, which is a surface
copper operation in the Apuseni Mountains, located 90 km northwest of Alba lulia and 7 km
south of the Aries River. The quarry began operating in 1978, in the Abrud-Musca-Bucium
area of the Apuseni Mountains, with copper production starting in 1983. It is the largest
disseminated copper and gold deposit in Romania, with its reserves representing 65% of the
total copper in Romania. The mine produces ore from which approximately 5,000 tons of
copper can be extracted per year.

Based on satellite images, the values of DEM and SLOPE parameters were
determined to characterize the study area. The classification of the studied area was made on
ten DEM and SLOPE classes. Also, the soil categories were evaluated in relation to texture, on
the textural classes Clayey loam texture (CLt), Clay texture (Ct), Sandy clay texture (SCt),
Sandy loam - clayey texture (SLCt), Varied texture (Vt), based on ICPA (https://icpa.ro/harti-
sol/). The total area of the study area was determined, and the area for each soil texture
category, in relation to the DEM and SLOPE classes.

Recorded data were analyzed mathematically and statistically to evaluate the
correlation of parameters in relation to the principal components. The level of similarity at the
level of recorded classes (DEM, SLOPE), in relation to soil texture, as an action factor, was
evaluated. The PAST software (HAMMER ET AL., 2001) was used for the processing and
statistical analysis of experimental data and the generation of figures and graphs.

RESULTS AND DISCUSSIONS

The analysis of the study area based on DEM and SLOPE parameters, corroborating
the surface occupied by different soil types by textural class (CLt, Ct, SCt, SLCt, and Vt)
resulted in the surface data (ha) presented in Table 1 (DEM parameter classes) and Table 2
(SLOPE parameter classes).

Distribution of land surfaces by DEM classes in the study area revied
DEM ce | o | sa | s | vt | Ae
Class (ha)
DC1 0 186.08 292.13 268.54 458.29 1205.04
DC2 0 99.2 1082.94 300.99 39.19 1522.32
DC3 0 69.31 1551.11 143.9 0.22 1764.54
DC4 0.46 42.78 1547.92 37.93 0 1629.09
DC5 19 23.53 1509.44 0 0 1551.97
DC6 20.63 5.95 1373.73 0 0 1400.31
DC7 6.45 0 977.26 0 0 983.71
DC8 0 0 492.05 0 0 492.05
DC9 0 0 322.35 0 0 322.35
DC10 0 0 179.92 0 0 179.92
Grand Total 46.54 426.85 9328.85 751.36 497.7 11051.3
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Distribution of land surfaces by SLOPE classes in the study area ravle2
SLOPE CLt ct SCt SLCt vt Area
Class (ha)
SC1 0 55.44 197.11 92.13 269.88 614.56
SC2 0.82 47.54 730.15 140.04 40.12 958.67
SC3 1.93 51.76 1358.24 185.36 26.9 1624.19
SC4 4.44 44.93 1612.74 163.03 21.95 1847.09
SC5 6.11 43.86 1534.96 100.46 24.33 1709.72
SC6 8.49 51.7 1333.18 47.79 24.43 1465.59
SC7 11.57 47.94 1109.62 16.36 22.8 1208.29
SC8 8.53 38.39 792.75 4.16 26.14 869.97
SC9 4.14 30.17 497.19 2.03 24.28 557.81
SC10 0.51 15.12 162.91 0 16.87 195.41
Grand Total 46.54 426.85 9328.85 751.36 497.7 11051.3

The multivariate analysis explained the correlation between the classes related to the
DEM and SLOPE parameters and the land surface based on soil textural categories in the study
area. In the case of the DEM parameter, PC1 explained 57.044% of variance, and PC2
explained 25.803% of variance, Figure 2. The correlation of some DEM classes with soil
textural classes was observed, and the independent positioning of other DEM classes in which
soil textural classes were not found. The graphical representation of the Component —
Eigenvalue interaction is presented in Figure 3.
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Figure 2. PCA diagram in relation to DEM parameter
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Figure 3. Graphical representation of the Component — Eigenvalue interaction in the case of DEM classes

The score of the DEM classes in relation to the Principal Components is presented in
Table 3. In PC1, the DC1 class presented a high value, in PC2, the DC5 class presented a high
value, in PC3, the DC1 class presented a high value, in PC4, the DC2 class presented a high
value, and in PC5, the DC7 class presented a high value. The factor loading (soil texture type)
in the principal components is presented in Table 4.

Table 3
DEM class score in Principal Components
DEM Classes PC1 PC 2 PC 3 PC 4 PC5
DC1 4.0515 0.1602 1.1366 -0.2678 0.0052
DC2 1.5811 0.6781 -1.0981 0.8145 0.0156
DC3 0.3019 0.7769 -1.1907 -0.2234 -0.0281
DC4 -0.4178 0.4333 -0.8845 -0.7228 -0.0092
DC5 -1.4674 1.4043 0.7430 0.0253 -0.1023
DC6 -1.6379 1.2459 0.9720 0.2503 0.0492
DC7 -0.9822 -0.2237 0.1136 -0.1075 0.1394
DC8 -0.5395 -1.2803 -0.0499 -0.0451 0.0353
DC9 -0.4729 -1.5037 0.0761 0.0841 -0.0266
DC10 -0.4169 -1.6911 0.1819 0.1924 -0.0787
Table 4
Factor loadings in the principal components, in relation to DEM classes
Soil texture PC1 PC 2 PC3 PC4 PC5
CLt -0.3222 0.5342 0.6695 0.3922 -0.0934
Ct 0.5555 0.2965 0.0144 -0.1534 -0.7615
SCt -0.2213 0.7416 -0.4183 -0.4287 0.2058
SLCt 0.5191 0.2707 -0.3084 0.6662 0.3440
Vit 0.5189 0.0599 0.5305 -0.4416 0.5008
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In PC 1, Ct showed a high value, in PC 2, SCt showed a high value, in PC 3, CLt
showed a high value, in PC 4, SLCt showed a high value, and in PC 5, Vt showed a high value.

In the case of the SLOPE parameter, PC1 explained 41.406% of variance, and PC2
explained 37.572% of variance, Figure 4. The independent positioning of classes SC8, SC9 and
SC10 was observed, and the other SLOPE classes were positioned correlated with the soil
texture types in the study area, depending on the class classification. The graphical
representation of the Component — Eigenvalue interaction in the case of SLOPE classes is
presented in Figure 5.
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Figure 4. PCA diagram in relation to the SLOPE parameter
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Figure 5. Representation of the Component — Eigenvalue interaction in the case of SLOPE classes
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The SLOPE class score in relation to the Principal Components is presented in Table
5. In PC1, the SC4 class presented a high value, in PC2, the SC1 class presented a high value,
in PC3, the SC1 class presented a high value, in PC4, the SC5 class presented a high value, and
in PC5, the SC7 class presented a high value. The factor loading (soil texture type) in the
principal components is presented in Table 6.

Table 5
SLOPE class score in Principal Components
PC1 PC 2 PC3 PC4 PC5
SC1 -0.8089 3.1314 1.4107 0.2010 0.0044
SC2 0.2102 1.0581 -0.7632 -0.5904 0.0363
SC3 1.5401 0.8740 -0.9973 -0.1988 -0.0098
SC4 1.5413 0.0612 -0.8720 0.3952 0.1330
SC5 1.0657 -0.5075 -0.2503 0.4235 -0.0901
SC6 0.9532 -0.8573 0.7633 -0.1072 -0.2657
SC7 0.4912 -1.4808 1.2947 -0.1460 0.1671
SC8 -0.5782 -1.1861 0.6999 -0.0607 0.1176
SC9 -1.5662 -0.6580 -0.1350 -0.0713 -0.0957
SC10 -2.8484 -0.4350 -1.1508 0.1547 0.0030
Table 6
Factor loadings in the principal components, in relation to SLOPE classes
PC1 PC2 PC3 PC 4 PC5
CLt 0.2361 -0.5642 0.5462 0.0429 0.5708
Ct 0.5372 0.3047 0.4585 -0.5542 -0.3180
SCt 0.6335 -0.2460 -0.1475 0.5912 -0.4085
SLCt 0.4895 0.4056 -0.4469 -0.0330 0.6285
Vit -0.1214 0.6032 0.5196 0.5834 0.1053

In PC1, a high value was shown for SCt, in PC2, a high value was shown for Vt, in
PC3, a high value was shown for CLt, in PC4, a high value was shown for SCt, and in PC5, a
high value was shown for SLCt.

Cluster analysis grouped the DEM and SLOPE parameter classes based on similarity
in relation to the area of each class, given by the soil texture in the study area. In the case of
DEM, cluster analysis led to the dendrogram in Figure 6 (Coph.corr. = 0.892). The DEM
classes were grouped into two clusters, with several subclusters each. The highest level of
similarity was recorded in the case of classes DC4 and DCS5, with the SDI value = 60.28. The
SDI values for the DEM classes are presented in Table 7.

In the case of SLOPE, the cluster analysis led to the dendrogram in Figure 7
(Coph.corr. = 0.781). The SLOPE classes were grouped in two balanced clusters, five classes
in each cluster, with several subclusters each. The highest level of similarity was recorded in
the case of classes DC4 and DC5, with the SDI value = 99.87. The SDI values for the SLOPE
classes are presented in Table 8.
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Figure 5. Cluster dendrogram for DEM parameter
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Table 7
SDI values for DEM classes
DC1 DC2 DC3 DC4 DC5 DC6 DC7 DC8 DC9 DC10

DC1 899.79 | 1350.60 | 1364.10 | 1338.20 | 1218.60 | 886.69 | 597.27 | 563.63 | 573.90
DC2 899.79 496.26 | 538.63 | 529.26 | 431.06 | 336.42 | 67166 | 824.91 | 957.82
DC3 1350.60 | 496.26 109.29 | 157.80 | 237.93 | 595.70 | 1071.00 | 1239.10 | 1380.50
DC4 1364.10 | 538.63 | 109.29 60.28 183.15 | 573.55 | 1057.40 | 1226.90 | 1369.20
DC5 1338.20 | 529.26 | 157.80 60.28 136.85 | 532.85 | 1017.80 | 1187.50 | 1329.90
DC6 1218.60 | 431.06 | 237.93 | 183.15 | 136.85 396.77 | 881.94 | 1051.60 | 1194.00
DC7 886.69 | 336.42 | 595.70 | 573.55 | 532.85 | 396.77 485.25 | 654.94 | 797.37
DC8 597.27 | 671.66 | 1071.00 | 1057.40 | 1017.80 | 881.94 | 485.25 169.70 | 312.13
DC9 563.63 | 824.91 | 1239.10 | 1226.90 | 1187.50 | 1051.60 | 654.94 | 169.70 142.43
DC10 | 573.90 | 957.82 | 1380.50 | 1369.20 | 1329.90 | 1194.00 | 797.37 | 312.13 | 142.43
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Figure 6. Cluster dendrogram for the SLOPE parameter
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Table 8
SDI values for SLOPE classes

SC1 SC2 SC3 SC4 SC5 SC6 SC7 SC8 SC9 SC10

SC1 582.48 | 1189.90 | 1439.00 | 1360.30 | 1163.20 | 948.50 | 649.84 | 398.92 | 274.40
SC2 582.48 629.88 | 883.09 | 805.96 | 610.31 | 399.64 | 150.73 | 271.81 | 585.63
SC3 1189.90 | 629.88 255.63 | 196.28 | 140.01 | 300.83 | 594.00 | 880.62 | 1210.20
SC4 1439.00 | 883.09 | 255.63 99.87 302.49 | 524.12 | 835.28 | 1127.20 | 1459.30
SC5 1360.30 | 805.96 | 196.28 99.87 208.70 | 433.63 | 748.46 | 1042.50 | 1376.10
SC6 1163.20 | 610.31 | 140.01 | 302.49 | 208.70 22582 | 54235 | 837.53 | 1171.90
SC7 94850 | 399.64 | 300.83 | 524.12 | 433.63 | 225.82 317.28 | 612.90 | 947.50
SC8 649.84 | 150.73 | 594.00 | 835.28 | 748.46 | 542.35 | 317.28 295.72 | 630.40
SC9 398.92 | 271.81 | 880.62 | 1127.20 | 1042.50 | 837.53 | 612.90 | 295.72 334.73
SC10 274.40 | 585.63 | 1210.20 | 1459.30 | 1376.10 | 1171.90 | 947.50 | 630.40 | 334.73

CONCLUSIONS

Remote sensing provided reliable information through DEM and SLOPE parameters
for the description of the ATU Lupsa area, Alba County, Romania. The generated DEM and
SLOPE classes included variable land areas in relation to the soil textural class.

Multivariate analysis (PCA) explained the variance in the experimental dataset and
showed the correlation of DEM and SLOPE classes with soil texture types across the land
surfaces recorded in the study area.

Cluster analysis grouped the DEM and SLOPE classes based on similarity, in relation
to the land surfaces or soils of a certain texture, classified in each class.

The results provided by this study recommend the development of research for the
area considered, the diversification of characterization indices, in order to provide information
and solutions for management decisions.
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