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Abstract: Interferometric Synthetic Aperture Radar (InSAR) technology offers 16 

significant advantages for large-scale, high-precision deformation monitoring and has 17 

become a vital method for tracking surface deformation in open-pit mines. However, in 18 

areas with complex topography, such as deep concave open-pit mines, radar side-19 

looking geometric distortions and phase aliasing induced by multi-level benches, high-20 

steep slopes, and rugged terrain make Differential InSAR (D-InSAR) and Time-Series 21 

InSAR techniques (e.g., SBAS-InSAR) highly sensitive to Digital Elevation Model 22 

(DEM) accuracy. Existing research has predominantly focused on flat or gently sloping 23 

terrain, leaving a gap in the systematic understanding of error propagation mechanisms 24 

across multi-source DEMs and their quantitative impact on InSAR deformation 25 

inversion accuracy under complex stepped terrain conditions. Taking the Henan 26 

Nannihu Molybdenum Mine as a case study, this study systematically analyzes and 27 

compares how multi-source DEMs (ALOS 12.5m, SRTM 30m/90m, TanDEM-X 90m) 28 

influence the accuracy of D-InSAR and SBAS-InSAR deformation monitoring. The 29 

results indicate that: 1) D-InSAR is extremely sensitive to DEM vertical accuracy. The 30 

high-resolution (12.5m), high-accuracy (absolute vertical accuracy of 4.9m) ALOS 31 

DEM and its deformation monitoring results are significantly superior to those from 32 

SRTM and TanDEM-X DEMs. Its deformation interpretation error is only 0.03–25 mm, 33 

and for every 1-meter increase in DEM elevation error, millimeter-level deformation 34 

error can be amplified. Furthermore, in areas with slopes >20%, the phase error from 35 

the SRTM DEM can be 3–4 times greater than that of the ALOS DEM. 2) SBAS-InSAR 36 

exhibits low sensitivity to DEM errors. By leveraging its multi-temporal phase 37 

unwrapping and residual phase correction mechanisms, the differences in monitoring 38 

results between various DEMs are restricted to only about 3.9 mm.  Systematic 39 

elevation errors in DEMs cause significant discrepancies in D‑InSAR results, 40 

particularly along steep slopes and abrupt terrain transition zones. In contrast, the 41 

variations in SBAS-InSAR results across different DEM datasets are relatively minor. 42 

This demonstrates that the two InSAR techniques exhibit distinct distinctly different 43 

sensitivities to external DEM inaccuracies. Accordingly, the following optimization 44 
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strategies are proposed: D-InSAR should prioritize using high-precision ALOS DEM 45 

whereas SBAS-InSAR can utilize TanDEM-X DEM combined with Ground Control 46 

Points (GCPs) to compensate for errors induced by stepped terrain. Ultimately, this 47 

research provides a crucial quantitative theoretical basis and practical guidance for 48 

selecting optimal DEM data for InSAR deformation monitoring in complex 49 

topographic regions. 50 

Keywords: Open-pit mine; D-InSAR; SBAS-InSAR; Multi-source DEM; Deformation 51 

monitoring 52 

Introduction 53 

In recent years, the extraction of energy and mineral resources has contributed 54 

tremendously to China's economic development. Among the available extraction 55 

methods, open-pit mining has become a primary approach for recovering energy 56 

minerals like coal due to its low mining cost and high recovery rates. However, large-57 

scale open-pit mining inevitably triggers geological hazards such as slope instability, 58 

land subsidence, and landslides. These events pose serious threats to personnel safety 59 

and equipment stability. Therefore, research on deformation monitoring methods for 60 

open-pit mines is of vital practical importance(Li et al. 2022). Traditional monitoring 61 

methods, such as the Global Positioning System (GPS), can provide accurate 62 

deformation information at specific locations. However, the density of these data points 63 

is usually low, making full-coverage monitoring impossible to achieve. Furthermore, 64 

GPS tracking involves high station setup costs and maintenance difficulties. Conversely, 65 

Interferometric Synthetic Aperture Radar (InSAR), an innovative earth observation 66 

technology, captures surface deformation by analyzing the phase difference in radar 67 

signals, offering a powerful new approach for surface deformation monitoring. This 68 

technology can acquire spatially continuous surface deformation data over a short 69 

intervals, achieving a  monitoring accuracy at the centimeter or even millimeter 70 

level(Portela et al. 2024). 71 

Recent open-pit mining studies have shown that satellite InSAR can provide 72 

valuable spatial information for slope-performance monitoring, while interpretation 73 

remains strongly influenced by changing pit geometry, surface conditions, and the 74 

spatial coverage of coherent radar targets (Bar and Dixon 2021). Mining subsidence 75 

prediction is conducted by integrating the DInSAR technique with a grid‑search 76 

optimized support vector regression algorithm (Sui et al. 2020), using the Dafosi Coal 77 

Mine in Shaanxi Province as the study area. The prediction results of this method align 78 

closely with GPS field measurements, yielding a maximum absolute error under 3.1 cm 79 

and a maximum relative error below 14%. Consequently, this approach enables 80 

high‑accuracy mining subsidence prediction in the Loess Plateau and provides crucial 81 

support for early-warning mine disaster system. Recent studies confirm that under ideal 82 

topographic conditions(Crosetto et al. 2016), InSAR technology can achieve 83 

millimeter-level deformation monitoring accuracy (σ < 3 mm/yr), with a measurement 84 

point density of 100–500 points/km², far exceeding that of traditional GNSS monitoring 85 

networks(Gong et al. 2021). External Digital Elevation Models (DEMs) must be 86 

introduced during InSAR processing to isolate the topographic phase from the 87 
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deformation phase. However, during this process, DEM elevation errors propagate 88 

directly into the final deformation interpretation results through geometric projection 89 

relationships(Niraj et al. 2023). According to research by Zebker et al., the deformation 90 

error Δd caused by a DEM elevation error δ can be expressed as Δd =λR sinθ δ/(4πB⊥), 91 

where λ is the wavelength, B⊥ is the perpendicular baseline, and θ is the incidence 92 

angle(Ansar et al. 2022). While this relationship demonstrates a linear association 93 

between DEM error and deformation monitoring accuracy, the model fails to account 94 

for the non-linear error amplification effects induced by complex topography. For 95 

instance, in stepped slope areas, insufficient DEM resolution prevents the accurate 96 

characterization of elevation jumps at bench edges. This limitation(Zink et al. 2014) 97 

leads to phase unwrapping path errors and increases the error propagation coefficient 98 

by 2 to 3 times. Therefore, in complex terrain areas, the accuracy of the DEM itself is 99 

a critical factors affecting InSAR monitoring precision. 100 

Differential InSAR (D-InSAR) is a core branch of InSAR technology. It removes 101 

the topographic phase by introducing an external DEM, thereby extracting millimeter-102 

level surface deformation signals. This process first involves generating an 103 

interferogram from master and slave images that contain both topographic and 104 

deformation information. Then, a reference DEM is used to simulate the topographic 105 

phase. Finally, the deformation information is isolated through differential 106 

processing(Parwata et al. 2020). Compared to traditional InSAR, D-InSAR offers 107 

advantages such as high processing efficiency and lower data requirements, making it 108 

particularly suitable for short-period, high-dynamic areas such as seismic fault zones 109 

and mining slopes(Wessel et al. 2018) However, in practical applications, D-InSAR is 110 

extremely sensitive to DEM accuracy, especially in complex terrain environments like 111 

open-pit mines or stepped slopes. When terrain undulates drastically and slopes are 112 

steep, DEM errors can be amplified into centimeter-level deformation errors through 113 

geometric projection; they can even cause aliasing between deformation phase and the 114 

residual topographic phase(Li et al. 2025). In the study of an open-pit mine in 115 

Indonesia(Parwata et al. 2020), found that when using the SRTM DEM (90m resolution, 116 

~16m vertical accuracy), errors in the differential results could exceed 15 mm in areas 117 

with slopes steeper than 25°. 118 

To overcome the high sensitivity to DEM errors in D-InSAR, the Small Baseline 119 

Subset InSAR (SBAS-InSAR) technique emerged. This technique employs joint 120 

processing of multiple interferograms to construct a time-series deformation model, 121 

effectively averaging out DEM errors and atmospheric phase delays. In the study of 122 

surface subsidence in a Sichuan mining area, found that SBAS-InSAR(Zhu et al. 2024) 123 

could reduce the time-series deformation fluctuations caused by DEM errors from ±15 124 

mm to ±5 mm, significantly improving the stability of deformation monitoring. 125 

However, in open-pit mines with rugged terrain, despite its good capability for time-126 

series deformation monitoring, SBAS-InSAR still faces dual challenges regarding 127 

accuracy and stability in benched slope areas. Because multitemporal InSAR requires 128 

reliable phase unwrapping across space and time, discontinuities and low-coherence 129 

areas can introduce unwrapping errors and systematic offsets; minimum-cost-flow 130 

formulations are commonly used to improve this step (Pepe and Lanari 2006). Open-131 
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pit case studies have also demonstrated the value of combining satellite InSAR with 132 

ground-based radar for identifying accelerating slope deformation in geometrically 133 

complex mine settings (Carlà et al. 2018). Furthermore, in the study of the Dagushan 134 

Open-pit Iron Mine in Liaoning, demonstrated that even when using multi-track SBAS-135 

InSAR methods, challenges like discontinuous interferometric phases and propagation 136 

of topographic errors persist in high-steep slope areas. In these zones, deformation 137 

monitoring is significantly affected by the coupling of rock properties, joints, and 138 

precipitation. Therefore, enhancing the applicability of SBAS-InSAR in benched open-139 

pit mines urgently requires the synergistic optimization of high-resolution DEMs and 140 

adaptive unwrapping algorithms, alongside strengthened quantitative research on error 141 

propagation mechanisms. 142 

Although the global coverage of multi-source DEM data (SRTM, ALOS, 143 

TanDEM-X) is continuously expanding, the underlying mechanisms driving their 144 

performance differences- and their subsequent impact on InSAR monitoring under 145 

complex topographic conditions- still present three major scientific questions that must 146 

be resolved: ① How does the spatial heterogeneity of DEM errors induced by stepped 147 

topography quantitatively affect the deformation interpretation accuracy of D-InSAR 148 

and SBAS-InSAR?(Liu et al. 2020) ② Is there a threshold effect regarding the ability 149 

of DEMs with different resolutions (e.g., 12.5m vs. 90m) to accurately characterize 150 

micro-topography at bench edges?(Rizzoli et al. 2017)③ Do systematic DEM 151 

elevation biases (e.g., the 5-10m difference between SRTM and TanDEM-X) trigger 152 

non-linear error propagation in steep slope areas?(Gdulová et al. 2020). 153 

To address these questions, this study focuses on the Nannihu Molybdenum Mine 154 

in Henan Province as the primary study area. A  dataset consisting of 28 Sentinel-1A 155 

SAR images and four DEM datasets (ALOS 12.5 m, SRTM 30 m, SRTM 90 m and 156 

TanDEM-X 90 m) was utilized. Using identical SAR data, processing workflows, and 157 

key parameters, we performed D-InSAR and SBAS-InSAR deformation inversions. By 158 

comparing the resulting deformation fields, typical profiles, and representative points, 159 

we analyzed the discrepancies in deformation measurements caused by different DEMs 160 

in deep-concave, stepped terrains. Particular emphasis is placed on evaluating the 161 

distinct responses of D-InSAR and SBAS-InSAR to external DEM variations, thereby 162 

providing a valuable baseline reference (Hawker et al. 2019) for DEM selection and 163 

interpretation during InSAR processing in complex open-pit mining areas. 164 

1  Study Area and Research Methods 165 

1.1  Study Area and Data 166 

The study area selected for this research is the Nannihu Molybdenum Mine in 167 

Henan Province. As shown in Figure 1, the mining site is located between the Xiong'er 168 

Mountains and the Funiu Mountains in the eastern Qinling range. The main ore body 169 

lies south of the watershed, situated within a mid-to-high mountain area. Decades of 170 

intensive mining have significantly altered most of the original landforms within the 171 

mine area. Current mining operations have created multiple benches with steep slope 172 

angles ranging from 32° to 64°. Within the open pit, the highest bench elevation stands 173 

at +1495 m, while the lowest drops to +1330 m, resulting in a height difference of 165 174 
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m. On the northwestern side of the pit, the failure to reserve benches during excavation 175 

led to the formation of a 120-meter high, unbenched slope with a 50° angle on the 176 

western portion of the northern wall. The eastern side of the mining pit is adjacent to 177 

the Sandao Zhuang Molybdenum Mine area. A tailings pond is located on the western 178 

side, which has been raised to an elevation of +1392 m, exceeding a height of 50 m. 179 

The topography surrounding the mining area is severely incised, featuring well-180 

developed valleys and gullies. Consequently, the local topography of the study area has 181 

been excavated into a highly complex, stepped terrain. 182 

To evaluate how different DEMs impact InSAR monitoring accuracy across this 183 

complex topographic area-while minimize confounding factors such as temporal and 184 

spatial decorrelation caused by long baselines, or atmospheric delays due to climatic 185 

humidity—this experiment utilized 28 Sentinel-1A SAR scenes covering a period of 186 

nearly one year, from February 2023 to June 2024. Four types of external DEM data 187 

covering the study area were selected: ALOS (12.5m), SRTM 1" (30×30m), SRTM 3" 188 

(90×90m) (Farr et al. 2007), and TanDEM-X 3" DEM (90×90m) (Grohmann 2018) data. 189 

The vertical accuracy of these DEM products is a critical baseline parameter directly 190 

governing the subsequent deformation inversion precision. In contrast, the absolute 191 

vertical accuracy of the ALOS DEM is approximately 5.0 meters. In contrast, the 192 

absolute vertical accuracy of the SRTM DEM varies by region, averaging about 10–16 193 

meters in the mountainous areas of China. Meanwhile,  the TanDEM-X DEM, a 194 

product specifically engineered for radar interferometry, yields the highest absolute 195 

vertical accuracy, reaching approximately 4.0 meters in most regions worldwide. Given 196 

that the study area is a bare-rock mining zone with complex terrain, these accuracy 197 

metrics establish a critical foundation for analyzing variations in deformation 198 

monitoring results across the different DEMs. 199 

1.2 Research Methods 200 

1.2.1 Differential Interferometric Synthetic Aperture Radar (D-InSAR) 201 

The fundamental principle of D-InSAR technology relies on acquiring complex 202 

image pairs of the same ground target. This is achieved either through simultaneous 203 

observation by a SAR antenna in single-pass mode, or via two nearly parallel 204 

observations along repeat orbits. Due to the geometric relationship between the target 205 

and the two observation positions, a phase difference is generated, which forms an 206 

interferogram. These interferometric fringes contain precise information regarding the 207 

difference in slant-range distance from the target point to the two antenna 208 

positions(Scott et al. 2017). This difference incorporates noise, the flat-earth effect, 209 

atmospheric delay effects, and subtle changes in the Earth's surface occurring between 210 

the two imaging instances. By systematically removing these confounding factors 211 

during data processing, precise surface deformation information can be derived based 212 

on the geometric relationship of the radar antennas, radar parameters, and sensor 213 

altitude. The overall processing flow is illustrated in Figure 2. The D-InSAR technical 214 

workflow can be systematically divided into six core processing stages. First, focusing 215 

is applied to the raw SAR data to generate Single-Look Complex (SLC) image pairs 216 

through range and azimuth compression, while simultaneously performing precise 217 

estimation of spatial baseline parameters. Subsequently, an interferometric phase model 218 
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is constructed by combining a reference Digital Elevation Model (DEM) with a 219 

reference ellipsoid model, followed by interferogram generation and flat-earth phase 220 

removal. Multi-looking is then applied to the interferogram to obtain intensity data, 221 

thereby enhancing the signal-to-noise ratio. A critical subsequent step involves 222 

employing adaptive filtering to optimize interferogram quality, and calculating the 223 

spatial coherence coefficient to serve as a weight for the subsequent phase unwrapping 224 

process (Costantini 1998). During the phase unwrapping stage, the phase ambiguity 225 

problem is resolved using the Minimum Cost Flow (MCF) algorithm, and unwrapping 226 

anomalies in specific areas are corrected through manual phase editing. Next, orbit 227 

refinement is conducted to eliminate residual orbital errors, and a re-flattening process 228 

is performed to further remove low-frequency phase components such as atmospheric 229 

delays. Finally, based on the phase-to-deformation conversion model, the unwrapped 230 

phase is converted into surface displacement quantities. Geocoding (Rosen et al. 2000) 231 

is then employed to achieve precise registration between the deformation field and the 232 

target geographic coordinate system. 233 

In D-InSAR processing, the two-pass method is one of the most classic and widely 234 

adopted techniques. Its core principle lies in utilizing an external DEM to simulate and 235 

remove the topographic phase, thereby isolating the deformation phase. When 236 

processing data with this method, errors in the external DEM serve as a primary factor 237 

limiting monitoring accuracy(Zhu et al. 2021). Specifically,  the vertical accuracy of 238 

the DEM and the perpendicular baseline length exert a significantl influence on the 239 

final results. This topographic phase error contribution can be expressed by Equation 240 

(1), where θ is the radar incidence angle, R is the sensor-to-target distance, and λ is the 241 

wavelength. 242 







sin

4
-
R

B⊥=  (1) 

1.2.2 Small Baseline Subset Interferometric Synthetic Aperture Radar (SBAS-243 

InSAR) 244 

The SBAS-InSAR technique(Berardino et al. 2002) can generate large-scale 245 

average deformation velocities and long-term time-series deformation results, while 246 

simultaneously obtaining Line-of-Sight (LOS) deformation fields with centimeter- to 247 

millimeter-level accuracy. The SBAS-InSAR technique operates by selecting 248 

appropriate temporal and spatial baseline thresholds (Lanari et al. 2007). Multiple SAR 249 

images arranged in chronological order are used to generate interferometric pairs. 250 

Based on the connection graph of these pairs, interferogram generation, flattening, 251 

filtering, and phase unwrapping are performed sequentially to obtain interferograms. 252 

An external DEM and Ground Control Points (GCPs) are introduced to remove and 253 

estimate residual phases (Lanari et al. 2004) and to assist the phase unwrapping 254 

process(Li et al. 2018). The selection of GCPs in open-pit mining areas should adhere 255 

to the following principles: 1) They must not be located on areas of high-frequency 256 

residual topographic phase; 2) They must not be located within active deformation 257 

zones; 3) They must not be located in areas characterized by abrupt phase changes; 4) 258 

They must be positioned in relatively stable, non-deforming areas. The interferograms 259 
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then undergo re-flattening and refinement(Li et al. 2019), followed by another round of 260 

phase unwrapping using the Minimum Cost Flow method and adaptive filtering. Based 261 

on this processing, the time-series surface displacement is calculated. Finally, 262 

geocoding is performed to obtain the cumulative surface deformation magnitude and 263 

deformation rate within the WGS-84 coordinate system(Minderhoud et al. 2020a). The 264 

overall processing flow is illustrated in Figure 3. The SBAS-InSAR processing 265 

workflow takes multi-temporal SLC images as its input. First, a connection graph is 266 

constructed under the constraints of temporal and spatial baseline thresholds, 267 

establishing the network topology of interferometric pairs among the images. High-268 

resolution interferograms are generated by combining a reference DEM with 269 

differential interferometry. A three-dimensional phase unwrapping algorithm (3D-270 

Unwrapping) is employed to resolve phase ambiguities caused by the coupling of 271 

complex topography and deformation(Hussain et al. 2025). After phase editing to 272 

remove low-coherence areas, orbit refinement and GCP-assisted corrections are 273 

performed to eliminate systematic orbital errors and residual topographic phases. An 274 

initial estimation of the regional average deformation velocity and DEM correction 275 

factors is then conducted. Atmospheric delay signals are isolated and separated using 276 

atmospheric phase screen modeling. Following iterative optimization, the precise 277 

average deformation velocity, DEM residuals, and 3D coordinates (longitude, latitude, 278 

height) of Persistent Scatterers (PS) are obtained. Time-series deformation information 279 

for specific locations is extracted using spatiotemporal filtering, while an average SAR 280 

backscattering intensity map(Bhattacharya et al. 2017) is simultaneously generated to 281 

assist target identification. 282 

2 InSAR-Based Deformation Monitoring Results in the Mining Area 283 

2.1  Deformation Monitoring Based on D-InSAR 284 

This study selected two SAR scenes acquired on April 4, 2024, and April 16, 2024. 285 

For this image pair, the spatial baseline length was -50.389 m, the temporal baseline 286 

was 12 days, and the incidence angle was 33.8°. To systematically investigate the 287 

impact of different DEMs on the deformation results, the identical image pair was 288 

processed using four different DEM datasets as the sole controlled variable in the two-289 

Pass D-InSAR workflow: ALOS DEM (12.5 m spatial resolution), TanDEM-X 3" DEM 290 

(90 m spatial resolution), and SRTM DEM (at both 30 m and 90 m spatial resolutions). 291 

All other processing parameters were kept strictly identical. The resulting geocoded 292 

deformation maps are presented in Figure 4. 293 

A comparative analysis of the D-InSAR deformation maps indicates that the 294 

ALOS 12.5m DEM-leveraging its high resolution and superior vertical accuracy 295 

(absolute error of 4.9m)- demonstrates an exceptional capability for characterizing fine 296 

details along the stepped slopes  (32°–64°) of deep concave open-pit mines. 297 

Specifically, it clearly delineates deformation anomaly zones at bench edges, with an 298 

error range of only 0.03–25 mm. Conversely, due to insufficient spatial resolution (30–299 

90 m) and larger absolute elevation errors (>10 m), the SRTM 30m/90m DEMs induce 300 

spatial smoothing effects within the deformation fields at bench transition zones.  This 301 

smoothing leads to the attenuation of peak deformation values and a blurring of 302 
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boundaries. This issue is particularly pronounced on slopes exceeding >20%, where the 303 

phase error of the SRTM DEMs 3 to 4 times greater than that of the ALOS DEM. 304 

Furthermore, although the TanDEM-X 90m DEM shares the same resolution as the 305 

SRTM 90m DEM, it exhibits superior phase continuity in the northwestern high-steep 306 

slope areas (slope >50%). This advantage stems from the inherent adaptability of its 307 

radar interferometric data source to bare-rock wall topography (achieving a vertical 308 

accuracy of 4.9m). The study further reveals that systematic elevation biases between 309 

DEMs-such as the 5.4m discrepancies between the SRTM and TanDEM-X products—310 

can trigger non-linear error propagation in complex terrain environments. This 311 

propagation results in D-InSAR monitoring discrepancies of up to 16 mm, thereby 312 

confirming that high-precision DEM data are indispensable for reliable deformation 313 

monitoring in open-pit mining environments. 314 

2.2 Deformation Monitoring Based on SBAS-InSAR 315 

The experiment utilized 28 Sentinel-1A SAR scenes, which were processed 316 

separately using the four DEM datasets: ALOS DEM (spatial resolution 12.5m), 317 

TanDEM-X 3" DEM (spatial resolution 90m), and SRTM DEM (spatial resolutions 318 

30m and 90m). The temporal baseline threshold was set to 180 days, the spatial baseline 319 

threshold was limited to  5% of the critical baseline, and the range-to-azimuth multi-320 

looking ratio was configured to 4:1. The Minimum Cost Flow method was selected for 321 

phase unwrapping, utilizing a coherence threshold of 0.15. Assisted by 25 ground 322 

control points, a total of 111 interferograms were generated. The resulting Line-of-Sight 323 

deformation time series are presented in Figure 5. 324 

A comparative analysis of the SBAS-InSAR time-series deformation monitoring 325 

results indicates that the SBAS-InSAR technique significantly reduces sensitivity to 326 

DEM errors. This is achieved primarily through its multi-temporal phase unwrapping 327 

and residual phase correction mechanisms, restricting the maximum discrepancy 328 

between results obtained from different DEM datasets to merely 3.9 mm. By virtue of 329 

its high resolution (12.5 m) and superior vertical accuracy (4.9 m), the ALOS 12.5m 330 

DEM preserves the optimal spatial details of the deformation field along the benched 331 

slopes (slope angles 32°–64°). Consequently, its deformation interpretation results 332 

exhibit the smallest overall discrepancy (0.03–25 mm) when validated against D-333 

InSAR observations. Furthermore, although the insufficient resolution of the SRTM 334 

30m/90m DEMs causes a widening of the deformation transition zones—such as 335 

increasing the width of the deformation gradient zone at bench edges from 20 m (with 336 

ALOS) to 60 m—SBAS-InSAR’s multi-temporal phase optimization effectively 337 

suppresses elevation-induced errors (>10 m). Specifically, the large deformation 338 

differences observed in D-InSAR (ranging from 6.7–36.2 mm) are mitigated down to 339 

just 1.3–6.4 mm in the SBAS workflow. This directly validates the time-series method's 340 

capability to statistically minimize random errors. Similarly, the TanDEM-X 90m DEM 341 

demonstrates excellent adaptability across bare-rock steep-slope areas (slope >50%). 342 

Its systematic elevation bias (such as the 5.4m discrepancy compared to SRTM) is 343 

successfully mitigated through time-series phase correction, reducing the deformation 344 

rate discrepancy from 16 mm in D-InSAR down to 2.8 mm. This result underscores the 345 

non-linear error suppression characteristics of SBAS-InSAR when handling systematic 346 
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errors. Ultimately, the study demonstrates that the impact of DEM resolution disparities 347 

(12.5 m vs. 90 m) on SBAS-InSAR is predominantly confined to its capability to 348 

resolve fine-scale deformation gradients. While the ALOS DEM provides a noticeably 349 

clearer characterization of deformation gradients at bench edges, the global 350 

deformation trends remain highly consistent (discrepancy < 3.9 mm) across all lower-351 

resolution DEMs. 352 

3 Discussion 353 

3.1 Deformation Analysis of Specified Profiles Based on D-InSAR Results 354 

To quantitatively evaluate the impact of different DEMs on D-InSAR monitoring 355 

results and analyze the differences between deformation magnitudes and DEM 356 

elevation values along different profiles, five profile lines were extracted across the 357 

mining area, as shown in Figure 6. A comparison of these results is presented in Figure 358 

7, where the X-axis represents latitude. The solid lines in four distinct colors represent 359 

the D-InSAR deformation monitoring results derived from each of the four DEMs, 360 

while the corresponding dashed lines denote their respective elevations. Based on the 361 

deformation inversion results and profile analysis, it can be observed that in areas with 362 

slopes exceeding than 20%, the deformation results obtained using the ALOS DEM 363 

exhibit the smallest discrepancy relative to the SBAS-InSAR time-series results. This 364 

indicates its superior relative vertical accuracy, with errors confined to approximately 365 

3 meters. Conversely, the TanDEM-X DEM follows, demonstrating a relative vertical 366 

accuracy of about 4 meters. Conversely, the deformation errors from the SRTM DEM 367 

are significantly larger, reflecting a poorer relative vertical accuracy exceeding 10 368 

meters. This ranking is consistent with independent multi-DEM evaluations showing 369 

that the relative performance of ALOS, SRTM, and TanDEM-X varies with terrain 370 

conditions and that steep topography can substantially increase vertical errors 371 

(González-Moradas and Viveen 2020). 372 

As clearly observed from Figure 7, in non-mining areas where almost no 373 

deformation was detected via InSAR technology (profiles A1A2 and E1E2), the 374 

differences in D-InSAR deformation results obtained from different DEMs are 375 

relatively minor and tend to be highly consistent. This aligns with the expectations of 376 

InSAR error propagation theory, indicating that in areas characterized by weak 377 

deformation signals and relatively gentle terrain, the impact of DEM errors on 378 

deformation inversion remains limited. Conversely, in mining areas experiencing 379 

significant deformation (profiles C1C2, D1D2) as well as those with minor deformation 380 

(profile B1B2), the discrepancy in deformation results between the two SRTM DEM 381 

resolutions (30m and 90m) is relatively small. This suggests that, at the scale of this 382 

study, the resolution disparity between the SRTM DEM products themselves is not the 383 

dominant factor driving the variation in deformation results. However, significant 384 

differences exist in the D-InSAR deformation results between the TanDEM-X DEM 385 

and the SRTM DEM within the deformation zones (particularly profiles B1B2, C1C2, 386 

D1D2). This discrepancy primarily stems from differences in their absolute elevation 387 

accuracy (especially systematic biases) and the varying capacity of their spatial 388 

resolutions to characterize complex, highly undulating terrain. 389 
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A notable and distinctive pattern in Figure 7 is the high spatial consistency 390 

observed within the deformation zones (profiles B1-B2, C1C2, D1D2) between the 391 

discrepancies in elevation values of among the four DEMs and the corresponding 392 

variations in their D-InSAR deformation results. For instance, at locations where the 393 

DEM elevation differences increase significantly—such as around latitude 33.92° on 394 

profile C1–C2—the discrepancies in the D-InSAR deformation results also increase 395 

synchronously and markedly. This phenomenon quantitatively and visually confirms 396 

that in complex areas like open-pit mines which are characterized by drastic 397 

topographic relief and benched features, the vertical accuracy of the DEM 398 

(encompassing both random errors and systematic biases) exerts a decisive impact on 399 

the accuracy of D-InSAR deformation inversion. Through specific quantitative profile 400 

analysis, this study elucidates the direct correlation between the spatial distribution of 401 

DEM errors and the spatial distribution of D-InSAR deformation errors more clearly 402 

than previous research(Sui et al. 2020; Parwata et al. 2020; Li et al. 2025). The results 403 

unequivocally demonstrate that in complex terrain environments such as mining 404 

districts, the fidelity of D-InSAR deformation results is highly dependent on DEM 405 

accuracy. Consequently, integrating higher-quality DEM data—such as the high-406 

resolution, high-precision ALOS DEM—yields substantially more reliable D-InSAR 407 

deformation monitoring results. 408 

3.2 Comparative Analysis of Deformation Results from D-InSAR and SBAS-409 

InSAR 410 

To conduct a comprehensive comparison of the performance of D-InSAR and 411 

SBAS-InSAR under varying DEM conditions, 20 random points were selected across 412 

the mining area. These verification points were distributed across subsidence zones, 413 

uplift zones, and stables areas characterized by negligible deformation. To ensure a 414 

robust assessment, the SBAS-InSAR deformation values derived from the four 415 

different DEMs for the period from April 4, 2024, to April 16, 2024, were extracted. 416 

Given the minimal variances among the four SBAS-InSAR datasets, their mean value 417 

was established as the baseline benchmark for comparison against the corresponding 418 

D-InSAR monitoring results over the identical timeframe, as detailed in Table 1. 419 

The data in Table 1 clearly demonstrate that regardless of whether points are within 420 

zones of uplift, subsidence, or negligible deformation, the differences among the 421 

SBAS-InSAR results obtained using the four different DEMs over the identical period 422 

are consistently minor, with a mean discrepancy of approximately 3.9 mm. This 423 

indicates that the SBAS-InSAR technique- by incorporating an optimization workflow 424 

that includes multi-temporal phase unwrapping, residual phase correction 425 

(encompassing the estimation of atmospheric and orbital errors), and spatiotemporal 426 

filtering(Choopani et al. 2025; Li et al. 2019), -can effectively suppress and average out 427 

topographic error propagation typically introduced in single -paired D-InSAR 428 

processing. However, this study-conducted in an exceptionally complex, deep concave, 429 

stepped terrain environment (with slope anales ranging from 32°–64°)-further 430 

constraints this discrepancy to mean level of 3.9 mm, quantitatively validating the 431 

strong robustness of SBAS-InSAR against DEM errors in complex topography. This 432 

stability holds true even when deploying DEMs with spatial resolutions as low as 90 m, 433 
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such as TanDEM-X and SRTM, thereby provides strong empirical justification for 434 

utilizing more readily available medium-resolution DEMs (e.g., TanDEM-X) for 435 

reliable time-series monitoring in topographically similar regions. 436 

Within the subsidence zones of the mining area (e.g., points 1, 2, 11, 12, 18, 20), 437 

comparing the corresponding D-InSAR results reveals that the discrepancies between 438 

output generated via the ALOS DEM and the TanDEM-X DEM are relatively minor, 439 

with deviations ranging from approximately 0.7 to 16 mm. In contrast, the discrepancies 440 

among the D-InSAR monitoring results derived from all four DEMs become 441 

significantly more pronounced within the uplift zones (e.g., points 3, 4, 5, 6, 7, 9, 14, 442 

15, 16, and 17). 443 

Specifically, the D-InSAR results derived using the ALOS 12.5m DEM show the 444 

smallest discrepancy relative to the SBAS-InSAR mean values (ranging from 445 

approximately 0.03 to 25 mm). This minimal variance indicates its capacity to provide 446 

single-pair deformation insights closest to the time-series inversion accuracy under 447 

complex topographic conditions. Conversely, the discrepancies between the D-InSAR 448 

results generated from the two SRTM DEMs (30m/90m) and the SBAS-InSAR 449 

benchmark values are significantly larger, expanding to approximately 3 to 31.4 mm. 450 

Meanwhile, the variations observed in the D-InSAR results utilizing the TanDEM-X 451 

90m DEM fall intermediate to those of the ALOS and SRTM datasets. 452 

This comparative analysis quantitatively verifies the necessity of utilizing  high-453 

resolution, high-accuracy DEM data-such as the ALOS DEM- to secure reliable single-454 

pair D-InSAR deformation results across complex stepped terrain. These insights echo 455 

the findings (Parwata et al.2020) in an Indonesian mining district which reported errors 456 

exceeding 15 mm when using the SRTM DEM on slopes steeper than 25°. They also 457 

align with Sui et al.( 2020) regarding how insufficient DEM resolution prompts errors 458 

propagation that breaches acceptable phase threshold. The primary novelty of this study 459 

lies in explicitly quantifying the absolute accuracy variation (spanning the millimeter 460 

to centimeter level) across diverse DEM categories—particularly high-resolution 461 

ALOS versus medium-to-low resolution SRTM and TanDEM-X—within D-InSAR 462 

workflows. This is accomplished through direct cross-validation against multi-463 

temporally optimized SBAS-InSAR profiles, thereby confirming the pronounced 464 

advantage of the ALOS DEM for single-pair observation schemes. Furthermore, the 465 

generally superior performance of the TanDEM-X DEM over the SRTM DEM variants 466 

in the D-InSAR assessment detailed in Table 1 corroborates its operational advantages 467 

across bare-rock, steep slope zones (e.g., northwestern slope exceeding 50%). This 468 

performance benefit is fundamentally attributable to its specialized radar data source 469 

characteristics and superior vertical accuracy. This is also consistent with open-pit slope 470 

studies showing that complex geometry and incomplete radar visibility can complicate 471 

the interpretation of deformation patterns, reinforcing the need for careful data-quality 472 

control (Carlà et al. 2018). Consequently, these findings suggest that the TanDEM-X 473 

DEM serves as a more robust and suitable alternative to the SRTM DEM for D-InSAR 474 

processing in topographically analogous regions. 475 



12 

 

4 Conclusions 476 

(1) The vertical accuracy of the external DEM significantly impacts D-InSAR 477 

reliability. within the deep concave open-pit mining district, the D-InSAR results 478 

derived from the high-accuracy ALOS 12.5m DEM exhibited smallest discrepancy 479 

(0.03–25 mm) relative to the SBAS-InSAR mean values, noticeably outperforming 480 

both the SRTM and TanDEM-X products. Empirical assessment confirm that for every 481 

1-meter increase in DEM elevation error, the corresponding D-InSAR deformation 482 

error can be amplified to the millimeter level. This amplification is particularly severe 483 

across benched terrain zones with slopes exceeding 20%, where the phase 484 

errororiginating from the SRTM DEM reached 3 to 4 times that of high-precision 485 

alternative. This phenomenon reveals a non-linear amplification mechanism of 486 

elevation errors derived by geometric projection effects in steep terrains. 487 

(2) Spatial resolution of Digital Elevation Model (DEM) exerts a significant 488 

influence on its capability to characterize bench micro‑topography. For stepped 489 

open‑pit mining areas, the 12.5‑m ALOS DEM can distinctly resolve slope 490 

discontinuities and local deformation gradients, yielding well‑defined deformation 491 

zones boundaries along bench edges. In contrast, the 30‑m SRTM and 90‑m TanDEM‑X 492 

DEM, owing to their coarse spatial resolutions, exhibit notable smoothing in certain 493 

bench transition zones. This smoothing leads to widened deformation gradient zones 494 

and attenuated local details. These findings demonstrate that DEM spatial resolution 495 

directly impacts the representation of complex stepped terrain and local deformation 496 

gradients, with such effects being particularly pronounced on steep high‑slopes and 497 

bench transition zones. 498 

(3) Systematic elevation bias in DEM exerts a significant impact on D‑InSAR 499 

deformation results in high‑steep terrain. For instance, the bulk elevation difference of 500 

approximately 5.4 m between SRTM and TanDEM‑X can yield D‑InSAR deformation 501 

discrepancies of up to 16 mm across slope zones. Spatially, the discrepancies among 502 

elevation profiles from different DEM datasets align consistently with the scatter of 503 

corresponding D‑InSAR deformation outputs. This phenomenon is more prominent on 504 

steep slopes and bench transition zones, indicating that complex terrain amplifies the 505 

sensitivity of D‑InSAR results to local DEM variations. By contrast, the overall 506 

discrepancies of SBAS‑InSAR results across different DEM inputs are relatively minor, 507 

demonstrating that D‑InSAR and SBAS‑InSAR exhibit distinct sensitivities to external 508 

DEM inaacuracies. 509 

(4) Optimization strategies include: ①Prioritizing the use of the ALOS DEM for 510 

D-InSAR, combined with local correction using Ground Control Points (GCPs) in areas 511 

with slopes >15%; ② Selecting the TanDEM-X DEM for SBAS-InSAR to balance 512 

cost and accuracy; ③ Constructing a customized DEM through weighted fusion of 513 

ALOS and TanDEM-X to mitigate systematic errors. This framework provides a 514 

systematic solution encompassing data selection, error control, and algorithm 515 

optimization for open-pit mine slope monitoring, holding significant value for 516 

engineering applications. 517 

 518 

 519 
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Table 1. DInSAR and SBAS InSAR shape variables (unit: mm) 665 

 666 

 667 

NO. Latitude Longitude 

ALOS SRTM 1" SRTM 3" TanDEM-X 

D-InSAR 
SBAS-

InSAR 
D-InSAR 

SBAS-

InSAR 
D-InSAR 

SBAS-

InSAR 
D-InSAR 

SBAS-

InSAR 

1 33°55'8.92" 111°29'17.86" -8.987 -2.6 -0.766 -10 -3.342 -5.2 -10.245 -3.2 

2 33°55'8.69" 111°29'18.48" -10.978 4.5 -3.038 3.2 -6.528 2.5 -11.736 -1.4 

3 33°55'8.61" 111°28'48.18" 16.334 -10 22.388 -2.6 17.895 -7 13.617 -1.8 

4 33°55'6.06" 111°28'53.67" 9.5 3.3 16.622 -4 11.921 -3 8.623 3 

5 33°55'6.05" 111°28'51.30" 13.687 -0.4 19.26 -6.1 14.222 -0.8 11.875 -2.2 

6 33°55'30.02" 111°29'2.51" 15.522 0.9 18.21 0.8 8.366 0.9 17.713 1.1 

7 33°55'29.83" 111°29'2.53" 14.775 -0.5 19.881 -0.8 11.351 -0.4 18.047 -1.1 

8 33°55'23.18" 111°28'47.76" 3.3 1.5 2.859 6.1 1.568 0.6 19.313 -3 

9 33°55'19.22" 111°28'30.72" 20.174 -1.01 11.642 -6.5 25.709 -6.7 14.447 -8.7 

10 33°55'19.01" 111°28'47.44" 2.336 0.9 5.605 4.9 14.022 1 16.762 2.7 

11 33°55'16.39" 111°29'10.36" -1.687 -2.3 -3.739 -5.2 -2.672 -3.2 -2.361 -5.1 

12 33°55'15.54" 111°29'8.95" -4.872 -14 -8.321 -16 -10.503 -7.4 -2.861 -11.4 

13 33°55'15.06" 111°28'49.50" 4.751 -0.6 10.819 6.6 12.962 -1.3 12.054 2.3 

14 33°55'10.63" 111°28'45.11" 15.968 2.6 20.689 5.2 11.998 6.4 17.452 0.9 

15 33°54'55.55" 111°29'1.81" 14.445 -9.8 22.506 -4.9 18.427 -6.7 13.534 -3.7 

16  33°55'8.45" 111°28'50.12" 13.432 5.2 19.507 1.3 16.262 0 10.173 3.6 

17  33°55'8.44" 111°28'45.56" 18.78 0.3 24.711 -2.7 18.407 -9.2 16.568 0.3 

18  33°55'16.2" 111°29'9.21" -3.894 -6.4 -9.52 -6.9 -5.783 -7.1 -2.163 -9.7 

19  33°55'15.7" 111°28'48.35" 5.222 1.1 10.864 5 5.306 0.3 14.084 0.6 

20  33°55'12.3" 111°29'12.44" -6.372 -9.4 -2.677 -21 -7.616 -15.3 -3.941 -12.9 
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 668 

 669 

Fig.1 SAR satellite image coverage area and study area 670 
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 672 
Fig.2 D-InSAR Data Processing Workflow Diagram 673 

 674 



20 

 

 675 

Figure 3. Flow chat of SBAS-InSAR data processing 676 
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 678 

Figure 4. DInSAR deformation(a) Deformation map of external ALOS DEM 12.5 m; (b) Deformation map of 679 

external TanDEM-X DEM 90m;(c) Deformation map of external SRTM DEM 30 m; (d)Deformation map of 680 

external SRTM DEM 90 m 681 
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 683 

Figure 5. SBAS-InSAR deformation(a) Deformation map of external ALOS DEM 12.5 m; (b) Deformation 684 

map of external TanDEM-X DEM 90m ;(c) Deformation map of external SRTM DEM 30 m; (d)Deformation map 685 

of external SRTM DEM 90 m 686 
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 688 

Figure 6. location of section line 689 

 690 



24 

 

 691 

 692 
Figure 7. Relationship between DInSAR shape variable and latitude 693 
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