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Abstrat: Objectives: The Earth’s surface is a non-Euclidean curved space with topographic relief. Due to the
difficulty to measure surface distances, analysis and calculations on topographic surfaces offten rely on ap-
proximate solutions, which can impede the precise application of topography models. This paper introduces the
concept of exact geodesic distance mapping on undulating medium and small-scale terrain, and investigates the
metric correction and accuracy evaluation of surface interpolation models. Methods: In view of the non—positive
definite autocorrelation matrices caused by non-Euclidean metric, we propose a recalculation solution following
topographic projection through dimension reduction constrained by geodesic distance, The primary interpolation
algorithm is subsequently revised. On a relatively regular terrain grid with a 10-meter horizontal resolution,
elevation variables minimally affected by environmental interference are selected to establish an interpolation
benchmark test. The optimized model is then employed to conduct interpolation tests on 0.3—meter topographic
point clouds and 0.25° ECMWF reanalysis surface air temperature, respectively, to explore the applicable scale
of geodesic distance. Results: The findings indicate that simple inverse distance weighting and natural neighbor

interpolation using geodesic distance exhibit a clear improvement in accuracy compared to those using Euclidean
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distance. The accuracy of radial basis function and ordinary Kriging interpolation is generally superior to simple

interpolation under Euclidean distance. In terms of projection geodesic distance, their root mean square error

is further reduced by approximately 25% compared to themselves. Conclusions: This suggests that at small

and medium scales with significant relief, geodesic distance can often better leverage the accuracy information

of terrain models. The related methods can be utilized to enhance the accuracy of elevation interpolation and

provide a reference for surface modeling.

Key words: high—precision terrain model; geodesic distance; surface interpolation; positive—definite auto-

correlation matrix; projection through dimensionality reduction
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Table 1 Cross—Validation of the Elevation Interpolation

with Geodesic Metric/m

F i {77 MSE  RMSE MAE
1 IDW Euclidean 11.92 3.45  2.80
2 IDW geodesic exact 10.24 3.20  2.53
3 IDW geodesic heat 9.06 3.01 232
4 NN Euclidean 7.77 2.79 213
5 NN geodesic 7.49 2.74  2.08
6 RBF multiquadric Euclidean 6.16 248  1.87
7 RBF multiquadric MDS 3.37 1.84 143
8 RBF multiquadric ISOMAP 7.57 2.75  2.05
9  RBF thin-plate Euclidean 4.94 2.22 1.73
10 RBF thin-plate MDS 3.10 1.76 1.37
11 Krige exponential Euclidean 6.74 2.60  2.00

12 Krige exponential geodesic 477 946.64  691.34 122.54
13 Krige exponential MDS 4.05 2.01  1.59
14 Kirige spherical Euclidean 6.42 2.53  1.95

15 Krige spherical geodesic 147 116.91  383.56 111.39

16 Krige spherical MDS 4.45 211  1.64
Krige pentaspherical
17 sep P 6.29 2.51 1.92
Euclidean
Krige pentaspherical
18 1583339.72 1258.31 219.69

geodesic
19 Krige pentaspherical NPD 48 271.86  219.71 97.46
Krige pentaspherical

20 7.69 277 2.07
ISOMAP

21 Krige pentaspherical MDS 4.01 2.00  1.58
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Table 2 Distance Comparison Between DEM Point
Cloud and LIDAR Point Cloud

Haussdorf — “F¥IE PR MR

il ik S /m B /m CC/m B /m?

1 m DEM 7.6816  0.6531 0.4439 1.0033
MIBFEES A RBF - 75781 0.5689  0.3287  0.8539
FRICIE & RBF 7.8805  0.5891  0.3376  0.8843
F AR AR A (8 8.0080  0.5858 0.3400 0.8718
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Table 3 Cross—Validation of the 2 m Air Temperature of
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K 77 % MSE RMSE MAE
1 IDW Euclidean 0.1309 0.3618 0.2675
2 IDW geodesic heat 0.1229 0.3506 0.2653
3 NN Euclidean 0.1720 0.4147 0.303 4
4 NN geodesic 0.1726 0.4154 0.3037
5 RBF multiquadric Euclidean  0.064 6 0.254 1 0.190 0
6 RBF multiquadric MDS 0.0299 0.1731 0.1289
7 RBF thin-plate Euclidean 0.0787 0.2806 0.2132
8 RBF thin-plate MDS 0.0451 0.2125 0.1570
9 Krige spherical Euclidean 0.1075 0.3279 0.2457

10 Krige spherical MDS 0.1115 0.3340 0.2501
11 Krige pentaspherical Euclidean 0.1024 0.3200 0.240 8
12 Krige pentaspherical MDS ~ 0.099 1 0.3149 0.2378
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