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	 The increasing availability of high-resolution satellite stereo imagery has enabled large-scale 
3D reconstruction for urban morphology analysis and monitoring change. However, conventional 
semi-global block matching methods are highly sensitive to the minimum disparity parameter, 
particularly in complex urban environments characterized by dense buildings, severe occlusions, 
and abrupt elevation variations, often leading to mismatches and extensive holes that degrade the 
quality of digital surface models and point clouds. To address this limitation, we propose a hole-
driven hierarchical framework for adaptive minimum disparity estimation. The method first 
derives a globally adaptive minimum disparity to generate an initial disparity map, followed by 
the identification of invalid regions and progressive refinement through a coarse-to-fine strategy 
guided by local statistical characteristics. This transition from global constraint to local 
adaptation effectively reduces matching failures and improves disparity completeness while 
preserving geometric consistency. Experiments on multiple satellite stereo datasets, validated 
against airborne light detection and ranging point clouds, demonstrate significant improvements 
in the geometric completeness, structural consistency, and detail preservation of reconstructed 
urban surfaces. The proposed approach provides a robust and scalable solution for accurate 3D 
urban morphology reconstruction and supports the reliable analysis of fine-scale urban changes.

1.	 Introduction

	 With the rapid development of high-resolution satellite Earth observation technologies, 3D 
reconstruction from stereo imagery has become a fundamental tool for characterizing urban 
morphology and monitoring its dynamic evolution. Accurate 3D representations of urban 
structures are essential for a wide range of applications, including urban 3D modeling, disaster 
emergency response, 5G communication infrastructure planning, and large-scale infrastructure 
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monitoring,(1–3) where detailed geometric information such as building height and spatial 
configuration plays a critical role. In this context, dense stereo matching serves as a key step in 
bridging 2D imagery and 3D urban structure reconstruction. Its objective is to estimate pixel-
wise disparities for stereo image pairs, from which depth information can be recovered. 
However, satellite imagery typically features wide spatial coverage, pronounced terrain 
variations, radiometric inconsistencies, occlusions, and repetitive textures, all of which pose 
significant challenges to achieving accurate and efficient dense matching.(4) These challenges 
become even more pronounced in complex urban environments, where dense building 
structures, severe occlusions, and abrupt elevation changes further degrade matching reliability.
	 Existing dense stereo matching approaches can generally be categorized into four groups in 
accordance with their optimization strategies: local cost aggregation methods, global 
optimization methods, semi-global matching (SGM), and deep-learning-based methods.(3) Local 
methods, such as window-based matching using the sum of absolute differences or normalized 
cross-correlation measures, rely on photometric consistency within local neighborhoods. While 
computationally efficient, they are prone to errors in weakly textured regions, occlusions, 
repetitive patterns, and disparity discontinuities.(5) Global optimization approaches, including 
graph cuts and belief propagation, formulate disparity estimation as an energy minimization 
problem with global smoothness constraints, thereby improving consistency across 
the image.(6,7) Nevertheless, their iterative optimization procedures incur substantial 
computational costs, limiting their practicality for processing ultralarge satellite imagery 
containing hundreds of millions of pixels.(8,9)

	 In recent years, deep-learning-based stereo matching has achieved remarkable progress. 
Networks such as a matching-cost convolutional neural network (MC-CNN)(10) leveraged 
convolutional neural networks to learn robust matching costs. Subsequent architectures, 
including GC-Net(11) and PSMNet,(12) construct cost volumes and perform 3D convolutional 
regularization, achieving state-of-the-art performance on benchmark datasets such as KITTI 
and Middlebury. Architectures such as GC-Net are reported to reduce mismatch rates in low-
texture regions by 30–50%,(13) significantly improving disparity completeness. Satellite-oriented 
adaptations of networks such as PSMNet and HSM have also been examined in comprehensive 
reviews.(14) Despite their high accuracy, deep learning approaches face notable limitations in 
satellite remote sensing scenarios. First, the scarcity of large-scale, high-quality ground-truth 
disparity datasets constrains supervised training.(15) Second, generalization across heterogeneous 
satellite scenes remains challenging, as models trained on specific terrains often fail to transfer 
reliably to regions with different geomorphological characteristics.(16,17) Finally, the 
computational demands of deep networks require substantial GPU resources, complicating 
deployment on ultra-high-resolution satellite imagery. Consequently, traditional model-based 
methods continue to dominate many operational workflows where training data or computational 
resources are limited.(17)

	 SGM approximates global optimization by aggregating matching costs along multiple paths, 
achieving an effective balance between accuracy and computational efficiency.(18) The method 
demonstrates strong performance in preserving object boundaries and fine structural details, 
while exhibiting robustness to radiometric differences and relatively low sensitivity to parameter 
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selection.(18) In recent studies, it has been emphasized that SGM remains one of the most widely 
adopted stereo matching algorithms in photogrammetry and computer vision owing to its high 
parallelizability, real-time potential, and independence from scene-specific training data. 
Empirical investigations on satellite imagery further confirm its effectiveness; comparative 
studies have revealed that SGM-derived digital surface models (DSMs) outperform traditional 
window-based approaches in both completeness and geometric accuracy.(19–23)

	 Despite these advantages, the semi-global block matching (SGBM) implementation 
commonly used in engineering frameworks introduces additional disparity range parameters, 
such as the minimum disparity (minDisparity), to constrain search interval and improve 
computational stability.(18,24) Satellite stereo pairs often involve large baselines, significant 
terrain variation, and wide disparity ranges. Under such conditions, a globally fixed minimum 
disparity may fail to cover all terrain regions, particularly areas with large elevation differences. 
In previous work, it was noted that complex urban structures and low-texture surfaces can lead 
to unsatisfactory disparity estimation, resulting in mismatches and invalid regions.(4) In practice, 
the improper configuration of the minDisparity parameter can generate extensive disparity holes 
or erroneous matches, degrading the geometric integrity of DSMs and reconstructed point 
clouds.
	 To address these challenges, in this study, we propose a block-wise adaptive minimum 
disparity framework driven by the hierarchical refinement of disparity holes. At the global scale, 
the statistical characteristics of disparity distributions are used to construct evaluation criteria, 
enabling the iterative estimation of an optimal minimum disparity parameter and the generation 
of a stable initial disparity map. Regions containing disparity holes are then identified and 
processed using a coarse-to-fine hierarchical partitioning strategy. Each subdivided region 
undergoes localized adaptive matching recalculation, allowing disparity parameters to be 
dynamically adjusted using local statistics. The primary contributions of this work are 
summarized as follows:

•	 	an adaptive minimum disparity optimization mechanism that integrates global and local 
disparity statistics to improve robustness while reducing parameter sensitivity;

•	 	a hierarchical block partition strategy that progressively refines matching in failure regions 
through localized disparity estimation;

•	 	a progressive framework transitioning from global constraints to local optimization, 
effectively filling disparity holes and suppressing error propagation.

	 The proposed method is evaluated using multiple high-resolution satellite stereo datasets, and 
the reconstructed point clouds are quantitatively assessed against airborne light detection and 
ranging (LiDAR) reference data.

2.	 Motivation and Algorithm Framework

	 The rapid advancement of high-resolution satellite Earth observation technology has enabled 
the generation of dense point clouds from stereo imagery using accurate RPC models. As a cost-
effective and efficient alternative to traditional airborne surveys, this approach supports the 
large-scale derivation of DSMs and digital elevation models, which serve as fundamental data 
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sources for 3D urban morphology analysis. These 3D representations provide essential geometric 
descriptors for characterizing urban structures—such as building height, spatial configuration, 
and surface complexity—which are critical for understanding and monitoring urban evolution. 
Within the complete 3D reconstruction workflow, dense stereo matching serves as the critical 
component that bridges 2D imagery and 3D geometric reconstruction.
	 Mathematically, the dense matching problem can be formulated as the search for pixel 
correspondences between two or more images under a predefined similarity criterion. With 
IL(x, y) and IR(x, y), where (x, y) represents the image coordinates, the objective is to determine a 
disparity function d(x, y) such that, for each pixel (xL, yL) in IL, the corresponding pixel in IR is 
located at (xL − d(xL, yL), yL).
	 However, several practical factors complicate this process: (1) illumination variations and 
image noise, (2) shadows and specular reflections causing radiometric inconsistencies, (3) 
perspective distortions, (4) repetitive or textureless regions, and (5) occlusions and depth 
discontinuities. In this study, the SGBM algorithm is experimentally evaluated for the stereo 
matching of satellite epipolar imagery and compared with the SGM(18) and PatchMatch(25) 
algorithms. On the basis of the results of comprehensive experimental analysis, SGBM is 
selected as the dense matching framework because of its favorable balance between accuracy 
and computational efficiency. To address the limited adaptability of conventional fixed-
parameter matching strategies in complex terrain scenarios, an adaptive minimum disparity 
estimation method is proposed. Furthermore, the generated disparity map is partitioned into 
multi-scale blocks, and regions with high void ratios are reprocessed using a locally reconstructed 
search range. This strategy significantly improves the completeness and accuracy of the final 
disparity results.
	 These factors may lead to incorrect correspondences or matching failures. Therefore, 
effective solutions must be developed from multiple perspectives, including image preprocessing, 
algorithmic optimization, and disparity map postprocessing.
	 As shown in Fig. 1, the reconstruction workflow consists of four main stages.
1.	 Preprocessing: Epipolar images are preprocessed to reduce the effects of shadows, weak 

texture, and noise, thereby improving dense matching reliability.
2.	 Dense Matching: The SGBM algorithm is employed for dense stereo matching. To address 

regional variability, an adaptive minimum disparity parameter is introduced.
3.	 Void Region Refinement: Block-wise statistics of invalid disparity ratios and image entropy 

are used to identify and locally recompute unreliable regions.
4.	 Point Cloud Generation: Conjugate points are projected using RPC parameters and the 

mapping matrix. Forward intersection is applied to iteratively estimate elevation and generate 
the final 3D point cloud.
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3.	 Dense Matching and 3D Reconstruction

3.1	 Preprocessing of satellite epipolar imagery

	 Compared with traditional global histogram equalization, contrast-limited adaptive 
histogram equalization (CLAHE)(26) enhances local contrast while avoiding overexposure or 
underexposure caused by global intensity adjustments. In this study, CLAHE was applied to 
each epipolar image with a tile grid size of 4 × 4. The clip limit was adaptively determined from 
the standard deviation of valid nonzero pixels as follows.

	 max 3.0,min 10.0,
10

IclipLimit σ  =   
  

	 (1)

Here, σI denotes the gray-level standard deviation of valid pixels. This setting constrains the clip 
limit within the range of 3.0–10.0 to balance local contrast enhancement and noise suppression.
	 Gamma correction was then applied to enhance details in darker regions. The gamma 
coefficient was set to 0.7, and the transformation was defined as 

	
0.7

255 .
255

CLAHEIIγ
 =  
 

	 (2)

	 To further suppress local noise while preserving edge structures critical for accurate 
correspondence estimation, guided filtering(27) was employed. The original epipolar image was 
used as the guidance image, while the gamma-corrected image was used as the filtering input. 
The guided filtering radius was set to 1, the regularization parameter ϵ was set to 5.1, and the 

Fig. 1.	 (Color online) Algorithm framework.
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output depth was kept unchanged. Finally, radiometric normalization was performed over valid 
nonzero regions using the mean and standard deviation of the left and right epipolar images to 
reduce brightness and contrast differences between the stereo pair. Overall, the preprocessing 
step improves image quality and provides more stable inputs for subsequent dense matching 
algorithms. 

3.2	 Dense matching

3.2.1	 Adaptive minimum disparity optimization for SGBM

	 To efficiently determine the optimal minimum disparity, an adaptive iterative optimization 
strategy is proposed for the SGBM algorithm. As shown in Fig. 2, the workflow of the proposed 
adaptive minimum disparity optimization strategy consists of the iterative evaluation and 
dynamic adjustment of the disparity search range. By integrating multi-criteria evaluation, the 
method efficiently determines the optimal minimum disparity while maintaining matching 
stability.

Fig. 2.	 (Color online) Algorithm pipeline.
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3.2.1.1	 Preprocessing and initialization

	 The stereo epipolar images are first downsampled to reduce computational cost. The initial 
search interval of the minimum disparity is determined from feature correspondences extracted 
using SIFT(28) under epipolar constraints (see Sect. 3.2.2). Within the initial interval, five 
candidate points are sampled, including the minimum value (MIN), the first quartile point, the 
middle point (MID), the third quartile point, and the maximum value (MAX). Preliminary 
disparity maps and evaluation scores are computed for each candidate.

3.2.1.2	 Construction of evaluation metrics

	 The primary evaluation metric is defined as

	 _ _ ,score a invalid ratio b disparity variance= ⋅ + ⋅ 	 (3)

where a and b are weighting coefficients. In this study, both coefficients were set to 0.5. The 
term invalid ratio reflects the proportion of unmatched or invalid pixels in the disparity map, 
while disparity variance describes the stability of the estimated disparity distribution. Equal 
weights were adopted to balance disparity completeness and disparity stability, avoiding 
excessive preference for either hole reduction or variance suppression.
	 During each iteration, beyond the computation of the primary metric, a secondary evaluation 
metric, scoree, is introduced to further assess structural quality and matching consistency.

	 e log logscore c RMSE d MAE e SSIM= ⋅ + ⋅ − ⋅ 	 (4)

Here, RMSElog and MAElog indicate reprojection errors under logarithmic scaling, while 
structural similarity index measure (SSIM) represents structural similarity. The weights c, d, 
and e are set to 0.4, 0.3, and 0.3, respectively. A slightly larger weight was assigned to RMSElog 
because it is more sensitive to large reprojection errors, whereas MAElog and SSIM provide 
complementary constraints on average error magnitude and structural consistency. 

3.2.1.3	 Dynamic range adjustment

	 During each iteration, the candidate with the minimum primary score is selected as the 
current local optimal disparity value, and its corresponding secondary metric (scoree) is 
recorded.
	 According to the relative position of the optimal value within the current search interval, the 
range is dynamically adjusted as follows.
	 Internal case: If the optimum lies inside the interval, the range is reduced using a bisection 
strategy, generating a new candidate set.
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	 Boundary case: If the optimal value coincides with the current iteration boundary, the search 
step is adaptively adjusted, yielding a new candidate set:

	
( ) ( ) ( ) ( )

( 1) *( )1/4 3/4 ., ,
2 2

k k k k
k min maxkd d d dC d
+      + +=     

     
	 (6)

	 The iteration boundary is then updated in accordance with the current search direction 
(increasing or decreasing).
	 Extreme case: If the optimal disparity reaches the predefined extreme of the search range, 
one-sided exploration is performed along that direction, forming a new candidate set:
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	 (7)

The corresponding search boundary is then updated according to the search direction. In Eqs. 
(5)–(7), ⌊∙⌋ denotes the floor operation and k the iteration index.
	 The candidate set and evaluation metrics are updated at each iteration. The maximum number 
of iterations was set to 30 to limit computational cost. In addition, an early termination criterion 
was used in the implementation. The iteration terminates when the updated candidate set 
contains only one unique minimum disparity value:

	 ( )( 1) 1,kleft unique C + = 	 (8)

where C(k+1) denotes the updated candidate set at iteration k + 1. This criterion indicates that the 
optimization process has converged to a stable minimum disparity candidate. Therefore, the 
stopping condition is based on the stabilization of candidate disparity values rather than a 
predefined threshold of score variation.

3.2.1.4	 Global optimal selection

	 After all iterations, all the locally optimal candidates recorded during the search process are 
ranked in ascending order in accordance with the primary metric score. Let the minimum 
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primary score be scoremin. To avoid selecting an unstable candidate caused by small fluctuations 
in primary metric, a tolerance range is introduced. Candidate parameters satisfying

	 0.15minscore score≤ + 	 (9)

are retained as near-optimal solutions. The tolerance value of 0.15 was empirically selected to 
include candidates with comparable primary scores while excluding evidently inferior results. 
Finally, within this near-optimal subset, the candidate with the minimum scoree is selected as 
the final optimized minimum disparity parameter. This two-stage selection first ensures global 
disparity completeness and stability, and then uses the secondary metric to select the result with 
better reprojection consistency and structural quality.

3.2.2	 Block-wise disparity refinement with entropy constraint

	 Although global adaptive optimization produces stable disparity maps, it may fail in regions 
with abrupt terrain variations. To address this issue, a multi-scale block-wise refinement strategy 
is introduced.
	 As shown in Fig. 3, the basic principle of the block-wise disparity refinement strategy is 
illustrated. Image blocks with high disparity hole ratios are identified for re-estimation. Local 
feature correspondences are extracted using ORB(29) and matched under Hamming distance and 
epipolar constraints. The disparities of matched points are sorted, and a robust estimate is 
obtained by averaging the smallest and third smallest disparities, followed by averaging with the 
second smallest value to suppress mismatches. A new local search interval is defined as

	 [ ]_ _ 100, _ 100 .disparity interval optimal dis optimal dis= − + 	 (10)

Fig. 3.	 (Color online) Block-wise disparity refinement.
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	 To prevent unreliable refinement in weak-texture regions (e.g., water surfaces), local image 
entropy is employed as a masking constraint. Blocks with entropy below a predefined threshold 
are excluded from re-estimation. This strategy enhances local reconstruction reliability while 
preserving the global consistency of the disparity map.

3.3	 Forward intersection and point cloud generation

	 After obtaining the dense disparity map, spatial forward intersection is performed using 
conjugate image points and the satellite RPC model to establish the mapping from image pixel 
coordinates to 3D ground coordinates.(30)

	 The RPC model of satellite imagery establishes a nonlinear relationship between the 
normalized image coordinates (rn, cn) and the normalized geographic coordinates (λn, ϕn, hn):(31) 
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where Pi(∙) represents a third-order polynomial with 20 terms in three variables.
	 Given a pair of corresponding image points (xL, yL) and (xR, yR), the estimation of the 3D 
ground coordinates is formulated as a nonlinear least-squares problem that minimizes the 
reprojection error.(32)

	 In this study, a damped Newton iterative scheme, equivalent to the Levenberg–Marquardt 
method, is employed for optimization:

	 1
1 ( ) .T T

k k λ −
+ = − +X X J WJ I J We 	 (12)

	 By applying the above iterative solution to all valid disparity pixels, the geographic 
coordinates corresponding to each image pixel are obtained. Combined with the spectral 
information from the original imagery, a georeferenced dense point cloud is finally generated.

4.	 Experiments and Results

4.1	 Experimental setup

	 To evaluate the robustness and generalization capability of the proposed dense matching 
method, experiments were conducted across four representative regions, namely, Beijing 
(Tanzhe Temple), Shanghai (Jingci area), Hebei (Huailai), and Hangzhou. These study areas 
cover diverse environments such as mountainous, rural, and complex urban scenes; different 
environments introduce distinct challenges for dense matching. Mountainous regions are 
characterized by large elevation variations and wide disparity ranges, which increase the 
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difficulty of reliable correspondence estimation. In contrast, complex urban environments are 
dominated by dense building structures, severe occlusions, and sharp structural discontinuities, 
which lead to significant matching ambiguity and errors. 
	 The acquired stereo datasets are summarized in Table 1. Only panchromatic stereo images 
were used in this study. Pleiades-1A provides very high resolution panchromatic imagery with 
an approximate spatial resolution of 0.5 m and supports stereo acquisition, making it suitable for 
detailed urban 3D reconstruction. GF-7 is equipped with forward- and backward-looking 
panchromatic cameras, with spatial resolutions of approximately 0.8 and 0.65 m, respectively, 
enabling large-area satellite stereo mapping. For the Beijing Tanzhe Temple dataset, Jilin-1 
GF02B panchromatic imagery was used, with an approximate spatial resolution of 0.75 m. The 
use of these datasets allows the proposed method to be evaluated under different imaging 
geometries, spatial resolutions, and terrain conditions.
	 All experiments were conducted on a Dell Precision 3640 Tower workstation equipped with 
an Intel Core i9-10900K CPU at 3.70 GHz, 64 GB of RAM, and an NVIDIA Quadro RTX 4000 
GPU with 8 GB of memory. The proposed SGBM-based dense matching and adaptive disparity 
optimization were implemented using multi-threaded CPU processing.

4.2	 Evaluation metrics

	 Since pixel-level ground-truth disparity maps are unavailable in real satellite stereo scenarios, 
the optimized disparity maps were converted into 3D point clouds through RPC-based forward 
intersection and then compared with airborne LiDAR reference data. Two types of accuracy 
assessment were conducted: global spatial consistency and local elevation-profile accuracy.
	 For global spatial consistency, the cloud-to-cloud (C2C) absolute distance between the 
reconstructed point cloud and the airborne LiDAR reference point cloud was calculated. The 
mean value and standard deviation of the C2C distances were used to describe the overall 
geometric deviation and error dispersion, respectively.
	 For local structural accuracy, elevation profiles were extracted along representative X- and 
Y-direction transects. The reconstructed and reference profiles were first aligned within their 
common spatial range and averaged in identical spatial bins. The elevation differences of the 
matched bins were then used to calculate root mean square error (RMSE) and mean absolute 
error (MAE) as follows.

Table 1
Summary of study areas, panchromatic stereo datasets, and computational efficiency.
Test sites Sensors Image size (columns × rows, pixels) Area (km2) Runtime (s)
Shanghai Jingci Pleiades-1A 16089 × 15945 64.13477 7902.66
Beijing Tanzhe Temple Jilin-1 GF02B 8867 × 7165 35.7368 3113.66
Hebei Huailai GF-7 35818 × 42787 647.5002 37456.17
Hangzhou Pleiades-1A 13089 × 19646 64.2866 7262.32
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Here, n is the number of matched profile bins, Zi is the reconstructed elevation, and ˆ
iZ  is the 

corresponding airborne LiDAR reference elevation. In addition, the percentages of elevation 
differences within ±1 and ±2 m were calculated to further evaluate the distribution of local 
elevation errors.

4.3	 Validation of adaptive minimum disparity strategy

	 The proposed global adaptive minimum disparity estimation strategy was validated using the 
Hangzhou stereo dataset. The minimum disparity parameter was iteratively adjusted within a 
predefined range, and evaluation metrics were computed for each candidate value.
	 Figure 4 shows a subset of intermediate disparity maps generated during the iterative search 
process. These disparity maps are arranged in ascending order of the minimum disparity value 
rather than the actual iteration sequence. Among all tested values, the configuration with a 
minimum disparity of −29 produced the best evaluation result and was therefore selected as the 
optimal value.

Fig. 4.	 Partial intermediate results of iterative minimum disparity parameter computation. The optimal minimum 
disparity is −29, where disparity maps with disparity near this value exhibit enhanced geometric fidelity and reduced 
noise. Off-optimal settings generate significant artifacts and erroneous matches.
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	 As shown in Fig. 4, disparity maps obtained with parameter values close to the optimal 
setting exhibit relatively consistent and continuous structures. In contrast, other parameter 
configurations lead to the significant degradation of the matching results, manifested as 
extensive noise artifacts or large disparity holes. This phenomenon indicates that an 
inappropriate disparity search range can severely affect the reliability of dense stereo matching, 
since the matching algorithm must search within the specified disparity interval to determine 
the corresponding pixels.
	 Figure 5 illustrates the variation of evaluation metrics with respect to the minimum disparity 
parameter during the iterative optimization process. The results demonstrate a clear convergence 
behavior as the parameter gradually approaches the optimal value.
	 In Fig. 5(a), the invalid pixel ratio decreases significantly when the minimum disparity 
approaches the optimal range. This indicates that the stereo matching algorithm can recover 
more valid correspondences when the disparity search interval better matches the actual 
disparity distribution of the scene. When the parameter deviates from the optimal value, the 
search range becomes inappropriate, leading to an increased number of unmatched pixels and 
larger disparity holes.
	 Figure 5(b) presents the variance of the disparity map. A smaller variance indicates a more 
stable and spatially consistent disparity estimation. When the minimum disparity is close to the 
optimal value, the variance remains relatively low, suggesting that the estimated disparities are 
smooth and structurally coherent. In contrast, when the parameter is very large or very small, 
the disparity estimation becomes unstable, resulting in increased variance owing to noise and 
mismatched pixels.
	 The error metrics shown in Figs. 5(c) and 5(d) further confirm this trend. Both RMSElog and 
MAElog measure the deviation between the estimated disparity and the reference disparity, 
where smaller values correspond to more accurate disparity estimation. As the minimum 
disparity approaches the optimal value, these error metrics decrease and reach their minimum 
levels. This behavior is consistent with common stereo evaluation criteria, where lower RMSE 
and MAE indicate improved matching accuracy.
	 Figure 5(e) shows the variation of SSIM, which indicates the structural consistency between 
disparity maps. SSIM is a perceptual metric designed to measure structural similarity between 
two images, with higher values indicating better structural preservation. As observed in the 
figure, SSIM remains relatively high when the minimum disparity is close to the optimal value, 
indicating that the structural information of the scene is well preserved. When the parameter 
deviates from the optimal region, SSIM decreases rapidly, reflecting the increasing distortion 
and structural inconsistency in the disparity maps.
	 Figure 5(f) illustrates the intermediate evaluation scoree, which combines multiple error 
metrics to provide a comprehensive assessment of disparity quality. The score gradually 
decreases as the minimum disparity approaches the optimal value, demonstrating that the 
optimization process effectively guides the parameter toward the best configuration.
	 Finally, Fig. 5(g) presents the overall evaluation score obtained during the iterative 
optimization process. The curve clearly shows a convergence trend: the score decreases rapidly 
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Fig. 5.	 (Color online) Variation of evaluation metrics with respect to the minimum disparity parameter during 
adaptive optimization. (a) Invalid pixel ratio; (b) disparity variance; (c) RMSElog (labeled RMSE_Log in the plot); (d) 
MAElog (labeled MAE_Log); (e) SSIM; (f) scoree (labeled Score_E); and (g) overall score.
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during the early iterations as the search interval approaches the correct disparity range, and then 
stabilizes near the optimal value. 
	 Results show that when the minimum disparity approaches the optimal value, error metrics 
reach minimum levels while structural similarity remains high. As the parameter deviates from 
this value, RMSElog and MAElog increase and SSIM decreases, indicating degraded matching 
quality. Disparity maps near the optimal parameter exhibit fewer noise artifacts and better 
structural consistency. These results confirm that the adaptive strategy can reliably determine 
the optimal search interval and improve dense matching stability. By automatically determining 
the optimal minimum disparity parameter, the method improves the robustness and reliability of 
the dense matching results while reducing the need for manual parameter tuning.

4.4	 Comparison of hole-filling strategies

	 To address the issue of frequent disparity holes in mountainous regions and mountain–urban 
transitional areas, comparative experiments on disparity hole-filling algorithms were designed. 
The experimental areas include pure mountainous terrain, mountain–urban transition zones, and 
high-density urban regions. We analyze the recovery capability in areas with high hole rates, 
boundary continuity, and the suppression of mismatches in weak-texture regions, in order to 
verify the effectiveness of the proposed multi-scale block-wise optimization strategy in complex 
scenarios.
	 In the Tanzhe Temple mountainous area, the proposed method effectively suppresses 
erroneous matches and reduces voids caused by abrupt elevation changes. As shown in Figs. 6(a) 
and 6(b), the comparison of red-boxed areas between the original and refined disparity maps 
clarifies that the method improves matching reliability and significantly decreases hole 
formation in steep terrain regions.
	 In Hangzhou’s water-body regions, the entropy-based threshold constraint—introduced in 
Sect 3.2.2—is applied to identify homogeneous or weak-texture areas (e.g., water surfaces), 
thereby preventing the propagation of incorrect disparities. As illustrated in the red-boxed region 
of West Lake in Figs. 6(c) and 6(d), the refined disparity map exhibits markedly reduced noise 
(i.e., spurious disparity values) compared with the unrefined result, confirming the effectiveness 
of the entropy-guided constraint in preserving structural integrity under low-texture conditions.
	 As illustrated in Fig. 7, the proposed disparity refinement method significantly improves the 
quality of disparity maps across six representative regions with various terrain and settlement 
characteristics. Compared with the original results, the refined disparity maps exhibit substantial 
reductions in the number of void regions and noise artifacts, leading to enhanced disparity 
completeness and consistency. In mountainous areas, the refined results show smoother and 
more continuous terrain surfaces, effectively handling large elevation variations. In hilly regions 
with settlements, both terrain transitions and building boundaries are more clearly delineated. In 
dense urban areas, the method effectively suppresses mismatches caused by repetitive textures 
and shadowed regions, resulting in the improved structural consistency and more reliable 
representation of urban features.
	 Overall, the proposed method demonstrates strong robustness under both terrain-driven and 
structure-driven challenges, achieving improved disparity completeness while preserving 
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boundary continuity. This leads to more accurate and reliable 3D reconstruction results, which 
are essential for urban morphology analysis.

4.5	 Point cloud reconstruction results

	 Using the optimized disparity maps and RPC model, 3D point clouds were generated for 
Hangzhou, Shanghai (Jingci), Beijing (Tanzhe Temple), and Hebei (Huailai). Table 1 shows the 
experimental datasets and computational efficiency. The image size refers to the epipolar 
panchromatic stereo image dimensions used for dense matching, and the reported runtime 
corresponds to the complete dense matching and disparity refinement process for each study 
area.
	 Figure 8 illustrates the reconstructed point clouds for these representative areas. The results 
show consistent geometric structures across diverse terrain types. Urban areas show well-

Fig. 6.	 Comparative analysis results of the entropy-guided hole-filling strategy. (a) Original disparity map of 
Tanzhe Temple (Beijing). (b) Refined disparity map after hole filling, where the red boxes highlight reduced artifacts 
and improved geometric continuity. (c) Original disparity map of West Lake (Hangzhou). (d) Processed result 
demonstrating enhanced structural integrity through entropy-based thresholding. The areas in the red boxes in (b) 
and (d) visually validate the effectiveness of the proposed adaptive refinement in suppressing voids while preserving 
topographic fidelity.
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preserved building outlines and structural integrity, whereas mountainous regions maintain a 
continuous terrain morphology. Although limited noise appears in shadowed or repetitive-
texture areas, the overall terrain continuity remains stable.
	 From a sensor-specific perspective, the datasets also exhibit different reconstruction 
characteristics. The Pleiades-1A datasets, with higher panchromatic spatial resolution, provide 
richer structural details for the Shanghai Jingci and Hangzhou areas, which is beneficial for 
preserving building outlines and urban morphology. The GF-7 dataset covers a much larger 
Huailai region with agricultural land, woodland, rural settlements, and mountainous terrain; 
despite the larger image size and more heterogeneous land cover, the reconstructed profiles 
remain stable. The Jilin-1 dataset is further used to evaluate the proposed method in mountainous 
terrain with large elevation variations and shadowed areas. These observations indicate that the 
proposed adaptive disparity optimization strategy is applicable to different high-resolution 
panchromatic stereo satellite datasets, while the final reconstruction quality remains affected by 
spatial resolution, stereo imaging geometry, radiometric consistency, terrain complexity, and 
RPC accuracy. These results demonstrate that the proposed method achieves reliable and 
adaptable 3D reconstruction performance in complex urban and hilly environments.

Fig. 7.	 Comparative analysis results of disparity map refinement across six distinct regions: (a, b) mountainous 
terrain 1, (c, d) hilly area with settlements 1, (e, f) mountainous terrain 2, (g, h) hilly area with settlements 2, (i, j) 
dense urban area 1, and (k, l) dense urban area 2. Original and refined disparity maps demonstrate the marked 
suppression of voids and noises across all regions, with improved geometric continuity in terrain transitions and 
urban structures. The results validate the method's adaptability to various topographic complexities and settlement 
densities.
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Fig. 8.	 (Color online) Disparity-based point cloud reconstruction across four geographic regions: (a) Hangzhou, 
(b) Shanghai Jingci, (c) Beijing Tanzhe Temple, and (d) Hebei Huailai. Each row corresponds to a unique region, 
while columns 1–3 (subfigure labels A, B, and C) represent multi-viewpoint perspectives derived from stereo 
disparity maps using RPC models. The consistent preservation of topographic fidelity and geometric integrity across 
all viewing angles and terrain types validates the robustness of the disparity-to-point-cloud pipeline under diverse 
acquisition geometries.
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5.	 Discussion

	 To further evaluate the geometric accuracy and reliability of the reconstructed point clouds, 
quantitative validation was conducted using airborne LiDAR data as reference. Two 
representative test sites were selected: the Shanghai Jingci region characterized by dense urban 
structures and a complex building morphology, and the Hebei Huailai region dominated by 
agricultural plains, mountainous terrain, and vegetated areas.
	 The following discussion is focused on two aspects. First, global spatial consistency is 
analyzed using the C2C absolute distance between the reconstructed point cloud and the 
airborne LiDAR reference data. Second, local structural accuracy is examined using the 
elevation profiles extracted along the X- and Y-direction transects, where RMSE, MAE, and the 
percentages of points within ±1 and ±2 m are used to quantify elevation differences.

5.1	 Global absolute distance error analysis

	 The statistical results indicate that the reconstructed point clouds maintain good geometric 
consistency in both study areas.
	 For the Jingci area shown in Fig. 9, the mean errors in the two experiments are 1.241 and 
1.119 m, with standard deviations of 1.944 and 1.762 m, respectively. The error distribution is 
right-skewed, with the main peak concentrated at around 1 m, indicating that most points exhibit 
relatively small spatial deviations from the LiDAR reference.
	 For the Huailai1 and Huailai2 areas shown in Fig. 10, the mean errors are 1.384 and 1.176 m, 
respectively, with corresponding standard deviations of 0.497 and 0.407 m. These results 
indicate compact error distributions and stable global spatial consistency across both test areas.
	 Overall, the average absolute error of the reconstructed point clouds remains stable at 
approximately 1.2 m across both urban and natural terrain environments, demonstrating 
consistent geometric accuracy.

5.2	 Elevation profile accuracy analysis

	 To further evaluate local structural reconstruction, representative elevation profiles were 
extracted along the X- and Y-directions, and the elevation differences between the reconstructed 
and reference data were analyzed.
	 The quantitative accuracy assessment results of the elevation profiles are shown in Table 2, 
while the corresponding profiles are illustrated in Fig. 11. In the Jingci area, the first experiment 
yields an average RMSE of 5.071 m and an MAE of 2.803 m, with 45.3% of the points within ±1 
m and 67.5% within ±2 m. The second experiment produces an RMSE of 5.645 m and an MAE of 
2.743 m, with 48.8 and 66.9% of points within ±1 and ±2 m, respectively. The MAE values of 
both experiments remain close (approximately 2.7–2.8 m), indicating stable elevation accuracy. 
Profile comparisons show that the reconstructed elevation trends generally agree with the 
LiDAR data. Local discrepancies are mainly caused by temporal differences between datasets, 
such as building changes and vegetation growth.
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	 The discrepancy between the global C2C distance statistics and the elevation-profile RMSE 
can be mainly explained by the different evaluation scales and error sensitivities of the two 
metrics. The global C2C statistics in Fig. 9 are computed over the entire point cloud and are 
dominated by a large number of stable surfaces, such as roads, roofs, and open terrain. Therefore, 
the mean C2C errors remain relatively low, with values of 1.241 and 1.119 m for the two Jingci 
experiments. In contrast, elevation-profile RMSE is calculated along narrow transects and is 
more sensitive to local height discontinuities and changed objects. Because RMSE squares the 
elevation residuals, a small number of local outliers can significantly increase the final value.
	 To further identify the sources of these local errors, Fig. 12 shows the satellite stereo images 
and the corresponding airborne LiDAR reference data for high-RMSE profile segments in the 

Fig. 9.	 (Color online) Global spatial consistency evaluation results of derived point clouds and airborne LiDAR 
reference data in Shanghai Jingci area. (a1, b1) Histograms of 3D Euclidean distances with Gaussian distribution fit 
(mean = 1.24 m, std.dev. = 1.94 m for Jingci1; mean = 1.12 m, std.dev. = 1.76 m for Jingci2). (a2, b2) Corresponding 
spatial distributions of absolute geometric deviations. The low mean errors and uniform dispersion patterns across 
both Shanghai Jingci regions demonstrate the method's high geometric fidelity and robustness in preserving spatial 
integrity under complex urban topographies.
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Fig. 10.	 (Color online) Global spatial consistency evaluation results of derived point clouds and airborne LiDAR 
reference data in Hebei Huailai region. (a1, b1) Histograms of 3D Euclidean distances with Gaussian distribution fit 
(mean = 1.18 m, std.dev. = 0.50 m for Huailai1; mean = 1.18 m, std.dev. = 0.41 m for Huailai2). (a2, b2) Corresponding 
spatial distributions of absolute geometric deviations. The low mean errors and tight error dispersion patterns across 
both subregions (Huailai1 and Huailai2) demonstrate the method's high geometric fidelity and robustness in 
preserving spatial integrity for agricultural terrains with complex field structures.

Table 2
Quantitative statistics of elevation profile results for reconstructed point clouds and LiDAR reference in the Jingci 
test sites.
Test sites Profile RMSE (m) MAE (m) ±1 m (%) ±2 m (%) Points

Shanghai Jingci1

X1 3.918 2.305 48.5 72.6 4755
X2 3.235 1.857 52.8 74.3 5679
Y1 7.983 3.406 42.7 68.5 4089
Y2 5.146 2.645 37.3 54.7 4188

Average 5.071 2.803 45.3 67.5 4677

Shanghai Jingci2

X1 5.226 2.754 42.3 62.6 3226
X2 3.280 1.834 57.5 75.6 5890
Y1 7.086 2.912 51.2 68.8 2930
Y2 6.987 3.470 43.9 60.8 2826

Average 5.645 2.743 48.8 66.9 3718
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Fig. 11.	 (Color online) Quantitative evaluation results of local structural precision through cross-sectional elevation 
profile comparison. (a1, a2) Top views of Shanghai Jingci subregions with profile lines (X1, X2, Y1, Y2) indicating 
transect locations. (b1, b2) Elevation profiles along X- and Y-axes showing derived point clouds (red) and airborne 
LiDAR reference data (blue), with MAE and RMSE values displayed in the insets. The consistent alignment of 
elevation curves across multiple transects validates the method's capability in preserving fine-scale structural details 
and terrain features in complex urban environments.
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Jingci area. As shown in Figs. 12(a)–12(d) and 12(g) and 12(h), several regions within the yellow 
boxes exhibit clear land-cover or building changes between the satellite image acquisition and 
the airborne LiDAR survey. Some buildings present in the LiDAR reference data are absent or 
structurally different in the stereo images, resulting in inconsistent elevation profiles. In 
addition, Figs. 12(e) and 12(f) show that vegetation growth is another important source of local 
discrepancy. Tall vegetation or trees are not evident in the satellite stereo images but appear 
clearly in the airborne LiDAR point cloud, producing local elevation differences along the 
selected transects.
	 Furthermore, a specific anomaly is observed in a segment of profile X2 [Fig. 11(b2)], where 
the generated point cloud exhibits irregular elevation spikes significantly higher than those of 
the LiDAR reference. Cross-referencing reveals that this segment corresponds to a small water 
body. The inherent weak texture and specular reflection of water surfaces inevitably cause local 
matching failures in the optical stereo images, leading to these anomalous elevation artifacts. 
This is also consistent with the spatial error distribution in Fig. 9(b2), where many high-error 
points protruding from the reconstructed dense matching result correspond to trees, vegetated 
areas, or water bodies. Therefore, the relatively high elevation-profile RMSE in the Jingci area 
does not indicate a systematic degradation of the reconstructed point cloud, but rather reflects 
localized temporal changes, vegetation-related differences, and inherent optical matching 
limitations over untextured surfaces between the two datasets.

Fig. 12.	 (Color online) High-RMSE profile segments in the Shanghai Jingci1 area used for local comparison. 
Satellite stereo images and airborne LiDAR reference data in paired panels are compared. Yellow boxes mark local 
inconsistencies between the airborne LiDAR reference data and the satellite stereo imagery.



3808	 Sensors and Materials, Vol. 38, No. 7 (2026)

	 Similar observations are found in the Shanghai Jingci2 area, as shown in Fig. 13. The paired 
comparison indicates that the high-RMSE profile segments are mainly associated with local 
inconsistencies between the satellite stereo imagery and the airborne LiDAR reference data. In 
Figs. 13(a) and 13(b), and 13(e) and 13(f), vegetation between buildings shows notable differences 
in canopy height and spatial extent. In contrast, the yellow-box regions in Figs. 13(c) and 13(d), 
and 13(g) and 13(h) correspond mainly to building changes, where constructed structures are 
evident in the LiDAR data but differ from the corresponding satellite-image observations. These 
results further support that the higher profile RMSE in Jingci is primarily caused by localized 
temporal changes rather than systematic reconstruction errors.
	 The quantitative evaluation results of the cross-sectional elevation profiles in the Huailai test 
sites are presented in Fig. 14 and Table 3. Compared with the Jingci urban area, the Huailai 
results show higher stability and consistency. The first experiment achieves an average RMSE of 
2.274 m and an MAE of 1.843 m, with 74.0% of the profile points within ±2 m. The second 
experiment further improves the accuracy, yielding an RMSE of 1.451 m and an MAE of 1.339 
m, with 92.8% of the points within ±2 m.
	 The remaining local errors are mainly related to temporal and seasonal differences between 
the datasets. As shown in Fig. 15, the Huailai area is dominated by agricultural land and 
woodland, and the yellow boxes mark regions with relatively large profile discrepancies. The 
airborne LiDAR data were acquired on July 8, 2021, whereas the GF-7 panchromatic stereo 
images were acquired on February 7, 2021 and March 3, 2024. Differences in vegetation growth, 
crop coverage, and canopy height between these acquisition dates can therefore introduce local 
elevation deviations. In addition, the tower crane observed in the LiDAR data in Figs. 15(a) and 

Fig. 13.	 (Color online) High-RMSE profile segments in the Shanghai Jingci2 area used for local comparison.
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Fig. 14.	 (Color online) Quantitative evaluation results of local structural precision through cross-sectional elevation 
profile comparison. (a1, a2) Top views of Heibei Huailai subregions with profile lines (X1, X2, Y1, Y2) indicating 
transect locations. (b1, b2) Elevation profiles along X- and Y-axes for derived point clouds (red) and airborne LiDAR 
reference data (blue), with MAE and RMSE values displayed in the insets.
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Fig. 15.	 (Color online) High-RMSE profile segments in the Huailai area used for local comparison.

Table 3
Quantitative statistics of elevation profile for reconstructed point clouds and LiDAR reference in the Huailai test 
sites.
Test sites Profile RMSE (m) MAE (m) ±1 m (%) ±2 m (%) Points

Hebei Huailai1

X1 2.122 1.552 16.7 81.1 747
X2 1.867 1.741 5.5 74.1 714
Y1 2.670 2.060 5.5 70.7 587
Y2 2.436 2.020 8.6 70.0 590

Average 2.274 1.843 9.1 74.0 660

Hebei Huailai2

X1 1.347 1.243 28.9 94.7 1017
X2 1.437 1.330 25.4 92.9 1007
Y1 1.539 1.387 19.5 94.9 799
Y2 1.480 1.398 20.8 88.8 807

Average 1.451 1.339 23.7 92.8 908

(a) (b)

(c) (d)
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15(b) represents a temporary object, which also contributes to local residuals. The slight overall 
offset may also be partly associated with residual georeferencing uncertainty in the airborne 
LiDAR reference data. Since the Huailai LiDAR point cloud was generated using a real-time 
positioning solution, errors in ground base-station coordinates during point-cloud coordinate 
computation, together with residual GNSS/INS trajectory errors, may propagate into the final 
georeferenced point cloud. These factors explain the local high-error segments without 
indicating a systematic failure of the proposed method.
	 Overall, the reconstructed elevation profiles exhibit stable trends and concentrated error 
distributions, confirming the reliability of the proposed method for continuous terrain 
reconstruction.

6.	 Conclusions and Future Work

	 In this study, we presented a dense stereo matching framework for high-resolution optical 
satellite imagery, incorporating an adaptive minimum disparity estimation strategy and a multi-
scale block-wise optimization scheme. The proposed method effectively addresses the sensitivity 
of conventional approaches to minimum disparity settings, particularly in complex terrain and 
urban environments.
	 Experimental results across urban, mountainous, and agricultural regions demonstrate that 
the proposed method achieves stable reconstruction performance, with overall geometric errors 
maintained at approximately the meter level. The reconstructed elevation profiles show 
consistent trends with airborne LiDAR data, indicating reliable terrain and structural recovery.
	 Satellite-based 3D reconstruction offers significant advantages in cost efficiency and large-
area coverage compared with airborne or terrestrial acquisition methods. However, 
reconstruction accuracy remains affected by several factors, including image quality, imaging 
geometry, and RPC model accuracy. High-quality commercial satellite imagery provides better 
disparity continuity and noise suppression, leading to more stable reconstruction results. In 
addition, inaccurate or unavailable RPC parameters may introduce systematic geometric errors 
if not properly refined using ground control points or block adjustment.
	 Occlusions and weak-texture regions in dense urban areas and mountain shadows may still 
produce mismatches or disparity gaps, indicating the limitations of purely image-based matching 
approaches.
	 Future work will be focused on integrating multi-source auxiliary constraints to improve 
matching robustness in occluded and weak-texture regions, developing more adaptive cost 
aggregation and disparity optimization strategies, and exploring hybrid frameworks that 
combine deep learning priors with geometric constraints to further enhance reconstruction 
accuracy and robustness.
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