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Abstract: In the field of geoinformation science, multiview, image-based 3D city modeling has devel-
oped rapidly, and image depth estimation is an important step in it. To address the problems of the
poor adaptability of training models of existing neural network methods and the long reconstruction
time of traditional geometric methods, we propose a general depth estimation method for fast 3D
city modeling that combines prior knowledge and information propagation. First, the original image
is downsampled and input into the neural network to predict the initial depth value. Then, depth
plane fitting and joint optimization are combined with the superpixel information and the superpixel
optimized depth value is upsampled to the original resolution. Finally, the depth information propa-
gation is checked pixel-by-pixel to obtain the final depth estimate. Experiments were conducted using
multiple image datasets taken from actual indoor and outdoor scenes. Our method was compared
and analyzed with a variety of existing widely used methods. The experimental results show that
our method maintains high reconstruction accuracy and a fast reconstruction speed, and it achieves
better performance. This paper offers a framework to integrate neural networks and traditional
geometric methods, which provide a new approach for obtaining geographic information and fast 3D
city modeling.

Keywords: 3D city modeling; multiview image; deep learning; information propagation; depth
estimation; superpixel

1. Introduction

Fast 3D city modeling is a fundamental problem in the field of geoinformation science
and has a wide range of applications in spatial data management, geospatial artificial
intelligence, and advanced geospatial applications. The traditional 3D modeling method
for multiview images restores the dense point-to-point correspondence through cost calcu-
lation, cost aggregation, disparity calculation, and disparity refinement (such as SGM [1-5]
and PatchMatch [6-10]). These methods can solve the problem of 3D modeling in specific
scenes through hand-crafted similarity metrics. However, there are still certain limitations
in regional scenes, such as weak texture and specular reflection. The accuracy and com-
pleteness of the modeling still need to be improved [11]. In recent years, with the successful
application of deep convolutional neural network technology in multiple fields, a variety of
deep-learning-based methods have also appeared in the area of 3D modeling of multiview
images (such as SurfaceNet [12] and MVSNet [13]). Methods based on deep learning can
introduce prior knowledge to better solve problems that cannot be solved by traditional
methods, such as weak texture and specular reflection. In recent years, tests on multiple
public datasets have shown that deep-learning-based methods have gradually surpassed
traditional methods and can better deal with the problem of 3D modeling of multiview
images in extreme situations [14]. However, methods based on deep learning require a large
amount of accurate prior data for training, the modeling accuracy is poor in some untrained
scenes, and the applicable scope of the training model shows certain limitations [15].

Traditional 3D modeling algorithms for multiview images can be divided into point-
cloud-based methods, voxel-based methods, and depth-map-based methods [16-18]. The
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point-cloud-based method [16] directly optimizes the 3D point cloud and obtains a dense
3D point cloud through a seed point stepwise propagation strategy, such as PMVS and
its derivative improved algorithm [19,20]. However, this method requires sequential
propagation based on seed points. It is difficult to parallelize, consumes too much memory,
and its running time is too long [21]. The voxel-based method [17] divides the 3D space
into regular grids and then estimates whether the voxels are part of the scene surface
one by one [22-25]. The final accuracy of this method depends on the division density
of the regular grid. It requires substantial memory consumption, which also limits its
final accuracy [26]. The depth-map-based method [18] processes only one reference image
and matches multiple images at a time, which can integrate the existing binocular stereo-
matching algorithms well and is relatively flexible [27-32]. At the same time, the depth-map-
based method can be easily fused and converted into point clouds or voxel reconstructions.
Recently, PatchMatch-based 3D modeling methods [33-37] have shown great promise in
depth estimation [38]. In addition, since the depth estimation of these methods can be
implemented in parallel on GPUs, these methods can greatly reduce the computational
cost of 3D modeling. Among them, Xu et al. (2022) designed a multi-scale geometric
consistency guided and planar prior assisted multi-view stereo method (ACMMP), which
achieves state-of-the-art performance [38]. However, most of these methods are sensitive to
textureless areas, reflective surfaces, and repetitive patterns.

To overcome the above difficulties, some researchers have conducted research on multiview
image reconstruction algorithms based on deep convolutional neural networks [12,14,39-42].
Hartmann et al. (2017) proposed replacing the similarity cost calculation in traditional algorithms
with learning the similarity between multiple facets to improve the final matching accuracy [39].
Ji et al. (2017) suggested using SurfaceNet to map 2D image luminosity information to a 3D
voxel space, constructing the 3D cost by selecting multiple pairs of view voxels, and using
a 3D convolutional network to infer surface voxels [12]. Kar et al. (2017) proposed LSM,
which constructs the 3D cost through microcamera projection and a recursive voxel fusion
network and uses a 3D convolutional network to determine whether voxels belong to the scene
surface [40]. Yao et al. (2018) proposed MVSNet, which constructs the 3D cost on the reference
camera frustum through differentiable homography, uses a 3D convolutional network for depth
inference, and calculates the depth residual with the reference image to optimize the depth map
output [13]. To further optimize the memory consumption and calculation time of MVSNet,
Gu et al. (2020) proposed CasMVSNet, which uses the cascaded cost volume to perform depth
map inference from coarse to fine [41]. Fangjinhua et al. (2021) proposed PatchMatchNet [42]
and Xu et al. (2022) proposed PVSNet [14], which introduced visibility estimation into their
networks and helped these methods obtain reliable reconstruction results on datasets with wide
baselines. However, most of these methods cannot achieve scalable high-resolution depth map
estimation; the modeling accuracy is poor in some untrained scenes [43].

This paper aims to combine the advantages of deep learning methods and traditional
methods to compensate for the limitations of a single deep learning training model and
the limitations of a single traditional method. This paper uses the depth estimation result
obtained by the deep learning method as the initial value, combined with superpixel
segmentation to fit the depth plane, eliminates excessive depth inference errors, optimizes
the deep linear surface, and then performs depth propagation pixel-by-pixel. By optimizing
the deep nonlinear surface, a relatively complete and accurate depth estimation result
for 3D modeling can finally be obtained. Using the deep convolutional neural network
learning method can yield a better initial value of depth estimation for non-Lambertian
regions and weak texture regions. By combining superpixel information for depth plane
propagation and pixel-by-pixel iterative depth propagation, it is possible to optimize the
depth estimation results of deep learning from coarse to fine and to compensate for the
limitations of deep learning methods. Experiments with multiple real datasets show that
the method in this paper can effectively combine the advantages of deep learning methods
and traditional methods to obtain complementary advantages. It can ensure the accuracy
of modeling while improving the completeness, achieving fast 3D city modeling.
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The remainder of this paper is organized as follows: Section 2 introduces the ideas and
overall process of our method. Section 3 uses multiview image datasets for experimental
verification and compares our method with current mainstream algorithms. Section 4
discusses the performance of our method in detail. Finally, Section 5 summarizes this paper
and future work.

2. Materials and Methods
2.1. Acquisition of the Initial Depth Information Based on Existing Neural Network

This paper uses an existing neural network, CasMVSNet, to quickly infer the initial
depth map of the reference image, which uses cascaded cost volume calculations, can save
memory in the calculation process, and can process relatively high-resolution images on
a dedicated graphics server; however, the resolution of images that can be processed is
still very limited, which limits the application range of methods based on convolutional
neural networks. Therefore, to be able to further process real high-resolution images, we
use downsampled multiview images in the neural network for the initial depth estimation,
and then in subsequent processing, the inferred depth map is upsampled to the original
resolution for optimization processing. Since the neural network method provides only the
initial depth and the image depth is smoothed in subsequent processing, image resolution
reduction processing within a certain scale range will not affect the final depth inference
quality. Therefore, we can process high-resolution images with low memory consumption,
avoiding the memory limitations of traditional deep convolutional neural network methods
and greatly increasing the value in practical application processing.

2.2. Optimization of Superpixel Depth Information Propagation

Depth inference based on a convolutional neural network has good estimation accu-
racy in a priori scenes. Although the approximate depth can be inferred in nontraining
scenes, its accuracy is severely degraded, as shown in Figure 1b, and the surface exhibits
nonlinear fluctuations. A smooth surface in a scene often presents a certain local color
consistency in the original image. Therefore, the original image color information can
be combined with the neural network to infer the optimization of the initial depth. A
superpixel is a collection of local image pixels with color consistency, and the essence of the
convolutional neural network method is to learn a priori multiview color consistency for
deep inference, so the depth inference based on multiview color consistency should have a
certain linear continuity in the superpixel range.

(a) Original image (b) CasMVSNet depth estimation (c) Superpixel depth propagation

Figure 1. Superpixel information propagation.

Using superpixels as the processing unit to optimize the depth map can effectively
filter out noise, repair inference loopholes, and improve the accuracy and completeness of
the depth map. Taking the superpixels extracted from the reference image as the processing
unit, we perform plane fitting filtering inside the superpixels and propagate the plane
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fitting parameters to adjacent superpixels, which can iteratively complete the loophole
completion and accuracy optimization of the initial depth map, as shown in Figure 1c.
For each superpixel set S in the reference image X, the corresponding depth d(p) is
fitted using a linear plane
d(p) = Aspx + Bspy + Cs (1)

where (py, py) is the image coordinate of the image point p; and s = (As, Bs, Cs) is the

linear plane fitting parameter, which can be determined by the RANSAC method [44]. We

solve the plane fitting parameters of all superpixels in the reference image X; and calculate

the overall cost of the superpixels using the color consistency between multiview images
1
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where p; is an image point in the superpixel S of the reference image; p; is the corresponding
image point of another view, which can be calculated through geometric relationship
projection between the images; ¢y, is the color value of the corresponding viewing pixel;
N is the number of multiview images; 15 is the number of pixels in the superpixel set S;
and ||-||, is the L, distance.

Using a similar idea to that of PatchMatch, the propagation of the superpixel plane
fitting parameters is achieved. For the current superpixel S and its neighborhood superpixel

S/, we calculate the overall cost LscS and L_f * of the current fitting parameter and the
neighborhood plane fitting parameter on the current superpixel and take the parameter with
the smallest overall cost as the depth plane of the current superpixel fitting parameters. In
this way, iterative forward-backward cross-propagation can effectively eliminate the initial
depth values with excessive errors and perform depth optimization based on superpixels.
Because the prior superpixel segmentation information may have errors, after completing
the optimization of superpixel information propagation in the neighborhood, superpixel
segmentation optimization can be integrated to achieve overall neighborhood superpixel
depth smoothing optimization and further optimize the accuracy of the overall depth map.

2.3. Linear Plane Optimization of Depth Information Combined with Superpixel Optimization

The initial superpixel segmentation may have edge misjudgments, which can be ad-
dressed by combining superpixel segmentation information and image depth information
to obtain better superpixel segmentation edge- and image-depth inference results [45].
Therefore, in the depth estimation of multiview images, considering the resegmentation
optimization of superpixels, the superpixel cost L of the reference image can be optimized
to obtain the overall cost of the joint color Ly (-), position Lpes(-), depth Lgep(-), and
boundary Ly, (), as shown in Equation (3)

Leoi (p, CSp) + /\postos(P/ ,‘Ms,,)

+ A L G, G,0i) + A Lyoy (Sp, s 3
+)\depthLdepth(p/csP/fp) sMo Z smo( ir & z]) bou 2 hou(P 17) ()

{,j} €Nseg {p.9}€Ns

where S is the set of image points within the superpixel; ¢ is the superpixel depth plane
fitting parameter; f = {f, € {0,1}|p € S} indicates whether the image point is an outlier
in the depth linear plane fitting; o is the label of the superpixel edge image point—the
edge image point labels are classified into abrupt edges, continuous edges, and coplanar
edges based on the depth information; d is the depth value of the image point within the
superpixel; X is the reference image; s, is the superpixel label of the image point p; y is
the average position of the image point within the superpixel; c is the average color of the
image point within the superpixel; N is the set of neighboring superpixels; and N; is the
set of neighboring image points of superpixel edge points.

Lar(pcs,) = |Xa(p) = cs, @
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is the superpixel color consistency cost, which is used to evaluate the color consistency of
image points within the superpixel.

Lpos(p. ts,) = HP — Psp ()

2

is the superpixel local position cost, which is used to limit the size and shape of the superpixel.

_Jldp)—d(p.ts,)|  if f=0
Ldepth(p/ Csprfp) = {’ A Zf fp . (6)

is the superpixel depth consistency cost, which is used to evaluate the consistency of the
image point depth within the superpixel.

)\occ lf Oij = occ
|Bl,,| Y ’j(Pr G) —d(p, Cj)’ + Ainge  if  0jj = hinge
Lsmo(Ci/ C]‘/ 01’]') = Y pEB;; 7)
|51,L1JS. Z ’d(}?, G)—d(p, Cj)‘ if ojj = planar

M pesus;

is the smoothing cost of neighboring superpixels, which is used to incentivize superpixels
of similar depth to merge and optimize the superpixel segmentation results: 0;; = occ
denotes a mutated edge between neighboring superpixels; 0;; = hinge denotes a continuous
edge between neighboring superpixels; 0;; = planar denotes a coplanar edge between
neighboring superpixels; Aocc > Apinge > 0 denotes that the cost of a mutated edge is the
largest, the cost of a continuous edge is the second largest, and the cost of a coplanar edge
is the smallest; and B;; is the set of edge pixels between adjacent superpixels i, j.

0 i Sp =25

Loou(5pr5q) = {1 othefwise e ®
is the superpixel edge consistency cost for limiting the superpixel edge shape, incentivizing
it to converge to simple shapes, and avoiding complex image oversegmentation.

To determine the superpixel integration cost L(S, ¢, f, 0,d, X;), a multivariate joint
solution can be used for step-by-step iterative optimization [45]. First, the optimized depth
map and segmented superpixels after the propagation of superpixel information are used to
initialize the acquisition of S, y, ¢, ¢, 0, f. The joint solution is determined for the superpixel
set S, the outlier set £, the average position y, and the average color c. Then, the edge set
o and the depth plane fitting parameter C are solved step by step, and finally, the overall
optimization is completed by circular iteration.

2.4. Deep Optimization Based on Pixel-by-Pixel Information Propagation

Depth map optimization based on superpixel information propagation can effectively
filter out depths with excessive errors and effectively fill an occluded region. However,
due to the linear plane fitting inside the superpixel, it does not cope well with nonlinear
surfaces such as spherical surfaces, and the imprecision of superpixel segmentation can
introduce further errors in depth map optimization. Therefore, a pixel-by-pixel PatchMatch
matching check can be used for depth maps that have been superpixel planar-fitted. For
the related PatchMatch method, we can use the method involved in COLMAP [46], or
the optimized ACMMP series method [38]. Additionally, since the depth map has been
optimized and most depths have only small estimation errors, the set of selected candidate
depths and normals can be simplified in these methods. Using the simplified cost and
candidate set, the depth map can be optimized again in only a few iterations to obtain the
final depth map estimate.



ISPRS Int. ]. Geo-Inf. 2023, 12, 150

6 of 15
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2.5. Multiview Image Depth Estimation Method Implementation

The general flow of the depth estimation algorithm designed in this paper for fast 3D
city modeling is shown in Figure 2. Firstly, for the input multiview image, downsampling is
performed, and the initial depth map is inferred using a deep convolutional neural network,
while the initial superpixel extraction of the reference image is performed; then, based on
the superpixel extraction results, neighborhood iterative propagation of the depth fitting
plane is performed to filter out large estimation errors in the depth map; subsequently,
the results of superpixel extraction and depth map superpixel propagation are combined
to perform superpixel segmentation; finally, the depth map is upsampled, and the depth
information is propagated pixel by pixel with the original multiview image to optimize the
nonlinear surface of the depth map to obtain the final accurate depth estimation.

Generate image
depth map
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Deep optimization
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\ 4
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Figure 2. Multiview image depth estimation method.

3. Results
3.1. Setup

The ETH3D multiview image dataset [43,47,48] is used for experimental validation.
The ETH3D multiview image dataset contains multiview images of several indoor and
outdoor scenes; each image in the dataset has known positional parameters, and each scene
has been scanned by high-precision LiDAR to obtain real scene point cloud data. Thirteen
high-resolution scene image datasets with real point-cloud data published in ETH3D are
used for the experiments. In the experiments, due to the limitation of the convolutional
neural network, the image size in the ETH3D high-resolution dataset is uniformly cropped
to a multiple of 32 (6144 x 4096).

In the experiment, we use the CasMVSNet neural network for initial depth estimation,
using the COLMAP and ACMMP methods for pixel-by-pixel optimization. This resulted
in two experimental methods, which we called NPMVS-COLMAP and NPMVS-ACMMP.
Multiple methods are designed for comparison in the experiments. First, for the NPMVS-
COLMAP method, a comparison experiment based on depth map estimation is conducted
with the CasMVSNet method and COLMAP method without the geometric constraints
involved in the paper, which is used to analyze the effectiveness of our method. Then,
the depth map estimated by NPMVS-COLMAP and NPMVS-ACMMP is fused and re-
constructed as a 3D scene point cloud and compared with CasMVSNet [41], COLMAP
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without geometric constraints, COLMAP with geometric constraints [46], ACMMP [38],
PLC [49], HPMVS [50], MVE [51], and OpenMVS [52]. In the experiments, the downsam-
pling magnification in our method is set to eight times; the superpixel extraction algorithm
uses the GPU-accelerated simple linear iterative clustering algorithm (gSLIC) [53,54], and
the number of superpixels extracted is set to 1000; the RANSAC method is used in the
superpixel depth information plane parameter fitting, and the number of superpixel-based
plane parameter propagation iterations is set to 2, 10 for joint superpixel-image depth
optimization. The convolutional neural network parameters in CasMVSNet are adopted
directly from the network parameters provided in reference [41], which are obtained by
using the DTU training dataset [55] for training. NPMVS-COLMAP, CasMVSNet, and
COLMAP depth map fusion without geometric constraints are fused using the COLMAP
method, where the minimum number of fused pixels corresponding to the 3D points is set
to two and the other fusion parameters are used as default parameters. NPMVS-ACMMP
and ACMMP depth map fusion with geometric constraints are fused using the ACMMP
method. In the CasMVSNet method, to contrast it with our method, the depth map is
inferred by downsampling the original image by the same multiple and then upsampling
to the original resolution for 3D point-cloud fusion. The COLMAP, PLC, HPMVS, MVE,
and OpenMVS methods with geometric constraints all set the maximum image resolu-
tion processed to the original resolution, and all other parameters are set to the default
parameters provided in the reference.

The main comparison metrics used in the depth map comparison experiments are the
mean error (ME), root-mean-square error (RMSE), a90 error, and time consumption [48].
The main comparison metrics used in the 3D modeling comparison experiments are re-
construction completeness, accuracy, F1 score, and overall reconstruction time [48]. The
reconstruction completeness r characterizes the integrity of the reconstructed scene within
the distance threshold f; the reconstruction accuracy p characterizes the accuracy of the
reconstructed scene within the distance threshold t; and the F1 score is the combined
calculated value of the reconstruction accuracy and reconstruction completeness, defined
as2-(p-r)/(p +r). The experimental platform configuration is an Intel Core i9-9900K CPU
with an NVIDIA RTX 2080 GPU and 64 GB memory.

3.2. Results
3.2.1. Experimental Results of Depth Estimation

Considering that the CasMVSNet neural network cannot handle large-sized images,
the images are downsampled four times to form an image dataset that the neural network
can process for a fair comparison. Using the downsampled image set, the accuracy and time
consumption statistics of the depth maps generated by NPMVS-COLMAP, CasMVSNet,
and COLMAP are compared, as shown in Figure 3. Figure 3a—c shows the mean error,
root-mean-square error, and a90 error, respectively; the corresponding error intervals of all
experimental images are counted, the horizontal axis indicates the size of the error interval,
the vertical axis indicates the number of images within the corresponding error interval,
yellow indicates our method, green indicates the CasMVSNet method, and purple indicates
the COLMAP method. Figure 3d shows the average time consumption of each method;
the average time consumption of the image depth map within each dataset is counted,
the horizontal axis shows the name of each dataset, the vertical axis is the average time
consumption of depth map estimation for the corresponding dataset, the gray squares
indicate our method, the red dots indicate the CasMVSNet method, and the blue triangles
indicate the COLMAP method.

From the experimental results, it can be seen that the accuracy of the depth map
estimated by our method is better than that of both the COLMAP and CasMVSNet methods,
and the time consumption is less than that of the CasMVSNet method and better than
the COLMAP method. Overall, our method can effectively improve the depth estimation
accuracy of the original CasMVSNet method and expand the applicability of the deep
neural network method while effectively reducing the overall processing time of the
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original COLMAP method and improving the completeness of the depth estimation of
the traditional method. The depth estimation based on our method effectively combines
the advantages of the neural network method and the traditional geometric method, and
it effectively improves the completeness and computational speed of depth estimation
while guaranteeing accuracy, which integrally improves the comprehensive performance
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Figure 3. Experimental results of the depth map comparison (lower is better).

3.2.2. Experimental Results for 3D Modeling

The results of the comparison experiments are shown in Tables 1-4 and Figure 4.
Tables 1-4 are statistics of the reconstruction time consumption, accuracy, completeness, and
F1 values under each dataset at the distance threshold ¢ = 0.1. Figure 4 shows the visual-
ization corresponding to Tables 1 and 4, where the horizontal axis is the time consumption
and the vertical axis is the F1 value; the smaller the time consumption is, the better, and the
larger the F1 value is, the better, so the closer the position of a point in the figure is to the
upper left corner, the better.
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Table 1. Comparison of time (s) (lower is better).

Indoor Outdoor
Method Avg, : . . . . :
Deli. Kick. Offi. Pipes Relief Relief. Terra. Cour. Elec. Facade Mead. Play. Terrace
CasMVSNet 1402.73 1365.37 846.29 633.50 304.26 1677.70 1521.94 1996.85 1290.27 1111.33 5401.17 292.76 1046.92 747.20
COLMAP 3026.71 3446.42 2074.49 1655.43 962.18 3117.86 2956.17 3774.24 2972.35 3402.33 9414.43 951.66 2728.46 1891.15
COLMAP-GEO 7698.31 8052.55 5132.84 4516.79 2555.34 9294.34 9157.88 11,965.90 6555.20 8116.39 19,570.60 2431.57 6371.15 6357.46
ACMMP 2059.67 2790.42 2098.65 1275.53 536.13 2189.36 2042.35 3240.24 2713.84 3094.78 - 756.23 2696.27 1282.25
PLC 14,119.26 14,841.40 11,282.70 9123.19 4942.87 14,851.40 12,981.40 19,964.30 12,741.80 15,277.70 33,320.80 5194.15 18,613.90 10,414.80
HPMVS 2146.69 918.91 300.09 157.98 87.38 8457.83 6242.12 4455.22 1284.50 702.88 2475.84 127.21 218.60 2478.46
MVE 9641.91 10,037.30 3211.70 919.13 837.05 14,792.30 14,060.00 7257.59 13,933.70 6519.10 39,942.40 719.75 5251.61 7863.16
OpenMVS 7010.35 8782.24 4898.89 3246.76 1960.22 6820.72 7151.68 9224.69 9196.07 8209.61 18,647.80 2107.62 6225.12 4663.11
NPMVS-COLMAP (ours) 2635.92 2768.04 2139.06 1384.57 722.16 2577.81 2546.97 3027.74 2669.81 2798.57 8840.57 847.28 2353.23 1591.15
NPMVS-ACMMP (ours) 521.18 660.51 451.13 356.19 203.21 480.40 484.50 635.52 555.80 662.46 1145.96 239.10 548.03 352.48
Table 2. Comparison of accuracy (higher is better).
Indoor Outdoor
Method Avg. : : . : : :
Deli. Kick. Offi. Pipes Relief Relief. Terra. Cour. Elec. Facade Mead. Play. Terrace
CasMVSNet 76.63% 81.80% 76.59% 87.73% 85.17% 86.59% 80.67% 75.11% 83.41% 91.54% 73.77% 55.80%  56.74% 61.33%
COLMAP 95.58% 96.50% 93.60% 94.27% 96.22% 97.65% 96.78% 94.77% 97.46% 97.62% 95.30% 92.25%  94.35% 95.80%
COLMAP-GEO 98.79% 99.38% 99.42% 99.55% 99.53% 99.61% 99.53% 98.88% 99.06% 99.62% 98.54% 93.28%  98.66% 99.22%
ACMMP 97.72% 98.75% 92.96% 94.64% 98.88% 98.43% 98.34% 98.35% 99.55% 99.01% - 96.56%  98.27% 98.93%
PLC 98.02% 99.40% 97.40% 95.87% 97.99% 99.61% 99.55% 98.87% 98.93% 99.73% 98.34% 90.20%  98.83% 99.58%
HPMVS 96.22% 95.08% 96.34% 98.73% 95.42% 98.59% 98.86% 96.52% 94.63% 97.66% 95.65% 88.27%  97.86% 97.29%
MVE 94.61% 86.23% 94.49% 96.81% 95.87% 98.10% 97.50% 93.58% 96.86% 94.37% 96.26% 92.04%  96.76% 91.03%
OpenMVS 97.45% 98.20% 97.35% 97.59% 99.11% 98.27% 98.16% 97.17% 97.85% 98.27% 95.73% 96.37%  96.28% 96.44%
NPMVS-COLMAP (ours)  93.99% 96.83% 82.17% 86.14% 94.63% 97.70% 97.04% 94.89% 97.88% 97.76% 95.28% 91.43%  93.84% 96.34%
NPMVS-ACMMP (ours)  98.27% 99.20% 97.21% 98.43% 99.11% 99.36% 99.31% 98.59% 98.64% 99.44% 97.76% 92.05%  98.90% 99.54%
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Table 3. Comparison of completeness (higher is better).

Indoor Outdoor

Method Avg. : : . : : :
Deli. Kick. Offi. Pipes Relief Relief. Terra. Cour. Elec. Facade Mead. Play. Terrace
CasMVSNet 52.07% 66.41% 55.11% 37.23% 28.05% 75.69% 71.41% 80.94% 48.12% 53.37% 48.28% 13.78%  24.80%  73.76%
COLMAP 76.32% 87.22% 70.91% 52.05% 52.13% 83.05% 81.97% 90.99% 83.90% 83.96% 78.27% 56.82%  77.12%  93.76%
COLMAP-GEO 64.35% 79.84% 45.05% 39.52% 42.12% 73.09% 74.74% 80.07% 73.46% 75.21% 70.03% 39.18%  58.21%  86.07%
ACMMP 94.12% 98.19% 94.19% 95.65% 90.17% 94.06% 93.52% 97.54% 97.93% 96.94% - 80.42%  93.09%  97.70%
PLC 73.34% 85.76% 77.13% 64.21% 59.78% 75.78% 52.44% 88.43% 82.49% 78.86% 78.65% 53.24%  69.11%  87.52%
HPMVS 28.01% 31.88% 21.95% 10.31% 15.08% 32.95% 30.71% 21.16% 52.63% 21.80% 40.75% 28.20%  20.08%  36.61%
MVE 31.84% 37.11% 19.90% 14.49% 6.37% 31.41% 38.86% 43.08% 51.76% 21.25% 50.20% 14.45%  33.02%  52.05%
OpenMVS 69.50% 85.92% 47.40% 44.41% 49.68% 77.02% 77.44% 85.42% 84.74% 82.37% 69.27% 41.25%  64.76%  93.86%
NPMVS-COLMAP (ours)  86.06% 92.44% 92.98% 89.13% 73.57% 85.23% 86.37% 94.39% 92.20% 86.02% 82.61% 67.53%  79.67% = 96.62%
NPMVS-ACMMP (ours)  86.19% 95.35% 83.41% 74.41% 80.48% 88.45% 87.16% 97.43% 94.58% 91.43% 84.74% 71.12%  78.13%  93.84%

Table 4. Comparison of F1 score (higher is better).
Indoor Outdoor

Method Avg, : . " . . .
Deli. Kick. Offi. Pipes Relief Relief. Terra. Cour. Elec. Facade Mead. Play. Terrace
CasMVSNet 59.75% 73.31% 64.10% 52.27% 42.20% 80.78% 75.76% 77.92% 61.03% 67.43% 58.37% 22.10%  34.51%  66.97%
COLMAP 84.21% 91.62% 80.69% 67.07% 67.62% 89.76% 88.77% 92.84% 90.17% 90.28% 85.95% 70.33%  84.87%  94.77%
COLMAP-GEO 76.69% 88.54% 62.00% 56.58% 59.19% 84.31% 85.37% 88.48% 84.36% 85.71% 81.87% 55.18%  73.22%  92.18%
ACMMP 95.82% 98.47% 93.57% 95.14% 94.32% 96.19% 95.87% 97.94% 98.73% 97.97% - 87.75%  95.61%  98.31%
PLC 83.41% 92.08% 86.09% 76.91% 74.25% 86.08% 68.69% 93.36% 89.96% 88.07% 87.40% 66.96%  81.34%  93.17%
HPMVS 42.22% 47.75% 35.76% 18.67% 26.05% 49.39% 46.86% 34.72% 67.64% 35.65% 57.15% 42.74%  33.33%  53.20%
MVE 45.59% 51.89% 32.88% 25.21% 11.95% 47.58% 55.57% 59.00% 67.47% 34.69% 65.99% 2497%  49.24%  66.23%
OpenMVS 79.82% 91.65% 63.76% 61.05% 66.18% 86.36% 86.58% 90.92% 90.83% 89.62% 80.38% 57.78%  77.44%  95.14%
NPMVS-COLMAP (ours)  89.58% 94.58% 87.24% 87.61% 82.78% 91.04% 91.39% 94.64% 94.96% 91.51% 88.49% 77.69%  86.17%  96.48%
NPMVS-ACMMP (ours)  91.68% 97.23% 89.78% 84.75% 88.83% 93.59% 92.84% 98.01% 96.57% 95.27% 90.79% 80.24%  87.30%  96.60%
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Figure 4. Scatter plot of time consumption and F1 value.

From the experimental results, it can be seen that the method in this paper can maintain
the optimal level in processing high-resolution image data, outperforming the comparison
algorithms in terms of time consumption and accuracy while maintaining a high level
of completeness. The experimental results also illustrate the effectiveness and necessity
of the reduced-resolution processing step in our method, which enables the algorithm
to perform effective and dense reconstruction of high-resolution images on a common
configuration platform. Overall, the experimental results on a variety of different scenes
show that our method can effectively perform 3D dense reconstruction, which can be used
for fast 3D city modeling.

4. Discussion

Depth map estimation accuracy and time. The method in this paper uses the neural
network method to infer the depth as the initial value, optimizes the depth based on
superpixel information propagation, and finally optimizes the depth based on pixel-by-
pixel information propagation to perform depth inference from coarse to fine. In the
experiments, the training data of the original neural network method are the DTU dataset,
and the model obtained with this training is used for depth inference on the ETH3D dataset;
it is shown that the accuracy of the obtained depth information is poor, which further
illustrates the limitations of the deep learning method.

When the predicted scene content exceeds the a priori content of the deep learning
network training, the inferred depth results of the deep learning method are often poor,
which greatly limits the application of the deep learning method. In this paper, we use
a method similar to PatchMatch information propagation to optimize the depth from
superpixels to pixel-by-pixel propagation based on the inferred results of deep learning
methods. The method in this paper uses the deep learning method as the initial value for
optimization, so the depth inference accuracy is better than that of the learning method
and the speed is inferior to that of the learning method. Additionally, compared with
the traditional PatchMatch propagation method, which uses random values as the initial
depth values, this paper has better initial propagation values and performs coarse-to-fine
propagation, so the number of iterations is less than that of the traditional PatchMatch
propagation method, and the accuracy and time of the results are better than those of
the traditional method. The experimental results in Figure 3 also verify that the accuracy
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of the depth inference results of our method is better than that of the deep learning
method (CasMVSNet) and the traditional PatchMatch method (COLMAP). From Figure 3,
it can be seen that the deep learning method has a faster prediction speed and is very
advantageous in terms of overall time consumption. Although the method in this paper
combines the deep learning method and the traditional method, it can still outperform the
traditional geometric method in terms of time consumption for depth inference. Therefore,
considering the accuracy and time of depth map estimation, our method combines the
advantages of both deep learning methods and traditional geometric methods and shows
better performance.

Three-dimensional modeling time. From the experimental results in Table 1, it can
be seen that the modeling time of our method (NPMVS-ACMMP) is significantly shorter
than that of the other comparison methods. The NPMVS-ACMMP method can shorten the
modeling time by about 60-80% compared with the ACMMP method, and the NPMVS-
COLMAP method can shorten the modeling time by about 10-20% compared with the
COLMAP method. Moreover, the modeling time of the NPMVS-ACMMP method is
faster than the CasMVSNet method, and the maximum time can be shortened by about
78%. This is because CasMVSNet reconstruction uses the COLMAP fusion method, and
NPMVS-ACMMP reconstruction uses the ACMMP fusion method, so it is faster.

Three-dimensional modeling accuracy. From the experimental results in Table 2,
it can be seen that the modeling accuracy of the CasMVSNet method is significantly
inferior to that of the other comparison methods. Our method (NPMVS-ACMMP) and the
COLMAP-GEO method always maintain a high level of accuracy. Our method as well as the
COLMAP, ACMMP, and PLC methods are based on the iterative information propagation
of PatchMatch, using the color photometric similarity between multiple images for pixel-by-
pixel depth determination. This result verifies the high accuracy of the traditional pixel-by-
pixel geometric depth estimation method and meets the expected results of the experiment.

Three-dimensional modeling completeness. From the experimental results in Table 3,
it can be seen that the modeling completeness of ACMMP and our method is always
significantly better than that of the other methods. The CasMVSNet method has poor
extrapolation adaptability for the training model, which leads to poorer scene modeling
completeness. The other traditional geometric methods cannot achieve 3D modeling well
for non-Lambertian surfaces or weakly textured surfaces and produce some voids; thus,
the final modeling completeness is also poor. The depth inference of the neural network in
our method can provide relatively good and complete initial values, and depth filtering
and information propagation based on superpixels can fill the inferred holes and filter out
the noise of non-Lambertian and weakly textured surfaces. Finally, the pixel-by-pixel prop-
agation check can guarantee the modeling accuracy, so our algorithm can achieve complete
3D modeling. The experimental results illustrate the necessity of the superpixel-based
linear fitting and information propagation step in our method. This step can be used as
a generalized module, which can be easily added to the existing modeling process and
provides an idea for improving and optimizing other 3D modeling algorithms.

A comprehensive evaluation of 3D modeling. From the experimental results in
Table 4, it can be seen that the F1 value of ACMMP and our method is significantly
higher than those of other methods in the experimental dataset of multiple indoor and
outdoor scenes. The NPMVS-ACMMP method has the shortest time consumption, and
the NPMVS-COLMAP method is only inferior to the CasMVSNet, PMVS, and HPMVS
methods. The PMVS and HPMVS are both direct point-cloud-based modeling methods
without depth map fusion, which achieve faster overall 3D modeling. However, the final
modeling accuracy and completeness of these three methods are poor, for which there
are significant differences from our method. Meanwhile, our method adopts better initial
depth values, as well as various coarse-to-fine strategies such as downscaled resolution
processing and joint superpixel and pixel-by-pixel propagation, which reduce the number
of iterations and greatly save running time compared with the same types of traditional
geometric methods. Therefore, our method maintains a high accuracy and completeness
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level and significantly outperforms in terms of time consumption. Therefore, considering
the F1 value and time consumption, it can be seen from Figure 4, which characterizes the
comprehensive performance, that the comprehensive performance of our method is better
than those methods.

In this study, the downsampling process enabled the neural network to process high-
resolution images while increasing the robustness of the subsequent processing and saving
processing time. The method uses the neural network for initial depth value prediction in
order to greatly reduce the number of subsequent optimization iterations and save overall
time while providing better initial values for non-Lambertian surfaces and improving
the completeness of the modeling results. The method also uses superpixels for depth
plane fitting and joint propagation optimization, which can address loopholes and filter
out noise to improve the completeness of the modeling results. The method carries out
depth information propagation optimization based on pixel-by-pixel propagation, which
better ensures modeling accuracy. The method combines superpixels with pixel-by-pixel
propagation and downsampling with upsampling to form a depth inference process from
coarse to fine overall, which ensures accuracy; at the same time, it saves overall processing
time, improves the modeling completeness, and finally achieves a better modeling result.

5. Conclusions

The goal of this study was to realize the fusion of deep learning methods and tradi-
tional methods for fast 3D city modeling. This fusion paves the way for new opportunities
to address the problems of poor adaptability of the training models of existing deep learning
depth map estimation methods and the general lack of completeness of the reconstruction
results of traditional geometric depth map estimation methods. In this study, a new depth
map estimation and fast 3D modeling method is proposed by combining the deep learning
method and the traditional geometric method. First, the original image is downsampled
and input to the neural network to obtain the initial value of depth, and the depth plane
fitting and joint optimization are performed using the superpixel information. Then, the
optimized depth map is upsampled, and the final depth optimization is performed using
pixel-by-pixel depth information propagation. Experimental analysis using various indoor
and outdoor scenes showed that the running time and comprehensive performance of the
final 3D modeling results of our method are better than those comparison methods.

The framework proposed in this paper is of great significance and provides ideas for
related research. The joint superpixel information and downsampling processing method
designed in this study can also be directly introduced to other existing method processes
to improve performance. The deep learning method and traditional method used in this
paper also could be replaced with other methods. Additionally, although the method in this
paper achieves good completeness, it still lacks results for some complex non-Lambertian
surface reconstructions, which is the next direction for improvement.
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