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Abstract

In this paper, we introduce a deep multi-view stereo
(MVS) system that jointly predicts depths, surface normals
and per-view confidence maps. The key to our approach
is a novel solver that iteratively solves for per-view depth
map and normal map by optimizing an energy potential
based on the locally planar assumption. Specifically, the
algorithm updates depth map by propagating from neigh-
boring pixels with slanted planes, and updates normal map
with local probabilistic plane fitting. Both two steps are
monitored by a customized confidence map. This solver is
not only effective as a post-processing tool for plane-based
depth refinement and completion, but also differentiable
such that it can be efficiently integrated into deep learn-
ing pipelines. Our multi-view stereo system employs multi-
ple optimization steps of the solver over the initial predic-
tion of depths and surface normals. The whole system can
be trained end-to-end, decoupling the challenging problem
of matching pixels within poorly textured regions from the
cost-volume based neural network. Experimental results
on ScanNet and RGB-D Scenes V2 demonstrate state-of-
the-art performance of the proposed deep MVS system on
multi-view depth estimation, with our proposed solver con-
sistently improving the depth quality over both conventional
and deep learning based MVS pipelines. Code is available
at https://github.com/thuzhaowang/idn-solver.

1. Introduction

Dense multi-view stereo (MVS) has been a long-
standing fundamental topic in computer vision. The key
idea of most existing techniques is to compare the similar-
ity of image patches at different depth hypotheses, densely
matching pixels across images. While great improvement
has been witnessed over decades, it is still a hard problem
to accurately estimate dense geometry from posed images

*Equal contribution

Figure 1. By integrating the proposed iterative solver into end-to-
end training, our method decouples the challenging problem of
estimating depth values within poorly textured regions from the
initial network predictions, getting the network to focus more on
reliable estimation on well textured pixels. This improves depth
quality on both textured (blue) and texture-less (red) regions. Note
that on texture-less areas (red box on (c)(d)), the network jointly
trained with the solver only focuses on predicting reliable geome-
try on neighboring areas, leaving the poorly textured pixels to be
resolved with the iterative solver module.

in many real-world scenarios, especially in indoor environ-
ments, where one of the most typical reasons of failure is
the existence of texture-less areas (e.g. walls), which incur
significant ambiguities to the matching step, as a number of
different depths all result in low matching costs.

There have been various attempts to tackle this crucial
problem. Global optimization [19, 5, 50] is one possible di-
rection to resolve the ambiguities. Those methods initially
assume a fixed set of superpixels and apply Markov random
field with slanted-plane models. The optimization prefers
globally smoothed geometry with locally planar surfaces
and achieves promising performance. However, global op-
timization methods suffer from large computational com-
plexity and the performance is also limited by the quality of
superpixels and handcrafted dense features.

With the recent success of deep learning, learning-based
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Figure 5. Visualization on the optimization process of the proposed
depth-normal solver for a synthetic proof-of-concept experiment.

dence, which reduces the number of false-positive high con-
fidence pixels. As shown in Figure 4, while the geometric
confidence is often more accurate, the deep confidence is
complete under occlusions and small overlaps, which can
serve as a good supplements in practice. A hybrid confi-
dence map can be acquired by multiplication of the deep
confidence and the geometric confidence, which is used in
the iterative solver to produce the final output geometry.

5. Experiments
5.1. Implementation Details

We use the ScanNet dataset [9] to train our system. The
official training split is adopted. Three views from one
sequence with a fixed frame interval 20 forms a training
data sample. The initial depth and normal network is firstly
trained with 15 epochs, then integrated with the solver and
trained end-to-end for another 10 epochs. We use the Adam
optimizer [26] with learning rate 1e-4 and batch size 24 on
4 Nvidia V100 GPUs. For the solver, we define the neigh-
borhood by offsetting each coordinate with 1, 3, 5, 10 pixels
horizontally and vertically, forming 16 valid entries of the
propagation checkerboard (as illustrated in Figure 2(a)).
Time efficiency. A direct implementation in PyTorch takes
14ms for each iteration on a Nvidia V100 GPU. Implement-
ing a CUDA C++ kernel can lead to 0.9ms/iter (15x speed-
up) over a 4-Megapixel image, which is nearly negligible
compared to the the backbone network.

5.2. Validating the Solver Module

We first perform a validation check on the effectiveness
of the proposed solver module under a non-learning setup,
where the solver serves as a post-processing tool for depth
refinement and completion. We start with a synthesis case
where four different 100x100 planar regions are projected
onto a 200x200 image. For the initial input, the geome-
try of each pixel has 95% probability to be substituted with
random noise, simulating unreliable pixels. Figure 5 shows
qualitative results of applying the iterative solver on the
input geometry. With the iterative optimization of depths
and normals, the geometry is gradually refined to be close
to the groundtruth target, demonstrating that our proposed
solver successfully integrate locally planar priors into the
optimization. We further test the solver on real outdoor data
acquired from AdelaideRMF dataset [1], which is widely
used for multi-structure fitting methods [16, 34]. Specifi-

Figure 6. Results on applying the proposed solver over sparse re-
constructions from COLMAP [40, 41]. Top row: input image.
Middle row: initial sparse depth map acquired from COLMAP.
Bottom row: output depth after applying the proposed solver.

cally, we apply the iterative solver over the depth map ac-
quired from the sparse reconstruction of COLMAP [40, 41].
Results are shown in Figure 6. Our proposed solver suc-
cessfully complete the sparse input with reasonably correct
output, demonstrating the effectiveness of the module.

5.3. Experiments on Multi-view Stereo

To compare our proposed deep MVS system with lead-
ing approaches, we evaluate our method on well-established
benchmarks including ScanNet’s official test split [9] and
RGB-D Scenes V2 dataset [31]. Both datasets include
challenging indoor scenes with many poorly textured re-
gions. Quantitative results on multi-view depth estimation
are shown in Table 1 and Table 3, where our system sur-
passes all existing state-of-the-art methods by a large mar-
gin on both datasets. Qualitative results in Figure 7 also
demonstrate great improvement of our proposed system.
Our method not only produces accurate depth map, but also
successfully handles fine details around boundaries. We
further evaluate the estimated surface normal for our deep
MVS system. Results are shown in Table 2, where we again
achieves state-of-the-art performance on ScanNet dataset
[9]. Qualitative visualizations in Figure 9 clearly show the
improvement of our method. Finally, we show visualiza-
tions of reconstructed models after TSDF fusion [8] in Fig-
ure 8. Our method produces visually more appealing recon-
structions compared to strong baseline methods [23, 43].
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Method Abs Rel Abs Diff Sq Rel RMSE RMSE log � < 1:25 � < 1:252 � < 1:253

MVDepth [47] 0.1053 0.1987 0.0634 0.3026 0.1490 0.8817 0.9723 0.9924
MVDepth (FT) 0.1014 0.1891 0.0476 0.2850 0.1390 0.8930 0.9764 0.9941
GP-MVS [21] 0.0920 0.2283 0.0644 0.4436 0.1560 0.8918 0.9629 0.9918
GP-MVS (FT) 0.0787 0.2008 0.0518 0.4009 0.1394 0.9134 0.9643 0.9931
NeuralRGBD [32] 0.0871 0.1710 0.0409 0.2693 0.1324 0.9150 0.9785 0.9925
CNM [33] 0.1119 0.2101 0.0510 0.2970 0.1485 0.8686 0.9724 0.9930
DPSNet [23] 0.1164 0.1992 0.0606 0.3065 0.1602 0.8569 0.9575 0.9884
DPSNet (FT) 0.0910 0.1807 0.0410 0.2697 0.1291 0.9008 0.9787 0.9952
NAS [29] 0.0795 0.1597 0.0323 0.2357 0.1112 0.9284 0.9862 0.9966
DELTAS [43] 0.0738 0.1380 0.0245 0.2051 0.1021 0.9473 0.9890 0.9976
Ours 0.0665 0.1281 0.0240 0.1995 0.0990 0.9489 0.9896 0.9978

Table 1. Quantitative comparisons between our method and state-of-the-art deep MVS methods on ScanNet dataset [9]. All the methods
use sequences of length 3 and fixed reference interval 20 for testing, except GP-MVS [21] and NeuralRGBD [32], which directly use the
whole sequence. Since [47, 21, 23] were not initially trained on ScanNet, we also report the results after finetuning, denoted as “FT”.

(a) Image (b) Groundtruth (c) Ours (d) DELTAS [43] (e) NAS [29] (f) DPSNet (FT) [23] (g) MVDepth (FT) [47] (h) N-RGBD [32]

Figure 7. Qualititative results of multi-view depth estimation on ScanNet [9]. Better viewed when zoomed in.

Method Mean Median 11.25° 22.5° 30°
CNM [33] 27.92 22.12 27.43 52.16 63.44
NAS [29] 24.12 18.02 31.59 60.20 69.45
Ours 22.30 16.75 34.80 64.39 75.11

Table 2. Quantitative comparisons of surface normal estimation
between our method and state-of-the-art methods [33, 29].

5.4. Ablation Studies

We perform several ablation studies to further under-
stand the behaviors of the proposed solver. All ablation
studies are conducted on ScanNet [9]. To study the con-
tribution of the depth-normal solver with its post process-

Method Abs Rel Abs Diff Sq Rel RMSE � < 1:25
MVDepth [47] 0.0885 0.1467 0.0314 0.2313 0.9184
GP-MVS [21] 0.1087 0.1514 0.0827 0.2873 0.9170
N-RGBD [32] 0.0995 0.1530 0.0352 0.2361 0.9233
CNM [33] 0.1350 0.1873 0.0484 0.2619 0.8667
DPSNet [23] 0.0771 0.1290 0.0234 0.2045 0.9401
NAS [29] 0.0732 0.1241 0.0198 0.1893 0.9576
DELTAS [43] 0.1065 0.1528 0.0299 0.2138 0.9156
Ours 0.0698 0.1130 0.0194 0.1770 0.9681

Table 3. Quantitative comparisons between our method and state-
of-the-art deep MVS methods on RGB-D Scenes V2 dataset [31].

ing and end-to-end joint training, we train a baseline with
the same network architecture completely without the pro-
posed solver, which does not benefit from joint training. For








