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3D depth map estimation using ToF-Stereo sensor fusion
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Abstract

High quality depth maps are required in various applications including robotics, computer vision, and autonomous driving. In order to
obtain precise depth information, there has been an increasing interest in the combination of different depth sensors. Depth information can
be acquired real-time by Time-of-Flight (ToF) cameras and stereo cameras. There are various Depth-Stereo fusing methods to overcome the
limitations of a single depth sensor, including Conditional Cost VVolume Normalization algorithm. The CCVNorm framework is generic and
closely integrated with the cost volume component that is commonly utilized in stereo matching neural networks. In this paper, we give an
overview over methods for the fusion of depth and passive stereo data. We experimentally evaluate the performance and robustness of
various Depth-Stereo fusion methods with the KITTI Stereo and Depth Completion datasets.

I. Introduction

The accurate 3D data acquisition has been actively researched
since its important role in robotics, computer vision, autonomous
driving, etc. Various techniques have been researched to
estimation depth precisely. The most commonly used sensors for
depth estimation are Time of Flight (ToF) cameras and Stereo
cameras.

Stereo camera works well on textured scenes and has a high
lateral resolution due to the readily developed high resolution
mega pixel cameras. However, there are limitations at occlusion
boundaries and ambiguous textures. Also, due to the numerous
pixels that have to be calculated, the computational costs of
stereo matching algorithms are normally high.

ToF camera on the other hand delivers images at high frame
rates and is invariant to the surface texture. ToF sensor computes
depth by sending infrared signal measuring the phase shift of the
reflected light signals. ToF camera is quite compact, can estimate
depth in real-time and is not very sensitive to the texture of the
scene. However, it has a limited resolution, limited accuracy,
systematic error, and it is sensitive to the illumination of the
scene.

The major drawback of these sensors is that they only work in
a limited situation and lack the robustness which is required in
most applications. Therefore, many researchers combine them to
create a fusion sensor to overcome the limitations of the single
depth sensor. Several works [1-4] have studied how to fuse
depth-stereo modalities in order to obtain more accurate and
denser depth map.

An acquisition system composed by a ToF camera and a stereo
camera is proposed in [5]. The two subsystems are merged with a
depth probability distribution function. In [6] the ToF depth
measurement is converted into a disparity map, and then used as
an initial condition for a stereo matching algorithm. In [7]
information from the two sensors are combined by fusing data on
3D probabilistic occupancy grids. Kim et al. [8] proposed a
fusion algorithm to estimate the patchlets using information from
a ToF camera and a stereo camera.
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11. Depth-Stereo Fusion Methodology

We used a method extending the stereo matching network by
Input Fusion to incorporate the geometric information from
sparse depth data with the RGB images for learning joint feature
representations. Also, Conditional Cost VVolume Normalization
(CCVNorm) [12] is used to regularize cost volume optimization
in depth measurements. CCVNorm is used to encode the sparse
ToF information into the features of 4D cost volume.

The stereo matching network used in the CCVNorm method is
based on the work of GC-Net [9] and is composed of four
primary components which are in line with the typical pipeline of
stereo matching algorithms [10]. First, the deep feature extracted
from a rectified left-right stereo pair is learned to compute the
cost of stereo matching. A cost volume is then constructed by
aggregating the deep features extracted from the left-image with
their corresponding ones from the right-image across each
disparity level. To be detailed, the cost volume actually includes
all the potential matches across stereo images and hence serves as
a searching space matching. Next, a sequence of 3D
convolutional operations is applied for cost volume regularization
and the final disparity estimation is carried out by regression with
respect to the output volume of 3D-CNN along the dimension.

In the cost computation stage of stereo matching network, both
left and right images of a stereo pair are passed through layers of
convolutions for extracting features. In order to enrich the
representation by jointly reasoning on appearance and geometry
information from RGB images and ToF data, the CCVNorm
method used Input Fusion that simply concatenates stereo images
with their corresponding sparse ToF depth maps. We form the
two sparse depth maps corresponding to stereo images by
reprojecting the depth map sweep to both left and right image
coordinates with triangulation for converting depth values into
disparity ones. In addition to the Input Fusion, CCVNorm
method used the information of sparse depth points into the cost
regularization step of stereo matching network, learning to reduce
the searching space of matching and resolve ambiguities.

We also implemented various existing Depth-Stereo fusion
algorithms to compare the performance.
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III. Experiments and Conclusion

We evaluate various Depth-Stereo fusion methods with KITTI
datasets. KITTI Stereo 2015 dataset [13] is commonly used for
evaluating stereo matching algorithms. It contains 200 stereo
pairs for each of training and testing set, where the images are in
size of 1242 x 375. KITTI Depth Completion dataset [14]
collects semi-dense ground truth of LiDAR depth map by
aggregating 11 consecutive LiDAR sweeps together, with
roughly 30% pixels annotated. The dataset consists of 43k image
pairs for training, 3k for validation, and 1k for testing.

We adopt standard metrics in stereo matching and depth
estimation respectively for the two datasets. On KTTI Stereo, we
follow its development kit to compute the percentage of disparity
error that is greater than 1, 2 and 3 pixels away from the ground
truth. On KITTI Depth Completion, Root Mean Square Error
(RMSE) and Mean Absolute Error (MAE) are used.

Our implementation is based on PyTorch and follows the
training of GC-Net to get loss for disparity estimation. All the
methods run on a personal computer with a Core i7 processor and
a NVIDIA RTX3080 GPU.

We tested the implemented five ToF-Stereo fusion algorithms:
1) Semi-Global Matching (SGM) — performs poorly on uniform
textures such as the whiteboard, common to most stereo
algorithms; 2) Naive Fusion method (NF) — performs slightly
better than SGM but still has trouble filling in erroneous stereo
estimates; 3) Diffusion based method (DB) - performs
significantly better than both the above methods while preserving
disparity discontinuities and retaining accurate disparity
measurements; 4) Neighborhood Support error method (NS) —
performs well even with the monocular image and range
information, but suffers in regions where nearby range
information doesn’t exit; 5) Conditional Cost Volume
Normalization method (CCVNorm) — performs well in overall
dataset, but the computational cost is higher than the other
methods.
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Figure 1. Average RMSE for the tested Depth-Stereo fusion algorithms

The average Root-mean-square error is shown in Fig. 1. SGM
and NF shows the largest error as 30.07, and 30.06 RMSE. The
error of DB and NS is 0.94, and 5.19 RMSE each, showing better
result than the above algorithms. CCVNorm shows the best
performance with 0.39 RMSE.

In this paper, we compared the performance of various Depth-
Stereo fusion methods on both the KITTI Stereo and Depth
Completion datasets. We are planning to obtain the datasets with
the latest commercial sensors. Several tests will be taken with the
given datasets. We will find and optimize the proper method for
the ToF-Stereo fusion algorithm.
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