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In this supplementary material, additional results and discussions of the Mono-SF and ProbDepthNet ap-
proaches presented in the paper are provided. The first section provides analyzes and results of ProbDepthNet
for probabilistic single-view depth estimation and is divided into three parts. First, exemplary estimates based on
images of the KITTI scene flow training set [15], which is the dataset the ProbDepthNet model is trained for, are
shown. Second, a quantitative evaluation of ProbDepthNet with respect to state-of-the-art methods for single-view
depth estimation is presented. Third, ProbDepthNet is tested on the Cityscapes [3] and Make3D [16] datasets
to analyze the generalization capabilities. In the second section, qualitative results of the Mono-SF approach for
monocular scene flow estimation are provided. The examples cover a wide range of scenarios of the KITTI scene
flow training set [15] and the results of three state-of-the-art monocular baseline methods are shown as well.

1. ProbDepthNet for Probabilistic Single-View Depth Estimation

The following experiments are conducted on ProbDepthNet models, which are trained as described in the paper.
ProbDepthNet provides pixel-wise probabilistic single-view depth estimates in the form of a mixture of Gaussians
with 8 components. The results of each component are visually similar, which is why only the mean depth values
1o and variances sg, Sg of the first component are shown. The variances sy denote the output of DepthNet and the
variances Sg are the recalibrated ones of the additional CalibNet. The mean depth values are colored from close
(red) to far (blue). The variances are colored in red shades for high values and in blue shades for low values.

1.1. Qualitative Results on KITTI

Fig. 1 shows exemplary estimates of ProbDepthNet on the KITTI scene flow training set [15]. The estimates are
based on a ProbDepthNet model, which is pretrained on Cityscapes [3] and fine-tuned on the KITTI raw dataset [7]
excluding the sequences that are part of the KITTI scene flow training set. The results show that the recalibrated
variances Sg are higher than the variances sg. This recalibration technique achieves well-calibrated distributions
by compensating overfitting effects as shown in the paper. Furthermore, the results support that the variances
correlate with the errors of the mean depth values. Thereby, high variances are typically estimated in the following
situations. First, ProbDepthNet estimates high variances correctly for challenging parts such as thin objects (e.g.
the poles in Fig. 1(a,c) ) or object boundaries (e.g. the object boundaries of the vehicles in Fig. 1(a,b,d,e)). The
variances are lower for the object boundaries at the bottom than at the top of the vehicles. This is due to the fact
that the difference in depth is larger between the vehicle and the background than between the vehicle and the
ground plane. Second, ProbDepthNet is able to estimate high variances for parts that lack valuable ground truth
data for training. For example, the stereo-based completion of the lidar data does not provide valuable ground
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Figure 1. Exemplary estimates of ProbDepthNet on the KITTI scene ﬂow dataset [15] in the form of the mean depth values
1o, variances s and recalibrated variances sg of the first component of the mixture of Gaussians. The color encodes the
inverse depth from close (red) to far (blue) or the variance from high (red) to low (blue).

truth data for the low-textured sky (see Fig. 1(d)). Third, ProbDepthNet is able to identify scenarios that result
in an erroneously estimated depth structure such as the dark tunnel in Fig. 1(f). In this scenario, ProbDepthNet
estimates high variances correctly for almost the whole image.

1.2. Quantitative Evaluation on KITTI

Previous state-of-the-art methods for single-view depth estimation such as [4, 5,6, 8, 11, 12] are typically de-
signed to estimate pixel-wise depth values. In contrast to these methods, the contribution and benefit of ProbDepth-



Net are to provide well-calibrated pixel-wise depth distributions instead of single depth values. This probabilistic
design is beneficial for integrating single-view depth information in the probabilistic optimization framework of
Mono-SF as shown in the paper. However, to get an impression of the quality of depth information estimated
by ProbDepthNet with respect to previous methods, we interpret the total means of the pixel-wise depth distribu-
tions as estimates of single depth values. Table 1 shows the quantitative evaluation of these values with respect
to state-of-the-art methods for single-view depth estimation following the evaluation metric and KITTTI test split
proposed by Eigen et al. [4]. The results are based on a ProbDepthNet model pretrained on Cityscapes [3] and
fine-tuned on the KITTI training split as used by Eigen et al. [4]. Additionally, the results of the following baseline
methods are provided. Eigen et al. [4] proposed a convolutional neural network (CNN) that estimates depth values
from a single image in a coarse to fine scheme. Liu et al. [12] combined a CNN with a conditional random field
for single-view depth estimation. Whereas these methods are trained in a supervised manner based on lidar data,
Garg et al. [6] and Godard et al. [8] (denoted as LRC) proposed self-supervised training methods using a stereo
setup. Kuznietsov et al. [1 1] proposed a CNN trained in a semi-supervised manner by combining supervised with
self-supervised training losses. The currently leading approach of the KITTI depth prediction benchmark [17]
was proposed by Fu et al. [5] (denoted as DORN). They formulate the single-view depth estimation as an ordinal
regression problem, which is trained in a supervised manner based on the ground truth data provided by the KITTI
depth prediction benchmark [17]. The results stated in Table 1 are taken from the corresponding papers expect
for the DORN [5] method. Whereas the other methods evaluate their depth estimates against the raw lidar point
cloud, the DORN method was evaluated against the ground truth data provided by the KITTI depth prediction
benchmark [17]. To provide a fair comparison, we take the published estimates of the DORN method [5] and eval-
uate these estimates using the raw lidar point cloud as ground truth. The estimates of the DORN method [5] are
slightly superior to the total mean depth values interpreted as single depth estimates of ProbDepthNet. However,
even though ProbDepthNet is focused on providing depth distributions, it is also comparative to state-of-the-art
methods in terms of providing single depth estimates. The ablation study in the paper shows a significantly better
quality of Mono-SF based on the probabilistic ProbDepthNet than based on the LRC [8] method. In terms of
estimating a single depth value, the quality of ProbDepthNet is just similar or slightly superior to the LRC [§]
method. This additionally supports that the main benefits of using ProbDepthNet for integrating single-view depth
information in Mono-SF are due to the probabilistic design and due to providing pixel-wise depth distributions
instead of single depth values.

Method Cap lower is better higher is better
Abs Rel Sq Rel RMSE RMSE;,,, |6 < 1.25 § < 1.25% § < 1.25%

Eigen et al. [4] 0-80mj 0.190 1.515 7.156 0.270 0.692 0.899 0.967
Liuetal. [12] 0-80mjl 0.217 1.841 6.986 0.289 0.647 0.882 0.961
LRC [8] 0-80m| 0.114 0.898 4.935 0.206 0.861 0.949 0.976
Kuznietsov et al. [11] 0-80m| 0.113 0.741 4.621 0.189 0.862 0.960 0.986
DORN [5] 0-80mjl 0.111 0.618 3.659 0.168 0.894 0.964 0.984
ProbDepthNet 0-80mj| 0.103 0.762 4.680 0.195 0.871 0.953 0.979
Garg et al. [6] 0-50mjl 0.169 1.080 5.104 0.273 0.740 0.904 0.962
LRC [8] 0-50m|| 0.108 0.657 3.729 0.194 0.873 0.954 0.979
Kuznietsov et al. [11] 0-50m|l 0.108 0.595 3.518 0.179 0.875 0.964 0.988
DORN [5] 0-50m|| 0.108 0.535 2.884 0.162 0.902 0.966 0.985
ProbDepthNet 0-50mjl 0.098 0.567 3.530 0.183 0.883 0.959 0.981

Abs Rel, Sq Rel: absolute and squared relative depth error; RMSE: root mean squared depth error

RMSE;,,: root mean squared logarithmic depth error; § < 1.25%: frequency of estimates fulfilling a quality threshold
Table 1. Quantitative evaluation of methods for single-view depth estimation on the KITTI dataset [7] using the test split by
Eigen et al. [4].
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Figure 2. Generalization of ProbDepthNet (trained on KITTI [7]) on Cityscapes [3]. The figure shows the estimates based
on the input image (top) in the form of the mean depth values o (middle) and recalibrated variances 5q (bottom) of the first
component of the mixture of Gaussians. The color encodes the inverse depth from close (red) to far (blue) or the variance
from high (red) to low (blue).

1.3. Analysis of Generalization Capabilities on Cityscapes and Make3D

To analyze the generalization capabilities, exemplary estimates of ProbDepthNet on images of datasets different
from the training data are provided. Fig. 2 shows results of a ProbDepthNet model which is trained on KITTI [15]
and tested on Cityscapes [3]. Fig. 3 shows results of a ProbDepthNet model which is trained on Cityscapes and
KITTT and tested on central crops of images of the Make3D [16] dataset. The KITTI and Cityscapes datasets
consist of images of street scenes captured by a front-facing camera of a vehicle. Due to the similarity, a Prob-
DepthNet model trained on KITTT generalizes well to the Cityscapes dataset and provides reasonable estimates as
shown in Fig. 2. Note, that the estimates are only correct up to a different scale due to the different focal lengths
of the cameras. In contrast to these datasets, the Make3D dataset comprises images of a wide range of outdoor
scenes captured by a hand-held camera. The estimates of a ProbDepthNet model trained on KITTI and Cityscapes
are not only reasonable for street scenes (see Fig. 3(a,b) ), but also for some different scenes (see Fig. 3(c-f))
of the Make3D dataset. There are also limits of generalization capabilities. Images that are too different from
the training data such as the close-up views of buildings (see Fig. 3(d,e) ) can result in erroneous estimates of
both, mean depth values and variances. Note that ProbDepthNet is designed to capture the aleatoric uncertainty
regarding the theory of Kendall and Gal [10]. In such scenarios an additional representation of the epistemic [10]
or distributional uncertainty [13] would be needed.

2. Mono-SF for Monocular Scene Flow Estimation

In this section, additional results of monocular scene flow estimation methods are provided for the KITTI
scene flow training set [15]. Our method, Mono-SF, presented in the corresponding paper is compared to the
following three monocular baselines: First, the results of the multi-task convolutional neural network, DF-Net [ 18],
are shown. Second, the MirrorFlow [9] method for optical flow estimation is combined with the single-view
depth estimation of Godard et al. [8] to derive monocular scene flow estimates (denoted as “MirrorFlow [9] +
LRC [8]”). Third, the results of the Mono-Stixel method [2], which fuses single-view depth estimates with optical
flow estimates, are shown.

Fig. 4 to Fig. 11 show exemplary estimates and errors in terms of disparity at ¢ = 0 (D1), disparity att = 1
(D2), and optical flow (Fl). The scene flow error (SF error), which is visualized as well, is defined as the maximum
of the disparity and optical flow errors. The visualizations are generated by using the KITTI scene flow evaluation
tools provided by [14]. All estimates are represented at their image coordinates in the first frame at ¢ = 0. The
error color coding follows a logarithmic scale, where errors above 3px are colored in red shades and errors below
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Figure 3. Generalization of ProbDepthNet (trained on Cityscapes [3] and KITTI [7]) on central crop of Make3D [16]. The
figure shows the estimates based on the input image (top) in the form of the mean depth values 1o (middle) and recalibrated
variances Sy (bottom) of the first component of the mixture of Gaussians. The color encodes the inverse depth from close
(red) to far (blue) or the variance from high (red) to low (blue).

3px are colored in blue shades.

The examples show that Mono-SF provides sharper estimates than the mentioned monocular baselines and that
Mono-SF is able to reconstruct thin objects in many cases (e.g. pole and sign in Fig. 4). Even low-textured objects,
that are challenging for photometric matching and optical flow estimation, are reconstructed comparatively well
(see the white wall in Fig. 8). The examples show also many vehicles with several motions, like a) oncoming
vehicles (see Fig. 4,6,7,10), b) preceding vehicles (see Fig. 4,9,10), ¢) crossing vehicles (see Fig. 5,8,11),
and d) standing vehicles (see Fig. 4,7,11). Mono-SF is able to cover all these motions and to provide suitable
reconstructions. Even the reconstructions of objects that do not undergo an ideal rigid body motion are visually
plausible (see the pedestrian in Fig. 5).

Additionally, some challenges or limitations of the Mono-SF method are provided in these examples. The qual-
ity of Mono-SF mainly decreases in cases, where the photometric distance does not provide valuable information
for the scene flow or depth estimation. This is most commonly the case if the scene points are occluded or outside
the image boundary in the consecutive frame. But, this is also the case in situations without or with a quite small
relative translational motion to the camera. In these cases, the depth estimation degenerates to a single-view depth
estimation and is mainly defined by the ProbDepthNet estimates. Additionally, the scene smoothness priors get
more dominant in these cases and especially small or thin objects might be smoothed out (see rightmost pole in
Fig. 6 or traffic light in Fig. 11).
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Figure 4. Exemplary results of monocular scene flow estimation methods on the KITTI scene flow training set [15]: The
first three columns show the results of the monocular baselines ("DF-Net [18]”, ”MirrorFlow [9] + LRC [8]” and "Mono-
Stixel [2]”). The fourth column corresponds to the method proposed in the corresponding paper (’Ours - Mono-SF”). From
top-to-bottom, the estimates and errors of the depth at £ = 0 (D1), of the depth at ¢ = 1 (D2) and of the optical flow (FI) are
visualized. All estimates are represented at their image coordinates in the first frame. Finally, the scene flow error is shown,
which is defined as the maximum of the D1, D2 and FI errors. The depth estimates are colored from close (white/warm color)
to far (blue/cool color). The optical flow is visualized following the Middlebury color coding [1]. The errors are defined as
stereo disparity or optical flow endpoint errors in pixels and are colored as shown in the legend at the bottom.
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Figure 5. Exemplary results of monocular scene flow estimation methods on the KITTI scene flow training set [15]: The
first three columns show the results of the monocular baselines ("DF-Net [18]”, ”MirrorFlow [9] + LRC [8]” and "Mono-
Stixel [2]”). The fourth column corresponds to the method proposed in the corresponding paper (’Ours - Mono-SF”). From
top-to-bottom, the estimates and errors of the depth at £ = 0 (D1), of the depth at ¢ = 1 (D2) and of the optical flow (FI) are
visualized. All estimates are represented at their image coordinates in the first frame. Finally, the scene flow error is shown,
which is defined as the maximum of the D1, D2 and FI errors. The depth estimates are colored from close (white/warm color)
to far (blue/cool color). The optical flow is visualized following the Middlebury color coding [1]. The errors are defined as
stereo disparity or optical flow endpoint errors in pixels and are colored as shown in the legend at the bottom.
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Figure 6. Exemplary results of monocular scene flow estimation methods on the KITTI scene flow training set [15]: The
first three columns show the results of the monocular baselines ("DF-Net [18]”, ”MirrorFlow [9] + LRC [8]” and "Mono-
Stixel [2]”). The fourth column corresponds to the method proposed in the corresponding paper (’Ours - Mono-SF”). From
top-to-bottom, the estimates and errors of the depth at £ = 0 (D1), of the depth at ¢ = 1 (D2) and of the optical flow (FI) are
visualized. All estimates are represented at their image coordinates in the first frame. Finally, the scene flow error is shown,
which is defined as the maximum of the D1, D2 and FI errors. The depth estimates are colored from close (white/warm color)
to far (blue/cool color). The optical flow is visualized following the Middlebury color coding [1]. The errors are defined as
stereo disparity or optical flow endpoint errors in pixels and are colored as shown in the legend at the bottom.
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Figure 7. Exemplary results of monocular scene flow estimation methods on the KITTI scene flow training set [15]: The
first three columns show the results of the monocular baselines ("DF-Net [18]”, ”MirrorFlow [9] + LRC [8]” and "Mono-
Stixel [2]”). The fourth column corresponds to the method proposed in the corresponding paper (’Ours - Mono-SF”). From
top-to-bottom, the estimates and errors of the depth at £ = 0 (D1), of the depth at ¢ = 1 (D2) and of the optical flow (FI) are
visualized. All estimates are represented at their image coordinates in the first frame. Finally, the scene flow error is shown,
which is defined as the maximum of the D1, D2 and FI errors. The depth estimates are colored from close (white/warm color)
to far (blue/cool color). The optical flow is visualized following the Middlebury color coding [1]. The errors are defined as
stereo disparity or optical flow endpoint errors in pixels and are colored as shown in the legend at the bottom.
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Figure 8. Exemplary results of monocular scene flow estimation methods on the KITTI scene flow training set [15]: The
first three columns show the results of the monocular baselines ("DF-Net [18]”, ”MirrorFlow [9] + LRC [8]” and "Mono-
Stixel [2]”). The fourth column corresponds to the method proposed in the corresponding paper (’Ours - Mono-SF”). From
top-to-bottom, the estimates and errors of the depth at £ = 0 (D1), of the depth at ¢ = 1 (D2) and of the optical flow (FI) are
visualized. All estimates are represented at their image coordinates in the first frame. Finally, the scene flow error is shown,
which is defined as the maximum of the D1, D2 and FI errors. The depth estimates are colored from close (white/warm color)
to far (blue/cool color). The optical flow is visualized following the Middlebury color coding [1]. The errors are defined as
stereo disparity or optical flow endpoint errors in pixels and are colored as shown in the legend at the bottom.
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Figure 9. Exemplary results of monocular scene flow estimation methods on the KITTI scene flow training set [15]: The
first three columns show the results of the monocular baselines ("DF-Net [18]”, ”MirrorFlow [9] + LRC [8]” and ”Mono-
Stixel [2]”). The fourth column corresponds to the method proposed in the corresponding paper (’Ours - Mono-SF”). From
top-to-bottom, the estimates and errors of the depth at ¢ = 0 (D1), of the depth at ¢ = 1 (D2) and of the optical flow (FI) are
visualized. All estimates are represented at their image coordinates in the first frame. Finally, the scene flow error is shown,
which is defined as the maximum of the D1, D2 and FI errors. The depth estimates are colored from close (white/warm color)
to far (blue/cool color). The optical flow is visualized following the Middlebury color coding [!]. The errors are defined as
stereo disparity or optical flow endpoint errors in pixels and are colored as shown in the legend at the bottom.
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Figure 10. Exemplary results of monocular scene flow estimation methods on the KITTT scene flow training set [15]: The
first three columns show the results of the monocular baselines ("DF-Net [18]”, ”MirrorFlow [9] + LRC [8]” and "Mono-
Stixel [2]”). The fourth column corresponds to the method proposed in the corresponding paper (’Ours - Mono-SF”). From
top-to-bottom, the estimates and errors of the depth at £ = 0 (D1), of the depth at ¢ = 1 (D2) and of the optical flow (FI) are
visualized. All estimates are represented at their image coordinates in the first frame. Finally, the scene flow error is shown,
which is defined as the maximum of the D1, D2 and FI errors. The depth estimates are colored from close (white/warm color)
to far (blue/cool color). The optical flow is visualized following the Middlebury color coding [1]. The errors are defined as
stereo disparity or optical flow endpoint errors in pixels and are colored as shown in the legend at the bottom.
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Figure 11. Exemplary results of monocular scene flow estimation methods on the KITTI scene flow training set [15]: The
first three columns show the results of the monocular baselines ("DF-Net [18]”, ”MirrorFlow [9] + LRC [8]” and "Mono-
Stixel [2]”). The fourth column corresponds to the method proposed in the corresponding paper (’Ours - Mono-SF”). From
top-to-bottom, the estimates and errors of the depth at ¢t = 0 (D1), of the depth at ¢t = 1 (D2) and of the optical flow (Fl) are
visualized. All estimates are represented at their image coordinates in the first frame. Finally, the scene flow error is shown,
which is defined as the maximum of the D1, D2 and FI errors. The depth estimates are colored from close (white/warm color)
to far (blue/cool color). The optical flow is visualized following the Middlebury color coding [1]. The errors are defined as
stereo disparity or optical flow endpoint errors in pixels and are colored as shown in the legend at the bottom.
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