


the pseudo depth labels for training the monocular depth
estimation network. Additionally, we propose to enhance
the monocular depth map in a probabilistic inference frame-
work. Unreliable parts of the monocular depth map are
identified using the uncertainty map, and these are refined
through the pixel-adaptive convolution (PAC) layer [45].
Experimental results validate that the monocular depth ac-
curacy is significantly improved by leveraging the proposed
threshold learning and probabilistic depth refinement mod-
ules.

Interestingly, the threshold learning can also be benefi-
cial to improve the performance of existing stereo confi-
dence estimation approaches [38, 25]. The confidence map
obtained from the existing approaches [38, 25] is refined
through the soft-thresholding function controlled by the
learned threshold. As shown in Fig. 2, the soft-thresholding
function attenuates low confidence values that are less than
the learned threshold τ to become as close as 0 while am-
plifying high confidence values to converge to 1. We vali-
date through experiments that this process improves the pre-
diction accuracy of the existing confidence estimation ap-
proaches. To sum up, our contributions are as follows.

• We propose a novel framework of monocular depth
estimation using pseudo depth labels generated from
self-supervised stereo matching methods.

• We introduce the threshold network that adaptively
learns the threshold of the confidence map for bet-
ter predicting the reliability of the inaccurate pseudo
depth labels.

• The monocular depth map is further refined through
the probabilistic refinement module based on the PAC
layer.

• It is shown that the threshold network can also be used
to enhance the prediction accuracy of existing confi-
dence estimation approaches.

2. Related Work

Monocular depth estimation. Eigen et al. [8] initiated
the monocular depth estimation through deep network that
regresses a depth map with ground-truth depth informa-
tion, inspiring numerous approaches based on multi-scale
images [31], up-projection technique [29], motion paral-
lax [50], ordinal regression [9], and semantic divide-and-
conquer [51]. Despite remarkable performance over classi-
cal handcrafted approaches, they rely on abundant and high-
quality ground-truth depth maps, which is costly to obtain.

To overcome this limitation, self-supervised learning has
been introduced by leveraging other forms of supervision
from stereo images and video sequences instead of ground

truth depth maps. Garg et al. [11] used the stereo photo-
metric reprojection. Godard et al. [13] further used the left-
right consistency between stereo images. Zhou et al. [57]
proposed to leverage multi-view synthesis procedure, and
this idea was extended using the feature-based warping
loss in [55]. To take advantages of both supervised and
self-supervised learning methods, semi-supervised learning
methods have also been presented. Kuznietsov et al. [28]
directly combined supervised and unsupervised loss terms.
Ji et al. [22] utilizes an image-depth pair discriminator with
a small amount of labeled dataset, alleviating the reliance
on supervision. Recently, Gonzalebello et al. [15] proposed
mirrored exponential disparity (MED) probability volumes
to handle occluded areas.

The most related to our work is the methods of Guo et
al. [18], Cho et al. [6], and Tonioni et al. [46] in which a
stereo matching knowledge is distilled to train a monocu-
lar depth network. Since the disparity map estimated by
stereo matching inherently contain unreliable ones, they
used stereo confidence to build a pseudo-ground-truth dis-
parity map by thresholding the confidence. Guo et al. [18]
used a handcrafted occlusion map sensitive to outliers. Cho
et al. [6] used a fixed threshold empirically, but it is ineffec-
tive to use the same threshold for all images. Unlike this,
Tonioni et al. [46] tried to learn the threshold by using an
additional regularization term that allows it to be between 0
and 1, but it is also difficult to learn the appropriate thresh-
old with the implicit constraint by the regularization term.
In our method, effective threshold learning is the main con-
tribution.
Stereo confidence estimation. In parallel with the devel-
opment of predicting depth from images, stereo confidence
estimation has also been actively studied. Machine learn-
ing approaches [35, 44, 26] relying on shallow classifier,
e.g., random tree [1], enable one to classify correct and in-
correct pixels. Recently, deep convolutional neural network
(CNN)-based approaches have become a mainstream. Var-
ious methods have been proposed that use the single- or
bi-modal input, e.g., disparity [38], left and right dispari-
ties [41], 3D matching cost [42], 3D matching cost and dis-
parity [27], and disparity and color image [49, 10]. Kim
et al. [25] proposed to make full use of the tri-modal input
in conjunction with locally adaptive attention and scale net-
works, achieving state-of-the-art prediction accuracy. All
of these techniques require ground truth depth maps and
have been used to refine a depth (or disparity) map with a
fixed threshold which is set empirically. Poggi et al. [37] in-
troduced a method for learning self-supervised confidence
measure with various criterions.

3. Proposed Method
Unlike recent self-supervised monocular depth estima-

tion approaches [11, 13, 32, 14, 36], we leverage the pseudo





(a) Images with high τ values

(b) Images with low τ values

Figure 3. Examples of learned threshold τ by our threshold learn-
ing. CS indicates the Cityscapes dataset.

together. The ablation study of the confidence thresholding
operators is provided in experiments.

Fig. 3 presents the estimation results of the ThresNet
for the KITTI and Cityscape datasets [7]. The threshold
τ becomes higher in images where stereo matching do not
work well, and vice versa. This indicates that the ThresNet
is beneficial to improving the monocular depth network by
excluding unreliable pseudo depth values effectively.

3.1.2 DepthNet and RefineNet

The DepthNet and RefineNet infer and refine the monocular
depth map by leveraging the pseudo depth labels, masked
out by the thresholded confidence map, as supervision. The
DepthNet is based on the encoder-decoder architecture [39],
in which an encoder takes an image and two decoders esti-
mate the monocular depth map d and its uncertainty map
σ. The uncertainty map, indicating the variance of the pre-
dicted monocular depth map, becomes higher when the pre-
diction is unreliable, and vice versa. The encoder network
consists of the first 13 convolution layers of the VGG net-
work [43], and the decoder is symmetrical with the encoder.
The uncertainty map σ is used to refine the monocular depth
map in the subsequent RefineNet.

We first upsample L feature maps (here L = 4) from the
encoder of the DepthNet to an original resolution and con-
catenate them. The concatenated features are then fused by
passing through 1 × 1 convolution, generating a guidance
feature g. The estimated monocular depth map d is finally
fed into the PAC layer [45] with the guidance of the fea-
ture map g. Unlike the original PAC module that directly
infers refined results, we leverage the residual connection
that takes into account the uncertainty map σ for predicting
the refined monocular depth map df such that

df = e−σ/k · d+ (1− e−σ/k)d′ (2)

where d′ indicates the output of the PAC layer. k is a hyper-
parameter to control the refinement through the PAC layer,

and it was set to 1.
It should be noted that though some monocular depth es-

timation approaches [36, 2] have attempted to measure the
uncertainty of the monocular depth estimation through deep
network, our method proposes to infer the uncertainty map
and use it for a subsequent refinement module. This frame-
work can also be extended into various pixel-level labeling
tasks based on the uncertainty prediction.

3.2. Loss Functions

3.2.1 Thresholding loss

The ThresNet with confidence and threshold networks can
be trained in a supervised manner [38] or a self-supervised
manner [37]. For the supervised training, we propose to
use the sparse ground truth depth data provided by pub-
lic benchmarks. For instance, we can leverage extremely
sparse LiDAR depth maps of 3% density provided with a
set of stereo image pairs in the KITTI dataset. The ground
truth of the thresholded confidence map is generated us-
ing the sparse ground truth depth data like existing confi-
dence estimation approaches [25] and this is used to train
the ThresNet using a cross-entropy loss LT . More details
on the ground truth confidence map are provided in the sup-
plementary material. Alternatively, the ThresNet can be
trained in the self-supervised manner without using the Li-
DAR depth maps. Following [37], we generate the pseudo
ground truth of the thresholded confidence map accord-
ing to various criterions (e.g., reprojection error, disparity
agreement). The loss LT for the self-supervised training
is defined as a multi-modal binary cross entropy loss of
[37]. In Table 1, we compare the monocular depth accuracy
when using the supervised and self-supervised ThresNets,
and found the accuracy is almost similar.

In [46], the threshold is also learned to exclude depth
values with low confidences when training their network.
It was reported that when using the depth regression loss
only, the threshold τ would converge to 1 for masking out
all pixels [46]. Thus, they propose to include an additional
regularization loss, −log(1 − τ), that prevents the thresh-
old τ from approaching 1. Though this term allows τ to be
between 0 and 1, it does not guarantee to yield accurate pre-
diction results of the threshold τ . Contrastingly, our method
attempts to learn the threshold τ with the soft-thresholding
function and the explicit supervision. We will verify the
effectiveness of our threshold learning approach in the ab-
lation study of Table 4.

3.2.2 Depth regression loss

A monocular depth map from the DepthNet is leveraged
to compute a confidence-guided depth regression loss LD
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