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ABSTRACT
Estimating depth from a monocular image has become a very
popular task in computer vision for identifying important geometric information of the scene. While its performance has
been significantly improved by convolutional neural networks
(CNNs) in recent years, depth-estimation accuracy is still unsatisfactory at locations with abrupt depth changes. This is
mainly caused by the use of spatially consistent filters in CNNs
which directly mix the features of different objects when applied to the pixels near the object borders. Moreover, the
performance gap between depth estimation from single image and that from a stereo pair remains quite large due to the
ill-posed nature of the former one. In this paper, we propose
a new depth-aware convolutional neural network (DACNN)
to address these issues. We first design a novel depth-aware
convolution operation for DACNN, that can adaptively choose
subsets of relevant features for convolutions at each location.
Specifically, we compute hierarchical depth features as the
guidance, and then estimate the depth map using such depthaware convolution which can leverage the guidance to adapt
the filters. In addition, we also introduce a pre-trained stereo
network into DACNN as the teacher to carry out knowledge
distillation on the student monocular network with a specially
designed loss function. Experimental results on the KITTI
online benchmark and Eigen split datasets show that the proposed method achieves the state-of-the-art performance for
single-image depth estimation.
Index Terms— Depth Estimation, Knowledge Distillation
1. INTRODUCTION
Learning depth from a single image is an intriguing computer
vision problem and has many important applications. Compared with depth estimation from a stereo pair of images [1]
or video sequences [2], inferring accurate depth from single
image is much more challenging without the help of multiple
view information.
In early years, many approaches make use of Markov Random Fields (MRF), semantic classifiers and superpixels to
*Co-corresponding authors.

tackle the single-view depth estimation task. Later, Eigen et al.
[3] first proposed the use of a multi-scale convolutional architecture to learn depth from single image based on deep learning techniques. Following this innovative work, many more
approaches based on convolutional neural networks (CNNs)
[4, 5, 6, 7, 8, 9, 10] have been proposed for monocular depth
estimation. However, all of these methods treat the features
in different depth equally using traditional convolution operations and these convolution operations may mix the features
from different objects, which might cause inaccurate prediction of depth and abrupt depth change near the border of two
adjacent objects in the image. Inspired by the work of [11]
which proposes a segmentation-aware CNN by adapting its
filters at each pixel based on segmentation cues, we design a
novel depth-aware convolution operation for single-view depth
estimation based on depth cues.
Moreover, as an ill-posed problem, single-image depth
estimation still shows a very large performance gap from the
depth estimation using a pair of stereo images. This is no
strange because the former one lacks the crucial multi-view
geometric information, even if the use of deep learning techniques can help infer geometric information with data-driven
approaches. In this paper, we also propose to make use of the
feature extracted from the stereo pair to rectify the ill-posed
features extracted from a single image by using the knowledgedistillation technique [12], which was initially proposed for
model compression. Previous works [13, 14, 15] have leveraged the distillation to help depth estimation, e.g., Guo et
al. [13] use pre-trained stereo matching network as a proxy
to provide a supervision for the monocular depth estimation.
Similarly, Tosi et al. [14] use the traditional Semi-Global
Matching (SGM) approach to calculate accurate proxy labels
for the same purpose. Pilzer et al. [15] propose to use the
principle of distillation to transfer knowledge from their whole
network to the student network which is a part of the teacher
network. Different from these existing approaches, the proposed method enforces not only the output similarity, but also
the intermediate-feature similarity across the pre-trained stereo
network and the student network, with an expectation of further reducing the performance gap between the single-image
and the stereo-image depth estimations.
The framework of our depth-aware convolutional neural
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Fig. 1. Framework of the proposed DACNN. The pre-trained stereo network (teacher) shown in the top takes the stereo image
pair as the input while the monocular network (student) shown at the bottom takes the single image as the input. We constrain
both the output similarity and the intermediate-feature similarity across the teacher and the student.
network (DACNN) is illustrated in Figure 1, which consists of
a pre-trained stereo network as the teacher and a monocular
depth estimation network as a student. Overall the main contributions of our work in this paper include: Firstly, we design a
novel depth-aware convolution operation in DACNN to learn
the depth with the help of depth cues. Secondly, we also introduce a pre-trained stereo network into DACNN to provide
additional supervision on both intermediate features and output of the student through knowledge distillation. Thirdly, our
method achieves the state-of-the-art performance for singleimage depth estimation on the KITTI online benchmark [16]
and the KITTI Eigen split [3].
2. RELATED WORK
Supervised monocular depth estimation As large-scale
datasets (e.g. KITTI [16]) are available, more and more supervised approaches have been developed for monocular depth
estimation. Eigen et al. [3] propose a multi-scale deep network
to learn the depth from a single image by global coarse prediction and local refinement. Follow this paper, several further
works have been developed to extract features using deep learning techniques. Fu et al. propose DORN [6] by discretizing the
depth and converting the regression problem into a multi-class
classification problem, which achieves the state-of-the-art performance. Jiao et al. [17] propose an attention-driven loss and
a synergy network to mutually improve the depth estimation
and semantic labeling tasks. Gan et al. [7] explicitly model the
relationship across different pixels using an additional affinity layer to model the depth relation of neighboring pixels.
Recently, Yin et al. [9] propose virtual normal directions to
incorporate geometric constraints in the 3D space to improve
the depth prediction accuracy.
Knowledge distillation Knowledge distillation [12] technique
is initially proposed for model compression, i.eg., transferring
knowledge from a cumbersome model to a light-weight model.
Later this approach is also taken for knowledge transfer across

different domains [18]. Knowledge used for distillation and
transfer can be softened labels [12, 19] or intermediate features [20, 21]. Until now, knowledge distillation has been
widely applied in computer vision applications, such as object
detection [22], pedestrian re-identification [23], and semantic
segmentation [24, 25].
3. OUR APPROACH
The framework of our method DACNN has been presented
in Figure 1, which consists of a pre-trained stereo network
(teacher) and a monocular network (student). In this section,
we elaborate on the proposed depth-aware convolution operation and the specially designed distillation loss function.
3.1. Feature extraction
Both the teacher and student networks use ResNest-50 to extract features from the input, followed by Atrous Spatial Pyramid Pooling (ASPP) [26] with dilation rates (1, 6, 12, 18) to
further extract features from multiple receptive fields. Specifically, the stereo network (teacher) takes the stereo image pair
as the input and the left and right images share weights during
the pre-training. The output of the student network is denoted
as fs and that of the teacher network as fl and fr .
3.2. Depth guidance generation
The depth guidance, also referred to as depth cues, is an intermediate depth feature generated from both the teacher and
student networks. For the teacher network, the extracted features (fl and fr ) of the stereo pair are passed into a correlation
block, consisting of a correlation layer [27], a 3 × 3 convolutional layer and a batch normalization layer, to calculate the
matching volume. In parallel, the extracted feature from left
image (fl ) is also passed into the convolutional layer and the
batch normalization layer and the result is concatenated with
the matching volume to form the output OC .

( these two features have the same height H and width W ).
Following the previous works [29, 30], we propose the depthaware convolution across different dilation d’s based on depth
guidance g as follows:
fj0 (p, d) =

C X
X

wi,j (o)K(g(p), g(p + o))fi (p + o),

i=1 o∈Pd

Fig. 2. The architecture of the depth guidance estimation
branch and the depth map estimation branch in the proposed
DACNN. Note that the teacher network and the student network take different input and use different blocks at the beginning of the depth guidance estimation branch. After that, the
architectures of the teacher network and the student network
are the same.
Here, we consider a maximum displacement of 24 pixels
when calculating the matching volume, which corresponds to
192 pixels in the input image. For the student network, we
employ the Asymmetric Pyramid Non-Local (AP-NonLocal)
Block [28] on the extracted feature of the input single image
fs to obtain the output OA . Then, OC and OA are sent to
the depth guidance generation branch separately to obtain
the depth guidance of the teacher and student networks. The
structure of the branch is shown in Figure 2, which contains
several 3×3 convolution layers and upsampling layers. Finally,
we get the depth guidance in three scales for both the teacher
and student networks, that are denoted by g1t , g2t , g3t , and g1s ,
g2s and g3s , respectively.
3.3. Depth-aware convolution
The depth-aware convolution calculates the value for each of
the positions based on the depth guidance that was obtained in
last step of the previous subsection, and such convolution is
employed by both the teacher and student networks.
Let Pd = {−d, 0, d} × {−d, 0, d} represent the receptive field with dilation d, then a standard 3 × 3 convolutional
operation acting on the position p, which takes the single feature f ∈ RC×H×W as an input and outputs another feature
0
f 0 ∈ RC ×H×W , can be defined by
fj0 (p, d) =

C X
X

wi,j (o)fi (p + o),

(1)

i=1 o∈Pd
0

where (wi,j (o)) ∈ R3×3×C×C is the weight tensor of a filter,
j = 1, · · · , C 0 , and C and C 0 are the numbers of channels
of the input feature f and the output feature f 0 , respectively

(2)
where K is a Gaussian operation which makes the convolution
to be depth adaptive. For each scale of depth guidance, we use
multiple dilations d (d ∈ {1, 6, 12, 18}) during the convolution
and obtain multi-scale depth features f 0 (d). These features are
concatenated and then fed into a 1 × 1 standard convolution
layer. All of the above steps compose a depth-aware block.
Following this way, we construct multiple depth-aware blocks
and upsampling layers to upscale and refine the depth map
as shown in Figure 2. Each upsampling layer doubles the
resolution of the results and is followed by a 3 × 3 standard
convolution layer and an ReLU layer. We also concatenate the
features from the first two blocks of the feature extractor with
the results of upsampling layer to combine the high-level and
low-level information. Finally, we obtain the depth map whose
resolution is the same as the original image’s resolution.
3.4. Loss function
To pre-train the teacher network, the loss function is defined
by the per-pixel loss Lpixel to measure the distance between
the ground truth d∗i,j and the final estimated depth map di,j ,
i.e.,
1 X
LT = Lpixel =
(dij − d∗ij ).
(3)
N
(i,j)

For the proposed student network, we also adopt the perpixel loss Lpixel . In addition, we use the smooth loss to encourage the estimated depth map to be locally smooth, which
is defined as:
1 X
Lsmooth =
|ϕx dij |e−|ϕx Iij | + |ϕy dij |e−|ϕy Iij | , (4)
N
(i,j)

where I is the input image, and the function ϕx and ϕy calculate the intensity gradients between the neighboring pixels
along the x and y directions.
Two more loss functions are proposed for distillation,
namely the proxy label transfer loss Lproxy and the guidance
transfer loss Lguidance , respectively. The former one aims at
constraining the output of the student network which uses the
estimated result (dˆi,j ) from the teacher network as a proxy
ground truth to coach the student which is defined by
1 X
Lproxy =
(dij − dˆij ).
(5)
N
(i,j)

The latter one is to constrain the similarity between the
depth guidance from the teacher and the student network. To

Table 1. Performance comparison of DACNN and some existing state-of-the-art networks on the KITTI Eigen split.
Abs Rel Sq Rel RMSE RMSE log δ < 1.25 δ < 1.252 δ < 1.253

Method
Make3D [31]
Eigen et al. [3]
Liu et al. [32]
Godard et al. [33]
Kuznietsov et al. [34]
Gan et al. [7]
Yin et al. [9]
DORN [6]
Our method (DACNN)

0.280
0.203
0.202
0.114
0.113
0.098
0.072
0.072
0.073

3.012
1.548
1.614
0.898
0.741
0.666
0.307
0.304

8.734
6.307
6.523
4.935
4.621
3.933
3.256
2.727
2.801

achieve this, a softmax operation is firstly applied to convert
the multi-scale guidance maps into distributions, i.e., ptk =
softmax(gkt ), psk = softmax(gks ), k = 1, 2, 3, and then the
Kullback-Leibler (KL) divergence is adopted to measure the
dissimilarity of the distributions. Specifically, it is defined by
Lguidance =

3
X

KL(ptk kpsk ).

0.601
0.702
0.678
0.861
0.862
0.890
0.938
0.932
0.939

0.820
0.890
0.895
0.949
0.960
0.964
0.993
0.984
0.990

0.926
0.958
0.965
0.976
0.986
0.985
0.998
0.994
0.997

and the log RMSE (RMSE log) as the error metrics and the
accuracy with threshold δ = {1.25, 1.252 , 1.253 } as the accuracy metrics. For all error metrics, the lower the better, while
for the accuracy metrics, the higher the better.
4.2. Experimental settings

(6)

k=1

The loss function for the student network is finally defined as:
LS = Lpixel + αLsmooth + βLproxy + γLguidance ,

0.361
0.282
0.275
0.206
0.189
0.173
0.117
0.120
0.116

(7)

where α, β and γ are weighting factors which are set to 0.01,
0.01 and 1000, respectively.
4. EXPERIMENTS
4.1. Datasets and evaluation metrics
We use the following popular datasets in experiments for performance evaluation and comparison of the proposed method
with many existing state-of-the-art approaches on the monocular depth estimation task.
KITTI online benchmark [16]: The KITTI dataset contains over 93K outdoor images and depth maps with the resolution of 1, 240 × 374. All the images are captured on driving
cars by stereo cameras and a Lidar sensor. We use the images from city, residential, road and campus categories to
train our model and test on the official test set including 500
images. The scale invariant logarithmic error (SILog), the
relative squared error (sqErrorRel), the relative absolute error
(absErrorRel) and the root mean squared error of the inverse
depth (iRMSE) are used to evaluate the performance on this
dataset.
KITTI Eigen split [3]: Eigen et al. provide a subset of
testing split from the KITTI dataset for monocular depth estimation, which is commonly used in recent works. The testing
set includes 697 images from 29 scenarios, and we use the
images from other 32 scenarios for training. Following [3], we
use the absolute relative difference (Abs Rel), the squared relative difference (Sq Rel), the root-mean-square error (RMSE)

The proposed method, DACNN, is implemented using PyTorch, and we pre-train the teacher network and perform the
knowledge distillation on the student network using two Nvidia
2080Ti GPUs with the Adam solver (the momentum parameters β1 = 0.9, β2 = 0.999). The models are trained from
scratch with a batch size of 6. Following [35], we employ
the poly learning rate policy from the base learning rate 10−4
with the power p = 0.9. We pre-train the teacher network for
10 epochs and train the student network (distillation) for 15
epochs.
We also perform color normalization on these two datasets
for data preprocessing, and during training, all images were
randomly cropped to the size of 256 × 512. To avoid the overfitting problem, we use the data augmentation strategy in [3].
Specifically, the images are augmented with the random contrast, brightness, and color adjustment in a range of [0.9, 1.1]
with 50% of chance.
During the test phase, we split each of the testing image
to overlapping windows with the same cropping size as in the
training processing, and then obtain the estimated depth values
in overlapped regions by averaging the estimations.
4.3. Results on the KITTI datasets
The quantitative results evaluated on the KITTI Eigen split are
reported in Table 1, which shows that our DACNN achieves
the best or close to the best performance in each of the error or accuracy metrics among all compared state-of-the-art
networks. To exhibit the visual improvements, we also show
some depth estimation results from the test set of Eigen split in
Figure 3, from which it is easy to see that the estimated depth
maps by our method are much smoother and possess clearer
boundary between objects than that by DORN. The quantitative results evaluated from the KITTI online leaderboard are

Input

DORN

DACNN

Groundtruth

Fig. 3. Some depth estimation results from the test set of the KITTI Eigen split. For each row, from left to right are the input
image, the estimated depth maps from DORN [6] and our DACNN, and the ground-truth depth map, respectively.
reported in Table 2.
Table 2. Performance comparison of DACNN and some existing state-of-the-art networks on the KITTI online benchmark.
Method

SILog sqErrorRel absErrorRel iRMSE

DABC et al. [36]
Guo et al. [13]
Zhang et al. [37]
Yin et al. [9]
DORN [6]
Our method (DACNN)

14.49
13.41
13.08
12.65
11.77
12.95

4.08
2.86
2.72
2.46
2.23
2.60

12.72
10.60
10.27
10.15
8.78
10.35

15.53
15.06
13.95
13.02
12.98
13.95

4.4. Ablation study
In this study, in order to demonstrate effectiveness of the proposed depth-aware blocks in DACNN and the knowledge distillation from the teacher network, we conduct ablation studies
to compare some model variants for DACNN on the Eigen split
of KITTI dataset. The results are reported in Table 3, from
which we can see that the depth-aware blocks are useful for
improving the monocular depth estimation, and the knowledge
distillation from the teacher network can further improve the
overall performance.
Table 3. Performance comparison of some model variants of
DACNN on the KITTI Eigen split.
Method

and output generated by the student network which is a monocular depth estimation network. Experimental results on the
KITTI Eigen split and online benchmark demonstrate that the
proposed method can significantly improve the accuracy of
monocular depth estimation.

Abs Rel Sq Rel RMSE RMSE log

w/o the depth-aware-blocks 0.086
w/o the knowledge distillation 0.079
Full version of DACNN
0.073

0.563 3.675
0.462 3.174
0.304 2.801

0.162
0.126
0.116

5. CONCLUSION
In this paper, we develope a new depth-aware convolution operation to learn depth from single image by leveraging depth
cues. In addition, we incorporate a pre-trained stereo network
as a teacher to provide additional supervision for the features
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