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Abstract. Self-supervised monocular depth estimation has received
much attention recently in computer vision. Most of the existing works in
literature aggregate multi-scale features for depth prediction via either
straightforward concatenation or element-wise addition, however, such
feature aggregation operations generally neglect the contextual consis-
tency between multi-scale features. Addressing this problem, we propose
the Self-Distilled Feature Aggregation (SDFA) module for simultaneously
aggregating a pair of low-scale and high-scale features and maintaining
their contextual consistency. The SDFA employs three branches to learn
three feature offset maps respectively: one offset map for refining the
input low-scale feature and the other two for refining the input high-
scale feature under a designed self-distillation manner. Then, we propose
an SDFA-based network for self-supervised monocular depth estimation,
and design a self-distilled training strategy to train the proposed net-
work with the SDFA module. Experimental results on the KITTI dataset
demonstrate that the proposed method outperforms the comparative
state-of-the-art methods in most cases. The code is available at https://
github.com/ZM-Zhou/SDFA-Net_pytorch.

Keywords: Monocular depth estimation - Self-supervised learning -
Self-distilled feature aggregation

1 Introduction

Monocular depth estimation is a challenging topic in computer vision, which aims
to predict pixel-wise scene depths from single images. Recently, self-supervised
methods [12,14,16] for monocular depth learning have received much attention,
due to the fact that they could be trained without ground truth depth labels.
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Fig. 1. Depth map comparison by the networks (described in Sect. 4.3) with different
feature aggregation techniques (the straightforward concatenation (Raw), the Offset-
based Aggregation (OA) [25], and the proposed SDFA module) on KITTI [13], where
‘A1’ is an accuracy metric.

The existing methods for self-supervised monocular depth estimation could
be generally categorized into two groups according to the types of training data:
the methods which are trained with monocular video sequences [30,50,57] and
the methods which are trained with stereo pairs [12,14,16]. Regardless of the
types of training data, many existing methods [15,16,40-42,45,53] employ vari-
ous encoder-decoder architectures for depth prediction, and the estimation pro-
cesses could be considered as a general process that sequentially learns multi-
scale features and predicts scene depths. In most of these works, their encoders
extract multi-scale features from input images, and their decoders gradually
aggregate the extracted multi-scale features via either straightforward concate-
nation or element-wise addition, however, although such feature aggregation
operations have demonstrated their effectiveness to some extent in these exist-
ing works, they generally neglect the contextual consistency between the multi-
scale features, i.e., the corresponding regions of the features from different scales
should contain the contextual information for similar scenes. This problem might
harm a further performance improvement of these works.

Addressing this problem, we firstly propose the Self-Distilled Feature Aggre-
gation (SDFA) module for simultaneously aggregating a pair of low-scale and
high-scale features and maintaining their contextual consistency, inspired by the
success of a so-called ‘feature-alignment’ module that uses an offset-based aggre-
gation technique for handling the image segmentation task [1,24,25,34,35]. It
has to be pointed out that such a feature-alignment module could not guaran-
tee its superior effectiveness in the self-supervised monocular depth estimation
community. As shown in Fig. 1, when the Offset-based Aggregation (OA) tech-
nique is straightforwardly embedded into an encoder-decoder network for han-
dling the monocular depth estimation task, although it performs better than the
concatenation-based aggregation (Raw) under the metric ‘A1’ which is consid-
ered as an accuracy metric, it is prone to assign inaccurate depths into pixels
on occlusion regions (e.g., the regions around the contour of the vehicles in the
yellow boxes in Fig.1) due to the calculated inaccurate feature alignment by
the feature-alignment module for these pixels. In order to solve this problem,
the proposed SDFA module employs three branches to learn three feature offset
maps respectively: one offset map is used for refining the input low-scale feature,
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and the other two are jointly used for refining the input high-scale feature under
a designed self-distillation manner.

Then, we propose an SDFA-based network for self-supervised monocular
depth estimation, called SDFA-Net, which is trained with a set of stereo image
pairs. The SDFA-Net employs an encoder-decoder architecture, which uses a
modified version of tiny Swin-transformer [37] as its encoder and an ensemble
of multiple SDFA modules as its decoder. In addition, a self-distilled training
strategy is explored to train the SDFA-Net, which selects reliable depths by two
principles from a raw depth prediction, and uses the selected depths to train the
network by self-distillation.

In sum, our main contributions include:

— We propose the Self-Distilled Feature Aggregation (SDFA) module, which
could effectively aggregate a low-scale feature with a high-scale feature under
a self-distillation manner.

— We propose the SDFA-Net with the explored SDFA module for self-
supervised monocular depth estimation, where an ensemble of SDFA modules
is employed to both aggregate multi-scale features and maintain the contex-
tual consistency among multi-scale features for depth prediction.

— We design the self-distilled training strategy for training the proposed network
with the explored SDFA module. The proposed network achieves a better
performance on the KITTT dataset [13] than the comparative state-of-the-art
methods in most cases as demonstrated in Sect. 4.

2 Related Work

Here, we review the two groups of self-supervised monocular depth estimation
methods, which are trained with monocular videos and stereo pairs respectively.

2.1 Self-supervised Monocular Training

The methods trained with monocular video sequences aim to simultaneously
estimate the camera poses and predict the scene depths. An end-to-end method
was proposed by Zhou et al. [57], which comprised two separate networks for
predicting the depths and camera poses. Guizilini et al. [20] proposed PackNet
where the up-sampling and down-sampling operations were re-implemented by
3D convolutions. Godard et al. [15] designed the per-pixel minimum reprojection
loss, the auto-mask loss, and the full-resolution sampling in Monodepth2. Shu
et al. [45] designed the feature-metric loss defined on feature maps for handling
less discriminative regions in the images.

Additionally, the frameworks which learnt depths by jointly using monocular
videos and extra semantic information were investigated in [4,21,31,33]. Some
works [2,28,55] investigated jointly learning the optical flow, depth, and camera
pose. Some methods were designed to handle self-supervised monocular depth
estimation in the challenging environments, such as the indoor environments [27,
56] and the nighttime environments [36,49].
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2.2 Self-supervised Stereo Training

The methods trained with stereo image pairs generally estimate scene depths
by predicting the disparity between an input pair of stereo images. A pioneer-
ing work was proposed by Garg et al. [12], which used the predicted dispari-
ties and one image of a stereo pair to synthesize the other image at the train-
ing stage. Godard et al. [14] proposed a left-right disparity consistency loss to
improve the robustness of monocular depth estimation. Tosi et al. [47] proposed
monoResMatch which employed three hourglass-structure networks for extract-
ing features, predicting raw disparities and refining the disparities respectively.
FAL-Net [16] was proposed to learn depths under an indirect way, where the dis-
parity was represented by the weighted sum of a set of discrete disparities and
the network predicted the probability map of each discrete disparity. Gonzalez
and Kim [18] proposed the ambiguity boosting, which improved the accuracy
and consistency of depth predictions.

Additionally, for further improving the performance of self-supervised monoc-
ular depth estimation, several methods used some extra information (e.g., dis-
parities generated with either traditional algorithms [47,53,59] or extra net-
works [3,6,22], and semantic segmentation labels [59]). For example, Watson et
al. [53] proposed depth hints which calculated with Semi Global Matching [23]
and used to guide the network to learn accurate depths. Other methods employed
knowledge distillation [19] for self-supervised depth estimation [40,41]. Peng et
al. [40] generated an optimal depth map from the multi-scale outputs of a net-
work, and trained the same network with this distilled depth map.

3 Methodology

In this section, we firstly introduce the architecture of the proposed network.
Then, the Self-Distilled Feature Aggregation (SDFA) is described in detail.
Finally, the designed self-distilled training strategy is given.

3.1 Network Architecture

The proposed SDFA-Net adopts an encoder-decoder architecture with skip con-
nections for self-supervised monocular depth estimation, as shown in Fig. 2.

Encoder. Inspired by the success of vision transformers [5,10,44,51,54] in var-
ious visual tasks, we introduce the following modified version of tiny Swin-
transformer [37] as the backbone encoder to extract multi-scale features from an
input image I' € R3*H>*W The original Swin-transformer contains four trans-
former stages, and it pre-processes the input image through a convolutional layer
with stride = 4, resulting in 4 intermediate features [Cy, Ca, C3, C4] with the res-
olutions of [% X %, % X %, % X %, 3% X %] Considering rich spatial information
is important for depth estimation, we change the convolutional layer with stride
= 4 in the original Swin-transformer to that with stride = 2 in order to keep

more high-resolution image information, and accordingly, the resolutions of the
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Fig. 2. Architecture of SDFA-Net. SDFA-Net is used to predict the volume-based
depth representation Vgl and the depth map D' from the input image I'. The fea-
tures extracted by the encoder could be passed through the raw and distilled data
paths to predict raw and distilled depth maps D, D} respectively.

features extracted from the modified version of Swin-transformer are twice as
H_ W H_W H_ W H W]

they were, i.e. [5 X 5, T X 7, % X 5,76 X 15

Decoder. The decoder uses the multi-scale features {C?}}_; extracted from the
encoder as its input, and it outputs the disparity-logit volume V,f as the scene
depth representation. The decoder is comprised of three SDFA modules (denoted
as SDFA-1, SDFA-2, SDFA-3 as shown in Fig.2), a convolutional block and
two convolutional output layers. The SDFA module is proposed for adaptively
aggregating the multi-scale features with learnable offset maps, which would be
described in detail in Sect.3.2. The convolutional block is used for restoring
the spatial resolution of the aggregated feature to the size of the input image,
consisting of a nearest up-sampling operation and two 3 x 3 convolutional layers
with the ELU activation [7]. For training the SDFA modules under the self-
distillation manner and avoiding training two networks, the encoded features
could be passed through the decoder via two data paths, and be aggregated
by different offset maps. The two 3 x 3 convolutional output layers are used to
predict two depth representations at the training stage, which are defined as the
raw and distilled depth representations respectively. Accordingly, the two data
paths are defined as the raw data path and the distilled data path. Once the
proposed network is trained, given an arbitrary test image, only the outputted
distilled depth representation Vgl, is used as its final depth prediction at the
inference stage.

3.2 Self-Distilled Feature Aggregation

The Self-Distilled Feature Aggregation (SDFA) module with learnable feature
offset maps is proposed to adaptively aggregate the multi-scale features and
maintain the contextual consistency between them. It jointly uses a low-scale
decoded feature from the previous layer and its corresponding feature from the
encoder as the input, and it outputs the aggregated feature as shown in Fig. 3.
The two features are inputted from either raw or distilled data path.

As seen from Fig.3, under the designed module SDFA-i (i = 1,2,3), the
feature Fit! (specially F* = C*%) from its previous layer is passed through a
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Fig. 3. Self-Distilled Feature Aggregation. Different offset maps are chosen in different
data paths.

3 x 3 convolutional layer with the ELU activation [7] and up-sampled by the
standard bilinear interpolation. Meanwhile, an additional 3 x 3 convolutional
layer with the Batch Normalization (BN) [26] and ELU activation is used to
adjust the channel dimensions of the corresponding feature C* from the encoder
to be the same as that of F*t1. Then, the obtained two features via the above
operations are concatenated together and passed through three branches for pre-
dicting the offset maps A%, AL, and AL,. The offset map A% is used to refine
the up-sampled F'!. According to the used data path P, a switch operation
‘S(ALy, Aps| P) is used to select an offset map from Af,; and Ag, for refining
the adjusted C”, which is formulated as:

1 J—
bs =S(ab AP = {00 P 1)
After obtaining the offset maps, a refinement function ‘R(F, A)’ is designed to
refine the feature F' by the guidance of the offset map A, which is implemented
by the bilinear interpolation kernel. Specifically, to generate a refined feature
F(p) on the position p = [z,9]" from F € RET*W with an offset A(p), the
refinement function is formulated as:

F(p) =R(F,A(p)) = (F(p+ A(p))) (2)

where ‘(-)’ denotes the bilinear sampling operation. Accordingly, the refined fea-
tures [t and C? are generated with:

FHl=R (U (conv (F*)),A%) (3)

C" =R (convb (C*), ALg) (4)

where ‘U(+)’ denotes the bilinear up-sample, ‘conv(-)’ denotes the 3 x 3 convolu-
tional layer with the ELU activation, and ‘convb(-)’ denotes the 3 x 3 convolu-
tional layer with the BN and ELU. Finally, the aggregated feature F is obtained
with the two refined features as:

F' = conv <C~7Z ©® F”l) , (5)



SDFA-Net 715

where ‘@’ denotes the element-wise addition.

Considering that (i) the offsets learnt with self-supervised training are gen-
erally suboptimal because of occlusions and image ambiguities and (ii) more
effective offsets are expected to be learnt by utilizing extra clues (e.g., some reli-
able depths from the predicted depth map in Sect. 3.3), SDFA is trained in the
following designed self-distillation manner.

3.3 Self-distilled Training Strategy

In order to train the proposed network with a set of SDFA modules, we design
a self-distilled training strategy as shown in Fig. 4, which divides each training
iteration into three sequential steps: the self-supervised forward propagation, the
self-distilled forward propagation and the loss computation.

Self-supervised Forward Propagation. In this step, the network takes the
left image I' in a stereo pair as the input, outputting a left-disparity-logit volume
vV} e RV*H>XW via the raw data path. As done in [16], I' and V are used to

synthesize the right image I7, while the raw depth map D! is obtained with Vgl.
Specifically, given the minimum and maximum disparities dyiy and dpyax, we
firstly define the discrete disparity level d,, by the exponential quantization [16]:

n

dmin -t
dn_dmax< ) ; n:()v]-v"'vN_]- ) (6)

dmax

where N is the total number of the disparity levels. For synthesizing the right
images, each channel of Vgl is shifted with the corresponding disparity d,,, gener-

ating the right-disparity-logit volume V;. A right-disparity-probability volume
f/pr is obtained by passing f/g’“ through the softmax operation and is employed
for stereoscopic image synthesis as:

N—1
r= v oIl . (7)
n=0

where \A/p”"‘n is the n*" channel of Vp’“, ‘®’ denotes the element-wise multiplication,

and I! is the left image shifted with d,,. For obtaining the raw depth map, Vgl is
passed through the softmax operation to generate the left-disparity-probability
volume Vpl. According to the stereoscopic image synthesis, the n** channel of Vpl
approximately equals the probability map of d,,. And a pseudo-disparity map
dl+ is obtained as:

N-1
n=0

Given the baseline length B of the stereo pair and the horizontal focal length
fu of the left camera, the raw depth map D! for the left image is calculated via

Bf.
Dl = Bl
T dl+
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Fig. 4. Self-distilled training strategy. It comprises three steps: the self-supervised For-
ward Propagation (FP), the self-distilled Forward Propagation (FP), and the loss com-
putation.

Self-distilled Forward Propagation. For alleviating the influence of occlu-
sions and learning more accurate depths, the multi-scale features {C*}}
extracted by the encoder are horizontally flipped and passed through the decoder
via the distilled data path, outputting a new left-disparity-logit volume Vgl,. After
flipping Vgl, back, the distilled disparity map dfi and distilled depth map Dfi are
obtained by the flipped V;, as done in Eq. (8). For training the SDFA-Net under
the self-distillation manner, we employs two principles to select reliable depths
from the raw depth map D.: the photometric principle and the visible principle.
As shown in Fig. 4, we implement the two principles with two binary masks,
respectively.

The photometric principle is used to select the depths from D! in pixels where
they make for a superior reprojected left image. Specifically, for an arbitrary pixel
coordinate p in the left image, its corresponding coordinate p’ in the right image
is obtained with a left depth map D' as:

Bf T
/ T
p =p— 9 0 9
56 )
Accordingly, the reprojected left image I is obtained by assigning the RGB
value of the right image pixel p’ to the pixel p of I'. Then, a weighted sum of
the Ly loss and the structural similarity (SSIM) loss [52] is employed to measure

the photometric difference between the reprojected image I [' and raw image I':

(DY) = ( Hﬂ IlH (1 — a)SSIM(I, Il)) : (10)

where « is a balance parameter. The photometric principle is formulated as:
M, = [((D;) =1(Da) <e)ni(Dr) <t] (11)
where ‘[-] is the iverson bracket, € and ¢; are predefined thresholds. The second

term in the iverson bracket is used to ignore the inaccurate depths with large
photometric errors.
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The visible principle is used to eliminate the potential inaccurate depths in
the regions that are visible only in the left image, e.g., the pixels occluded in the
right image or out of the edge of the right image. The pixels which are occluded
in the right image could be found with the left disparity map d'. Specifically, it is
observed that for an arbitrary pixel location p = [x,y]" and its horizontal right
neighbor p; = [z +i,y] " (i = 1,2, ..., K) in the left image, if the corresponding
location of p is occluded by that of p; in the right image, the difference between
their disparities should be close or equal to the difference of their horizontal
coordinates [59]. Accordingly, the occluded mask calculated with the distilled
disparity map dﬁl is formulated as:

Meo(p) = [min (|dh(pi) = dhp) = i) < t2] (12)

where t; is a predefined threshold. Additionally, an out-of-edge mask M, [38]
is jointly utilized for filtering out the pixels whose corresponding locations are
out of the right image. Accordingly, the visible principle is formulated as:
M Mtl)cc © Méut . (13)

Loss Computation. In this step, the total loss is calculated for training the
SDFA-Net. It is noted that the raw depth map D! is learnt by maximizing the
similarity between the real image I" and the synthesized image I”, while the
distilled depth map Dfi is learnt with self-distillation. The total loss function is
comprised of four terms: the image synthesis loss Ly, the self-distilled loss Lg,
the raw smoothness loss L}, . and the distilled smoothness loss L2 .

The image synthesis loss Ly, contains the L; loss and the perceptual loss [29]
for reflecting the similarity between the real right image I" and the synthesized
right image Ir:

Lyy, = IAT_IT ‘iAT_iT

y 8 Y et -, (14)
1=1,2,3

where ‘|| - ||” and ‘|| - ||2” represent the L; and Lo norm, ¢;(-) denotes the output

of i pooling layer of a pretrained VGG19 [46], and 3 is a balance parameter.

The self-distilled loss Lsq adopts the L; loss to distill the accurate depths
from the raw depth map D! to the distilled depth map Dﬁl, where the accurate
depths are selected by the photometric and visible masks M} and M:

Ly =M, oMo ||D} - (15)

ol

The edge-aware smoothness loss L, is employed for constraining the con-
tinuity of the pseudo disparity map dﬁ_ and the distilled disparity map dfi:

Lo = 0ed ||, W0l 4 oy [, e 1207 (16)

Lo = [0yl 1"l 4 [0, d| 127 (17)
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where ‘0, ‘0, are the differential operators in the horizontal and vertical direc-
tions respectively, and v is a parameter for adjusting the degree of edge preser-
vation.

Accordingly, the total loss is a weighted sum of the above four terms, which
is formulated as:

L= Lsyn + Alemo + )\2Lsd + )‘BLgmo ) (18)

where {A1, A2, A3} are three preseted weight parameters. Considering that the
depths learnt under the self-supervised manner are unreliable at the early train-
ing stage, A2 and A3 are set to zeros at these training iterations, while the
self-distilled forward propagation is disabled.

4 Experiments

In this section, we evaluate the SDFA-Net as well as 15 state-of-the-art methods
and perform ablation studies on the KITTI dataset [13]. The Eigen split [11]
of KITTT which comprises 22600 stereo pairs for training and 679 images for
testing is used for network training and testing, while the improved Eigen test
set [48] is also employed for network testing. Additionally, 22972 stereo pairs
from the Cityscapes dataset [8] are jointly used for training as done in [16]. At
both the training and inference stages, the images are resized into the resolution
of 1280 x 384. We utilize the crop proposed in [12] and the standard depth cap
of 80 m in the evaluation. The following error and accuracy metrics are used as
done in the existing works [15,16,33,40,45]: Abs Rel, Sq Rel, RMSE, logRMSE,
Al=0<1.25, A2 =6 < 1.25% and A3 = § < 1.253. Please see the supplemental
material for more details about the datasets and metrics.

4.1 Implementation Details

We implement the SDFA-Net with PyTorch [39], and the modified version of
tiny Swin-transformer is pretrained on the ImageNet1K dataset [9]. The Adam
optimizer [32] with 51 = 0.5 and G2 = 0.999 is used to train the SDFA-Net
for 50 epochs with a batch size of 12. The initial learning rate is firstly set to
104, and is downgraded by half at epoch 30 and 40. The self-distilled forward
propagation and the corresponding losses are used after training 25 epochs. For
calculating disparities from the outputted volumes, we set the minimum and the
maximum disparities to dpin = 2, dmax = 300, and the number of the discrete
levels are set to N = 49. The weight parameters for the loss function are set to
A1 = 0.0008, A2 = 0.01 and A3 = 0.0016, while we set § = 0.01 and v = 2. For
the two principles in the self-distilled forward propagation, we set a = 0.15,¢ =
le — 5,1 = 0.2, = 0.5 and K = 61. We employ random resizing (from 0.75
to 1.5) and cropping (192 x 640), random horizontal flipping, and random color
augmentation as the data augmentations.
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Table 1. Quantitative comparison on both the raw and improved KITTI Eigen test
sets. | / 1 denotes that lower/higher is better. The best and the second best results
are in bold and underlined in each metric.

Method |PP [Sup. |Data. |Resolution | Abs Rel | |Sq Rel || RMSE | [logRMSE | [A11 [A21 [A3]
Raw Eigen test set

R-MSFM6 [58] M K 320 x 1024 | 0.108 0.748  |4.470 |0.185 0.889 |0.963 |0.982
PackNet [20] M K 384 x 1280 | 0.107 0.802 |4.538 |0.186 0.889 | 0.962 | 0.981
SGDepth [33] M(s) K 384 % 1280 | 0.107 0.768 | 4.468 |0.186 0.891 |0.963 | 0.982
FeatureNet [45] M |K 320 x 1024 | 0.104 0.729 4481  |0.179 0.893 | 0.965 | 0.984
monoResMatch [47] v o s@) |K 384 % 1280 | 0.111 0.867 4714 0.199 0.864 | 0.954 | 0.979
Monodepth2 [15] v s K 320 x 1024 | 0.105 0.822 |4.692 0.199 0.876 | 0.954 | 0.977
DepthHints [53] v oS |K 320 x 1024 | 0.096 0.710  |4.393 0.185 0.890 | 0.962 | 0.981
DBoosterNet-e [18] S K 384 x 1280 | 0.095 0.636 |4.105 |0.178 0.890 | 0.963 | 0.984
SingleNet [3] v s K 320 x 1024 | 0.094 0.681 |4.392 0.185 0.892 | 0.962 | 0.981
FAL-Net [16] v s K 384 % 1280 | 0.093 0.564 |3.973 |0.174 0.898 | 0.967 | 0.985
Edge-of-depth [59] v S(s,d) | K 320 x 1024 | 0.091 0.646 4244 |0.177 0.898 | 0.966 | 0.983
PLADE-Net [17] v s K 3841280 |0.089  |0.590 |4.008 |0.172 0.900 | 0.967 | 0.985
EPCDepth [40] v o s@) |K 320 x 1024 | 0.091 0.646  |4.207 |0.176 0.901 | 0.966 | 0.983
SDFA-Net (Ours) S K 384 x 1280 | 0.090 0.538  |3.806 | 0.169 0.906 | 0.969 | 0.985
SDFA-Net (Ours) v s K 384x 1280 |0.089 | 0.531 | 3.864 |0.168 0.907 | 0.969 | 0.985
PackNet [20] M | CS+K | 384 % 1280 | 0.104 0.758  |4.386 | 0.182 0.895 | 0.964 | 0.982
SemanticGuide [21] M(s) | CS+K | 384 x 1280 | 0.100 0.761 4270 | 0.175 0.902 | 0.965 | 0.982
monoResMatch [47] v S(d) | CS+K | 384 x 1280 | 0.096 0.673 |4.351 |0.184 0.890 | 0.961 |0.981
DBoosterNet-e [18] v s CS+K | 384 x 1280 | 0.086 0.538 |3.852 |0.168 0.905 | 0.969 | 0.985
FAL-Net [16] v s CS+K | 384 x 1280 | 0.088 0.547  |4.004 | 0.175 0.898 | 0.966 | 0.984
PLADE-Net [17] v s CS+K | 384 x 1280 | 0.087 0.550 |3.837 |0.167 0.908 | 0.970 | 0.985
SDFA-Net (Ours) S CS+K | 384 x 1280 | 0.085 0.531 [3.888 | 0.167 0.911 |0.969 |0.985
SDFA-Net (Ours) v s CS+K |384% 1280 [0.084 | 0.523 | 3.833 | 0.166 0.913 | 0.970 | 0.985
Improved Eigen test set

DepthHints [53] v [s@) [k 320 x 1024 | 0.074 0.364 3202 |0.114 0.936 |0.989 |0.997
WaveletMonoDepth [43] | v | S(d) |K 320 x 1024 | 0.074 0.357 3170 |0.114 0.936 | 0.989 | 0.997
DBoosterNet-e [18] S K 384 x 1280 | 0.070 0.298 2916 |0.109 0.940 |0.991 | 0.998
FAL-Net [16] v s K 384 x 1280 | 0.071 0.281 12912 0.108 0.943 |0.991 | 0.998
PLADE-Net [17] v s K 384% 1280 |0.066 0272 2918 | 0.104 0.945 0.992 | 0.998
SDFA-Net (Ours) v s K 384 x 1280 | 0.074 0.228 |2.547 0.101 0.956  0.995 | 0.999
PackNet [20] M | CS+K | 384 x 1280 | 0.071 0.359  |3.153 |0.109 0.944 |0.990 | 0.997
DBoosterNet-e [18] v s CS+K 384 %1280 [0.062 0242 2617 | 0.096 0.955 0.994 | 0.998
FAL-Net [16] v s CS+K | 384 x 1280 | 0.068 0.276  |2.906 |0.106 0.944 |0.991 | 0.998
PLADE-Net [17] v s CS+K | 384 x 1280 | 0.065 0.253 |2.710 |0.100 0.950 |0.992 | 0.998
SDFA-Net (Ours) v s CS+K | 384 x 1280 | 0.069 0.207 |2.472 | 0.096 0.963 | 0.995 | 0.999

4.2 Comparative Evaluation

We firstly evaluate the SDFA-Net on the raw KITTI Eigen test set [11] in com-
parison to 15 existing methods listed in Table 1. The comparative methods are
trained with either monocular video sequences (M) [20,21,33,45,58] or stereo
image pairs (S) [3,15-18,40,43,47,53,59]. It is noted that some of them are
trained with additional information, such as the semantic segmentation label
(s) [21,33,59], and the offline computed disparity (d) [40,43,47,53,59]. Addi-
tionally, we also evaluate the SDFA-Net on the improved KITTI Eigen test
set [48]. The corresponding results are reported in Table 1.

As seen from Lines 1-23 of Table 1, when only the KITTT dataset [13] is used
for training (K), SDFA-Net performs best among all the comparative methods
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Fig. 5. Visualization results of Edge-of-Depth [59], FAL-Net [16], EPCDepth [40] and
our SDFA-Net on KITTI. The input images and predicted depth maps are shown in
the odd rows, while we give the corresponding ‘RMSE’ error maps calculated with the
improved Eigen test set in the even rows. For the error maps, red indicates larger error,
and blue indicates smaller error. (Color figure online)

in most cases even without the post processing (PP.), and its performance is
further improved when a post-processing operation step [14] is implemented on
the raw Eigen test set. When both Cityscapes [8] and KITTI [13] are jointly
used for training (CS+ K), the performance of SDFA-Net is further improved,
and it still performs best among all the comparative methods on the raw Figen
test set, especially under the metric ‘Sq. Rel’.

As seen from Lines 24-34 of Table 1, when the improved Eigen test set is used
for testing, the SDFA-Net still performs superior to the comparative methods
in most cases. Although it performs relatively poorer under the metric ‘Abs
Rel.’, its performances under the other metrics are significantly improved. These
results demonstrate that the SDFA-Net could predict more accurate depths.

In Fig. 5, we give several visualization results of SDFA-Net as well as three
typical methods whose codes have been released publicly: Edge-of-Depth [59],
FAL-Net [16], and EPCDepth [40]. It can be seen that SDFA-Net does not only
maintain delicate geometric details, but also predict more accurate depths in
distant scene regions as shown in the error maps.

4.3 Ablation Studies

To verify the effectiveness of each element in SDFA-Net, we conduct ablation
studies on the KITTI dataset [13]. We firstly train a baseline model only with
the self-supervised forward propagation and the self-supervised losses (i.e. the
image synthesis loss Ly, and the raw smoothness loss LY, , ). The baseline model
comprises an original Swin-transformer backbone (Swin) as the encoder and a
raw decoder proposed in [15]. It is noted that in each block of the raw decoder,
the multi-scale features are aggregated by the straightforward concatenation.
Then we replace the backbone by the modified version of the Swin-transformer
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Table 2. (a) Quantitative comparison on the raw Eigen test set in the ablation study.
(b) The average norms (in pixels) of the offset vectors on the raw Eigen test set.

Method Abs Rel| | Sq Rel| | RMSE| | logRMSE| | A17 | A27 | A37
Swin+Raw 0.102 | 0.615 | 4.323 0.184 | 0.887 | 0.963 | 0.983
Swin' + Raw 0.100 | 0.595 | 4.173 0.180 | 0.893 | 0.966 | 0.984 SDFA-i| AL AL, | AL,
Swin’ + SDFA-1| 0.097 | 0.568 | 3.993 0.175 | 0.898 | 0.968 | 0.985 1| 139014 059
Swin +SDFA-2| 0.099 | 0.563 | 3.982 0.174 | 0.900 | 0.968 | 0.985 2 | 585053 0.56
Swin +SDFA-3| 0.094 | 0.553 | 3.974 0.172 | 0.896 | 0.966 | 0.985 3 14.890.65 | 0.65
Swin' + OA 0.091 | 0.554 | 4.082 0.174 | 0.899 | 0.967 | 0.984 (b)
SDFA-Net 0.090 | 0.538 | 3.896 | 0.169 |0.906 0.969 | 0.985

(a)

) B ¥ O0h Lt g 4 ¥

I N i L Gt A
Ap Aci Aca
(b)

Fig. 6. (a) Visualization of the raw and distilled depth maps predicted with the SDFA-
Net on KITTI. (b) Visualization of the corresponding offset maps learnt in SDFA
modules. From the top to bottom, the offset maps are learnt in SDFA-1, SDFA-2; and
SDFA-3. The color coding is visualized on the right part, where the hue and saturation
denote the norm and direction of the offset vector respectively. The blue arrows in the
bottom left offset map show the offset vectors in a 3 x 3 patch. (Color figure online)

(Swin'). We also sequentially replace the i*" raw decoder block with the SDFA
module, and our full model (SDFA-Net) employs three SDFA modules. The
proposed self-distilled training strategy is used to train the models that con-
tain the SDFA module(s). Moreover, an Offset-based Aggregation (OA) module
which comprises only two offset branches and does not contain the ‘Distilled
data path’ is employed for comparing to the SDFA module. We train the model
which uses the OA modules in the decoder with the self-supervised losses only.
The corresponding results are reported in Table 2(a).

From Lines 1-5 of Table2(a), it is noted that using the modified version
(‘Swin'’) of Swin transformer performs better than its original version for depth
prediction, indicating that the high-resolution features with rich spatial details
are important for predicting depths. By replacing different decoder blocks with
the proposed SDFA modules, the performances of the models are improved in
most cases. It demonstrates that the SDFA module could aggregate features
more effectively for depth prediction. As seen from Lines 6-7 of Table2(a),
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although ‘Swinf + OA’ achieves better quantitative performance compared to
‘Swin' + Raw’, our full model performs best under all the metrics, which indi-
cates that the SDFA module is benefited from the offset maps learnt under the
self-distillation.

Additionally, we visualize the depth maps predicted with the models denoted
by ‘Swinf +Raw’, ‘Swinf +OA’, and our SDFA-Net in Fig.1. Although the
offset-based aggregation improves the quantitative results of depth prediction,
‘Swin' + OA’ is prone to predict inaccurate depths on occlusion regions. SDFA-
Net does not only alleviate the inaccurate predictions in these regions but also
further boost the performance of depth estimation. It demonstrates that the
SDFA module maintains the contextual consistency between the learnt features
for more accurate depth prediction. Please see the supplemental material for
more detailed ablation studies.

To further understand the effect of the SDFA module, in Fig. 6, we visualize
the predicted depth results of SDFA-Net, while the feature offset maps learnt by
each SDFA module are visualized with the color coding. Moreover, the average
norms of the offset vectors in these modules are shown in Table2(b), which
are calculated on the raw Eigen test set [13]. As seen from the first column in
Table 2(b) and Fig. 6(b), the offsets in Ap reflect the scene information, and the
norms of these offset vectors are relatively long. These offsets are used to refine
the up-sampled decoded features with the captured information. Since the low-
resolution features contain more global information and fewer scene details, the
directions of the offset vectors learnt for these features (e.g., A% in bottom left
of Fig.6(b)) vary significantly. Specifically, considering that the features in an
arbitrary 3 x 3 patch are processed by a convolutional kernel, the offsets in the
patch could provide the adaptive non-local information for the process as shown
with blue arrows in Fig.6(b). As shown in the last two columns in Table 2(b)
and Fig. 6(b), the norms of the offsets in Axy and Ago are significantly shorter
than that in Ap. Considering that the encoded features maintain reliable spatial
details, these offsets are used to refine the features in little local areas.

Moreover, it is noted that there are obvious differences between the Agq and
Aco, which are learnt under the self-supervised and self-distillation manners
respectively. Meanwhile, the depth map obtained with the features aggregated
by Ap and Ags are more accurate than that obtained with the features aggre-
gated by Ap and A¢q, especially on occlusion regions (marked by red boxes
in Fig. 6(a)). These visualization results indicate that the learnable offset maps
are helpful for adaptively aggregating the contextual information, while the self-
distillation is helpful for further maintaining the contextual consistency between
the learnt feature, resulting in more accurate depth predictions.

5 Conclusion

In this paper, we propose the Self-Distilled Feature Aggregation (SDFA) mod-
ule to adaptively aggregate the multi-scale features with the learnable offset
maps. Based on SDFA, we propose the SDFA-Net for self-supervised monocu-
lar depth estimation, which is trained with the proposed self-distilled training
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strategy. Experimental results demonstrate the effectiveness of the SDFA-Net. In
the future, we will investigate how to aggregate the features more effectively for
further improving the accuracy of self-supervised monocular depth estimation.
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Foundation of China (Grant Nos. U1805264 and 61991423), the Strategic Priority
Research Program of the Chinese Academy of Sciences (Grant No. XDB32050100),
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