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LiteGfm: A Lightweight Self-supervised Monocular Depth
Estimation Framework for Artifacts Reduction via Guided Image
Filtering

Anonymous Authors

ABSTRACT

Facing with two significant challenges for monocular depth esti-
mation under a lightweight network, including the preservation
of detail information and the artifact reduction of the predicted
depth maps, this paper proposes a self-supervised monocular depth
estimation framework, called LiteGfm. It contains a DepthNet with
an Anti-Artifact Guided (AAG) module and a PoseNet. In the AAG
module, a Guided Image Filtering with cross-detail masking is first
designed to filter the input features of the decoder for preserving
comprehensive detail information. Second, a filter kernel generator
is proposed to decompose the Sobel operator along the vertical and
horizontal axes for achieving cross-detail masking, which better
captures the structure and edge feature for minimizing artifacts.
Furthermore, a boundary-aware loss between the reconstructed and
input images is presented to preserve high-frequency details for de-
creasing artifacts. Extensive experimental results demonstrate that
LiteGfm under 1.9M parameters gets more optimal performance
than state-of-the-art methods.

CCS CONCEPTS

« Computing methodologies — Scene understanding; Neural
networks.

KEYWORDS

Monocular depth estimation, Guided image filter, Lightweight net-
work

1 INTRODUCTION

Scene understanding plays a vital role in various tasks, such as au-
tonomous driving, embodied navigation, and virtual scene construc-
tion. Particularly, the depth estimation task significantly enhances
the performance of localization and segmentation. Recently, depth
estimation based on images has become the mainstream method, in-
corporating both traditional approaches[1-3] and deep learning ap-
proaches, with the latter achieving superior performance. However,
the general supervised deep learning frameworks of depth estima-
tion depend on depth labels for training. It is prohibitively expensive
to attain precise ground-truth depth measurements through sensors
such as radar, depth cameras, and stereo cameras, hard to obtain
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Figure 1: Computational efficiency comparison. All results
are tested on the KITTI dataset with a resolution of 192 x
640. The accuracy (61) and parameters of the representative
models and LiteGfm are presented.

across multiple scenes. Consequently, self-supervised depth estima-
tion methods have gained popularity, with methods based on stereo
images first to be proposed and displaying promising accuracy[4-6].
Despite this, they have limitations in terms of data collection with
insufficient data. Therefore, by employing image reconstruction
loss[7] and popular frameworks like ResNet[8] and VGG[9], monoc-
ular self-supervised depth estimation architectures have exhibited
significant results in multitask learning[10-12]. However, main-
stream network frameworks typically involve a large parameter
and a considerable computational resources demand, which makes
depth estimation on various edge devices challenging.

Nevertheless, the reduction in parameters leads to decreased
fitting capacity, and existing lightweight methods frequently suf-
fer from insufficient feature extraction. To address this, a dilated
convolution[13] has been designed and implemented in lightweight
frameworks to enhance feature extraction. It significantly increases
the receptive field of filters, thereby enabling the network to cap-
ture features from a broader context range. However, the enlarged
receptive field of dilated convolution results in a substantial loss of
image details. Thus, often occurs in the production of depth maps
with artifacts in depth prediction tasks.

First, to enhance feature detail information, a guided image fil-
tering (GIF) module with a cross-detail masking filter is proposed.
In contrast to the conventional approach of implementing filtering
at the end of the network, the GIF module is placed at the decoder’s
input to conduct filtering procedures, effectively reducing the loss
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of detailed information. Furthermore, the utilization of guided im-
age filtering is favored, which transfers structural details from a
guide image to the target image. The implementation of the GIF
module significantly supplements the features of the decoder’s in-
put. Second, to eliminate edge artifacts, a lightweight filter kernel
generator was designed for achieving cross-detail masking. This
generator utilizes the Sobel operator in both vertical and horizon-
tal directions, followed by pooling and point-wise multiplication
operations, which enhance directional awareness features and effec-
tively supplement structural and edge features. Finally, a boundary
awareness loss is presented to eradicate detailed artifacts, which
offers improved differentiation between details and artifacts in high-
frequency regions and enhances the method’s ability to eliminate
detailed artifacts.

Hence, this paper proposes a lightweight but efficient approach
for self-supervised monocular depth estimation. Based on the cho-
sen backbone, a lightweight AAG module is incorporated in the
decoder’s input to fulfill the detailed information with a smooth gra-
dient. The AAG module encompasses a filter kernel generator and
GIF procedures. To avoid introducing extra parameters, we select
the Sharr operator due to its ability to capture more comprehensive
edge details, even weak edges. Moreover, a boundary-aware loss is
employed to provide additional optimization of the reconstructed
image for more detailed features. As illustrated in Figure 1, under
identical experimental settings, our proposed LiteGfm demonstrates
superior equilibrium between performance and complexity com-
pared to the prevailing state-of-the-art method in monocular depth
estimation. To summarize, this paper’s contributions are:

o A novel lightweight self-supervised monocular depth esti-
mation framework with a guided image filter architecture is
proposed, called LiteGfm, which achieves the smallest model
size and superior accuracy with extensive experiments on
KITTL Sufficient ablation studies confirm the effectiveness
of different design choices.

o This paper presents a GIF module that applies guided image
filtering at the decoder’s input, significantly fulfilling the
detailed information with reduced parameters for tackling
the challenge of neglected detailed information.

o This paper develops a lightweight guided filter kernel gener-
ator achieving cross-detail masking that utilizes the Sobel
operator to extract edge information, tackling the challenge
of emerged edge artifacts. Additionally, boundary-aware
loss contributes to different details and artifacts in high-
frequency areas, which reduces the detailed artifacts in the
predicted depth maps.

The subsequent sections are structured as follows: Section 2
provides an overview of relevant research studies. Section 3 presents
the method in detail. Section 4 discusses the experimental results
and analysis. Section 5 concludes the paper.

2 RELATED WORK
2.1 Self-supervised Monocular Depth
Estimation

For monocular supervised methods, researchers consider it as a
view synthesis task inspired by [14]. Then Zhou et al.[7] introduces

Anonymous Authors

an innovative approach with a distinct pose network to predict the
6-DoF pose between temporally adjacent frames, thereby substi-
tuting the established geometric constraints derived from stereo
pairs. This has proved a lot of self-supervised monocular depth
estimation. Based on it, certain researchers have proposed the in-
corporation of supplementary tasks, such as flow estimation[15, 16],
semantic segmentation[17, 18], domain adaptation[19, 20], uncer-
tainty estimation[21, 22], etc. Furthermore, improving loss can
achieve favorable results without introducing supplementary tasks.
The Monodepth2[10] incorporates the minimum re-projection loss
to address occlusion challenges and employs automatic masking
loss to eliminate moving objects at the same pace as the camera.
Currently, Monodepth2 has emerged as the standard, and which
self-supervised training strategy is also employed in our work.

In recent years, the emergence of edge devices has prompted
researchers to focus on optimizing the balance between model
complexity and accuracy. Some lightweight models are achieved
by combining the new frameworks. HR-Depth[23] introduces a
framework based on the MobileNetV3[24], yielding results simi-
lar to Monodepth2 with significantly fewer parameters. Similarly,
SwiftDepth[25] creates an architecture with CNN and ViT[26],
which demonstrates superior performance results. MViTDepth[27]
also designs a novel architecture building upon MobileViT[28], uti-
lizing it as a teacher model for knowledge distillation to compress
the model and subsequently enhance the performance. Besides,
XDistill[29]presents additional supervision for the DepthNet, facili-
tating cross-task knowledge distillation and enhancing prediction
accuracy with small parameters. Moreover, certain approaches aim
to balance model complexity and accuracy by enhancing feature
extraction modules. R-MSFM[30], a lightweight model integrates
the upsampling module of multi-scale feature modulation and pa-
rameter learning, enhancing depth estimation quality.

However, the reduction of parameters leads to decreased fit-
ting capacity, and lightweight methods frequently suffer from in-
sufficient feature extraction. A hybrid architecture Lite-Mono[31]
proposes a Consecutive Dilated Convolutions (CDC) module to
effectively extract rich multi-scale local features, which achieves
comparable results with a reduction of approximately 80% parame-
ters. But Lite-Mono utilizes the attention-based module, which adds
a lot of parameters. This paper introduces guide image filtering
and designs a lightweight filter kernel generator to decrease our
model’s complexity.

2.2 Guided Image Filter

Guided image filtering is a novel explicit image filter[32] that com-
putes the filtering output by considering the content of a guidance
image. It exhibits the nice property of edge-preserving smoothing
while also being computationally efficient and exact. Through this,
the utilization of images containing a greater amount of feature
information as reference images enables the transfer of structural
information to the desired target images. So some works try to uti-
lize the guided image filter to refine object masks[33, 34]. Different
from the classical guided image filtering, the deep learning-based
designed guided image filtering approaches are proven. The re-
cent deep joint filtering method designs two-branch convolution
subnetworks to extract features from the guidance and the target
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images[35]. Some combined the other mechanisms, such as deep
attentional guided image filtering presenting a multiscale module
to progressively generate the filtering result with the constructed
kernels from coarse to fine with guided image filtering[36]. Corre-
spondingly, a multiscale fusion strategy is introduced to reuse the
intermediate results in the coarse-to-fine process. Guided image
filtering has been implemented in various computer vision tasks,
such as face recognition[37], semantic segmentation[38, 39], and
image dehazing[40].

This paper refers to the concept of guided image filtering to
transfer the structures of the guidance image to the filtering output.
It solves the challenge of edge and detailed artifact elimination of
the predicted depth maps.

3 METHODS

3.1 The Proposed Framework: LiteGfm

This paper proposes the LiteGfm framework, a lightweight self-
supervised monocular depth estimation framework with a guided
image filter module. As is shown in Figure 2, the LiteGfm frame-
work consists of a DepthNet and a PoseNet. In the DepthNet, a
target image I* € REXW>3 is fed into a convolution stem, which
comprises a down-sampling layer (i.e. 3 X 3 convolutions with stride
= 2.)and two 3 X 3 convolutions with stride = 1. Then, the features
flow into the following three stages, and each stage consists of a
down-sampling layer and a CDC module from Lite-Mono[31]. The
CDC blocks in each stage have different dilation rates that are [1, 2,
3] for stage 1, [1, 2, 3] for stage 2, and [1, 2, 3, 2, 4, 6] for stage 3.
This is utilized in the two sizes of the proposed LiteGfm.

In the decoder of the DepthNet, our proposed framework presents
an AAG module to solve the problems of neglected detailed infor-
mation and emerged artifacts. The AAG module consists of a light-
weight guided kernel generator and GIF module, but effectively
maintains the parameter only at 0.007 M, diminishing the model’s
complexity. Taking the first stage as an illustration, the feature map
after the down-sampling layer and the pooled target image are both
as input to generate a guided kernel. Thereafter, the guided kernels
and each stage’s output are input to the GIF module to achieve
cross-detail masking. Then it outputs the feature maps with more
detailed information and fewer artifacts. In the end, we utilize bi-
linear up-sampling to expand the spatial dimension. After each
up-sampling block, a prediction block is followed to generate the
inverse depth map at the assigned resolution. Likewise, the other
two kernels can be generated by the feature among the other two
stages. Our framework employs the identical PoseNet as[10, 31],
which is input adjacent monocular frames to calculate the camera
pose for achieving self-supervision learning.

Then this paper illustrates these present novel modules and the
designed loss for training.

3.2 Guided Image Filtering

This part introduces the GIF module in the proposed AAG module.
The challenge we intend to tackle is to output the depth map with
the absence of details. As a result, we select the results of the down-
sample layer in each stage as the target feature I' € RF XWxC?
and the pooled source image with comprehensive feature infor-

mation input as the guided feature I9 € REXWXC yhere H, W,
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and C denote the height, width, and channels respectively. Com-
bined with the filter kernels W generated by I* and 19, the input
feature can be reconstructed with edges and gradients preserved
by getting the prior information from the guided kernels. After
passing through the below layers, the ultimate output of each stage
{Fsimge, 0<i< m} will consequently drop some detailed informa-
tion, which is crucial to the depth prediction. This GIF module
utilizes detailed information of the object within the feature do-
main to enhance filtering outcomes.

As shown in Figure 2, this filter kernel’s whole guidance process
can be exposed to:

I3 = Conv (Fsmge),

I = Conv(Concat(Fszmge, F3T))

F3 =GIF[B,WE], (1)
Fy = GIF[L, WF], (2)

I = Conv(Concat(F.

stage>

ED), R =GIF[L,WF]. ()

where Fsit age denotes the final outputs of the ith stage; I; and Wl.k
denote the inputs of the ith process of the GIF module; T is an
upsampling operation. GIF(-, -) is the guided image filter to guide
the corresponding features. For feature I;, the filter process is as
follows :

F= > WrhwI(hw) (4)
(h,w)e(H,W)

The filtered features {F;, 0 < i < m} are directed to capture added
details, and are subsequently forwarded to the network to generate
a superior depth map. The following elaborates on the guided image
kernel generator and the loss designed for network training

3.3 Guided Image Filter Kernel Generator

The guided image filter is employed to upgrade the target image’s
structural details and eliminate the edge artifacts of depth maps.
The proposed kernel generator is designed to produce kernels that
incorporate guided constructive information through cross-detail
masking.

As illustrated in Figure 3, it takes target feature I and guided
feature IY as the inputs. First, we utilize a two-branch network
to completely extract detailed information crossly. Then combine
the outputs of the two branches to constitute the kernel. Taking
the horizontal direction as an illustration, we apply the Scharr
operator in the horizontal direction, which can detect fainter edges
with greater efficiency to enhance the comprehensive extraction of
object edges of an image. Next, a pooling operation is conducted
horizontally. The entire process can be calculated as:

F{mr = Avg(Sharrpe, (Conv(I'))) (5)
FZW = Avg(Sharrp,, (Conv(I9))) (6)
where the Avg encodes the feature X, € RI*XWXC from hori-

zontal directions with pooling kernels (H, 1), which is capable of
extracting global context efficiently, can be presented as :

1
Avg(Xnor) = 77 D, Xhor(hoi) ™)
0<i<W

Currently, the features collected by the guided and target features
along the horizontal direction are subjected to max-pooling. Then
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Figure 2: Overview of the proposed LiteGfm. In the training stage, the target RGB image is input into the DepthNet. The
encoder of the DepthNet uses dilated convolution to expand the receptive field, and the decoder generates a guided filter kernel
to extract rich structural and edge information. Then, the target and adjacent frames are input to the PoseNet to obtain the
relative pose of the camera. Finally, the loss is used to optimize the DepthNet and the PoseNet simultaneously. In the testing
stage, only DepthNet is employed for depth prediction to obtain a depth map.

we obtain the optimal edge information in the horizontal direction,
denoted as W/:or. The process can be formulated as:

wk

hor

= Max(F} . F] ) 8)

or’” hor

Simultaneously, we also obtain an additional vertical branch
outcome denoted as WX, It is assumed that:
Wier = Max(Fler. Fier) ©)
The final guided filter kernel, which achieves the cross-detail
masking can be derived as:

wk=wk owk, (10)

where WF is the generated filter kernel; © means element-wise
multiplication.

3.4 Self-supervised Learning

Following [7], this work treats depth estimation as the task of image
reconstruction. We first train a depth net, giving an RGB image I;
as input, and output a per-pixel depth map D;. Then, we train a
pose net to estimate the relative camera pose Ty, s from temporally
adjacent frames. So, warp I into I; to generate the constructive

image Is_s;:
Is—st = Is {proj(Dy, T;—s,K)) (11)

where proj(-) serves as the resulting 2D coordinates of the pro-
jected depths D; in Iy, s € [t—1,t+1], and (-) is the sampling
operator. Finally, the image reconstruction loss is used to optimize
our network.

3.4.1 Image Reconstruction Loss. The per-pixel reprojection loss is
defined as:

(I, I;) = min £, (Is—y, T 12
p(s t) Lel-11] p( s—t t) ( )

where £, is the photometric loss defined as:

1= SSIMUsn 1)

5 (1-a) lfs—e — Il (13)

(s It) = a
where SSIM is the structural similarity index measure[41] and « is
set to 0.85[10].

Auto-masking is applied to remove moving pixels where no
relative camera motion is observed[10]:

= min f,(I,1I;) > min £, (Is—, ], 14
H 1 p(s t) Le[oia] p( s—t1t) (14)
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Figure 3: The structure of the proposed kernel generator. The target and guided features are input to a two-branch network for

calculating a guided image filter kernel.

Therefore, the image reconstruction loss can be expressed as:
b (Is—e,It) = p- p (s, Ir) (15)

3.4.2 Edge-aware Smoothness Loss. Following [10, 42], the edge-
aware smoothness regularization loss is applied to enhance the
depth estimation at object boundaries, followed by:

fsmooth = |axd;k| em1oxkl 4 |3xd?| eldyli

(16)
where dy = d;/ dy is the mean-normalized disparity.

3.4.3 Boundary-aware Loss. Due to the equal treatment of all pix-
els, the mentioned approach of optimizing the loss at the pixel
level fails to effectively retain high-frequency structural details and
causes detailed artifacts in a depth map. To address this issue and
encourage the network to prioritize high-frequency components,
a boundary-aware loss is introduced. This loss aims to improve
the model’s capability to generate sharper boundaries and intricate
details. Followed by [43], the boundary-aware loss is defined as:

the = IMO It — MO Ity (17)
where we define the M as the boundary mask:
M = (VoI = VxIssp) © (VyI* = VyIssyp) (18)

where © denotes the elementwise multiplication and V is the Sobel
operator to detect the boundary information. With these three
losses, the total loss is formulated as:

(19)

where A1, Ay, A3 are set as 1, le™3, 0.02 respectively. We need to
enhance the edge information without compromising the accuracy
of the prediction, while the consistency loss prevails, and A; is set
as [10].

{= /hfp + Azfsmooth + ).3(’1,“

4 EXPERIMENTS

In this section, a thorough explanation of the implementation of our
framework is provided. Then, we evaluate the proposed LiteGfm
and LiteGfm-small frameworks on KITTI datasets. Next, compre-
hensive ablation experiments are conducted to verify the effect
of each contribution. Finally, visual experiments demonstrate the
impact of these components within the framework individually.

4.1 Implementation Details

4.1.1 Dataset. The KITTI dataset[44] is used to train and evaluate
the latest SOTA algorithms. The Eigen split[14] which has 39,810
monocular triplets for training, 4,424 images for validation, and 697
for testing is applied. The input image resolutions are set to 192x640.
Similar to MonoDepth2[10], the predicted depth is confined in the
range of [0, 80] m.

4.1.2  Hyperparameters. This work is implemented in PyTorch and
trained on NVIDIA GeForce RTX 3090 with a batch size of 12.
The optimizer is AdamW with the weight decay set to 1e72. All
experiments involving the compared methods are trained from
scratch. We set the initial learning rate to 5e~* and change it to
1e~* from 31 epochs for fine-tuning. The network is trained for 60
epochs, which takes about 20 hours.

4.1.3  Evaluation metrics. The performance of the proposed frame-
work is reported by the standard metrics proposed from[49], con-
sisting of absolute relative difference (Abs Rel), square-related differ-
ence (Sq Rel), root mean square error (RMSE), RMSE log, §1 < 1.25,
52 < 1.25%, 83 < 1.25%.

4.2 Depth Estimation Results

Table 1 displays the experiment results of LiteGfm and some repre-
sentative methods with model sizes lower than 35 M on the KITTI
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Table 1: The quantitative results of LiteGfm with some recent representative methods on the Eigen split[14] of the KITTI
dataset[44]. The best results are presented in bold for each category, with the second-best results underlined.

Methods Abs Rel Sq Rel RMSE RMSE log 41 62 43 Param.
Zhou[45] 0.183 1.595 6.709 0.270 0.734 0.902 0.959 31.6M
GeoNet[46] 0.155 1.296 5.857 0.233 0.793 0.931 0.973 31.6M
DDVO[47] 0.151 1.257 5.583 0.228 0.810 0.936 0.974 28.1M
EPC++[48] 0.141 1.029 5.350 0.216 0.816 0.941 0.976 33.2M
MonoDepth2-ResNet18[10] 0.132 1.044 5.142 0.210 0.845 0.948 0.977 14.3M
MonoDpeth2-ResNet50[10] 0.131 1.023 5.064 0.206 0.849 0.951 0.979 32.5M
R-MSFM3(30] 0.128 0.965 5.019 0.207 0.853 0.951 0.977 3.5M
R-MSFM6(30] 0.126 0.944 4.981 0.204 0.857 0.952 0.978 3.8M
Lite-Mono-tiny[31] 0.125 0.935 4.986 0.204 0.853 0.950 0.978 2.1M
Lite-Mono-small[31] 0.123 0.919 4.926 0.202 0.859 0.951 0.977 2.5M
Lite-Mono[31] 0.121 0.876 4918 0.199 0.859 0.953 0.980 3.1M
SwiftDepth-small[25] 0.132 1.040 5.148 0.210 0.846 0.948 0.976 3.6M
SwiftDepth[25] 0.128 1.020 5.093 0.205 0.850 0.951 0.978 6.4M
LiteGfm-small (ours) 0.123 0.924 4.922 0.199 0.858 0.953 0.980 1.7M
LiteGfm (ours) 0.117 0.871 4.797 0.194 0.870 0.957 0.981 1.9M

Input

—small

Figure 4: Visualization of LiteGfm and some methods[10, 25, 31] on the Eigen split[14] of the KITTI dataset[44].

dataset[44]. All of the results are without pre-training on ImageNet.
Compared to the standard model Monodepth2 of the ResNet50 ver-
sion and the current advanced lightweight model Lite-Mono, the
LiteGfm performs superior with the minimal parameter (1.9 M).
The small-size LitGfm, with the lowest parameters (1.7 M), also
achieves satisfactory results among all small-size models, even most
of the full-size models.

Moreover, Figure 4 shows the quantitative comparison of depth
maps among these lightweight models. LiteGfm decreases the edge
artifacts through the cross-detail masking, which objects in the
depth maps have a clearer edge, such as the billboard with a regular
shape in column 1 and the vehicles of different sizes and colors in
columns 2 and 3. Besides, more detailed artifacts are presented in
Lite-Mono and SwiftDepth, yet less on LiteGfm which has a remark-
able performance on the shady wall with complicated structure in
column 4 and distant traffic lights or slender poles in columns 3 and

5. Furthermore, with the boundary-aware loss, LiteGfm displays a
more stable prediction, which can be verified from the great predic-
tion of trees and pedestrians with light changes in columns 2 and 5.
In a word, LiteGfm achieves satisfactory results in decreasing the
edge and detailed artifacts.

4.3 Complexity and Speed Evaluation.

The performance of the proposed framework LiteGfm is evaluated
in terms of model complexity and inference speed. As shown in
Table 2, our LiteGfm has the lowest model parameters, which is
decreased by 87% compared to Monodepth2[10]. Coming to the
decoder part, our filtering module evitably increases the FLOPs
and inference time. Furthermore, the comparison of computational
efficiency is depicted in Figure 1.
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Table 2: Model complexity and speed evaluation. Params denote the number of parameters. FLOPs are floating points of

operations. Speed is inference time.

Encoder Decoder Full Model
Methods
Params FLOPs speed | Params FLOPs speed | Params FLOPs speed
(M) ©) (ms) (M) ©) (ms) (M) ©) (ms)
MonoDepth2 11.2 4.5 0.8 3.1 3.5 0.9 14.3 8.0 1.7
R-MSFM3 0.7 2.4 0.2 2.8 14.1 34 3.5 16.5 3.6
R-MSFM6 0.7 24 0.2 3.1 28.8 5.6 3.8 31.2 5.8

MViT-Depth-tiny 1.0 0.7 1.5
MViT-Depth-small 1.9 1.8 1.9

0.8 0.8 0.3 1.8 1.5 1.8
0.9 1.0 0.4 2.8 2.8 2.3

MViT-Depth 5.0 3.6 2.2 1.3 1.1 0.4 6.3 4.7 2.6
Lite-Mono-tiny 2.0 2.4 1.6 0.2 0.7 0.2 2.5 4.8 1.8
Lite-Mono-small 2.3 4.1 2.0 0.2 0.7 0.2 2.5 4.8 2.2
Lite-Mono 2.9 44 2.1 0.2 0.7 0.2 3.1 5.1 2.3
SwiftDepth-small 3.0 1.5 1.7 0.6 2.1 0.2 3.6 3.6 1.9
SwiftDepth 5.6 2.4 2.2 0.8 2.5 0.2 6.4 4.9 2.4
LiteGfm-small 1.5 1.9 1.2 0.2 0.5 0.9 1.7 2.4 2.1
LiteGfm 1.7 3.3 1.7 0.2 0.7 0.9 1.9 4.0 2.6

4.4 Ablation Experiments

In this part, we verify the components of our model contribute to
the overall performance. Above all, as shown in Figure 2, the AAG
module mainly consists of the kernel generator and the guided
filtering process. For the kernel generator, our model utilizes the
current method which is two branches with the Scharr operator.
Before this, we tried other kernel generation methods. We differ-
entiate them with new filter kernels and old filter kernels. For the
guided filtering process, we select the guided object in a strategy
that maximizes the complement of structure and edge information,
i.e. the features in the decoder. Additionally, the features output
by each stage in the encoder are tried to filter and then feed the
results into the decoder. This paper use in encoder and in decoder to
distinguish. Besides, we execute boundary-aware loss £}, to train
our model to avoid the artifacts of depth maps. In Table 3, the five
variants of the model are presented the following:

e Model 1, which is the backbone without guided image filter,
BA loss.

e Model 2, which is the backbone trained with only BA loss.

e Model 3, which uses the old filter kernel to guide the en-
coder’s features, is trained with BA loss.

e Model 4, which uses the old filter kernel to guide the de-
coder’s features, is trained with BA loss.

o LiteGfm, which uses the new filter kernel to guide the de-
coder’s features, is trained with BA loss.

The quantitative results of ablation are listed in Table 3. Model 1
exhibits the worst performance in the absence of any of our contri-
butions. The performance of the proposed LiteGfm surpasses that
of the ablated models from the metrics results. Furthermore, every
component proposed in our model has the potential to enhance the
network performance substantially. The following gives a detailed
analysis and some visualization results of these components.

[

ot -
Lieim r- |

Figure 5: Comparison of feature maps filtered by different
guided filtering kernels.

4.5 Visualization of the Different Guided Filter
Kernels

This part shows the experimental results of different filter kernels
designed in the experimental process. As shown in Table 3, com-
pared with the model without a guided image filter, both models
with a guided image filter in the decoder only increase the number
of parameters by 0.007 M. However, this slight increase in parame-
ters leads to a significant improvement in the model’s accuracy. An
initial method to create the guided image filter kernels involves it-
eratively subtracting the two sets of features of the input generator
and subsequently establishing a cross-connection to supplement
the information. However, it is noted that filters generated through
this approach may disregard a significant portion of faint edge
details. Consequently, in light of the artifacts stemming from the
absence of structural and edge information, a dual-branch structure
is employed to capture more subtle edges using the Scharr operator.

Figure 5 displays the depth maps produced in the absence of the
guided image filter (i.e. Model 1) alongside those generated with
two distinct guided image filters (i.e. Model 4 and LiteGfm), and the
resultant feature map following decoder filtering. Model 1 shows
the feature map outputs of the decoder at the corresponding stage.
Notably, without a guided image filter, the baseline fails to perceive
the scene structure, especially in regions with few substances to
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Table 3: Results of ablation experiments in the five models.

Loss  filter kernels  guided object ~ Params (M) AbsRel SqRel RMSE  RMSE log o1 o2 43
Model1 \ \ \ 1.936 0.121 0.948 4.925 0.200 0.863 0954  0.979
Model2 v \ \ 1.936 0.119 0.945 4.915 0.198 0.865 0.955 0.979
Model3 v old in encoder 1.957 0.120 0.933 4.910 0.198 0.869 0.956 0.980
Model4 v old in decoder 1.943 0.120 0.927 4.908 0.197 0.866  0.956  0.980
LiteGfm v new in decoder 1.943 0.117 0.871 4.797 0.194 0.870 0.958 0.981

find clues. A designed guided image filter can restore the depth
of these regions with better accuracy and fewer edge and detailed
artifacts.

4.6 Benefits of Guided Object

Input

Model 4 m_-

Figure 6: Comparison of depth maps of different guided ob-
jects.

Model 3 and Model 4 use a consistent filter kernel to process
the characteristics of distinct stages in the encoder and decoder
respectively.

From Table 3, the quantization results for Model 3 are signifi-
cantly poorer than those for Model 4. An extra 0.016M parameter
is needed for Model 3 to synchronize the filter kernel and features.
Therefore, choosing to filter the features in the decoder facilitates
the efficient incorporation of spatial details, mitigating redundant
extraction of structural information, and minimizing parameter
count.

Figure 6 shows the comparison of prediction depth maps with
different guided objects. Compared to the filtering in the encoder,
the results of filtering in the decoder provide the depth prediction
with more details, including the road signs, poles, and billboards (the
box area in Figure 6). Meanwhile, filtering in the decoder presents
an effective ability to decrease the artifacts, particularly the objects
near the edge of the image.

4.7 Benefits of BA loss

Input ' b L A W
Model 1 mmlln
Model 2 mmllm

Figure 7: Comparison of depth maps with or without ¢,,.

It can be challenging to differentiate between artifacts and ac-
tual details in parts of the image with high frequencies, leading
to inaccuracies in reconstructing the image[50]. By utilizing £,
the network is prompted to prioritize high-frequency elements, en-
hancing the model’s ability to distinguish between genuine edges
and artifacts. Consequently, the depth map produced by our model
exhibits a more refined structure with reduced instances of detailed
artifacts.

Table 3 demonstrates that the incorporation of ¢, significantly
improves the performance from the quantitative results of Model 1
and Model 2. Meanwhile, Figure 7 displays the visualization results
of Model 1 and Model 2 for comparison. When the light changes
greatly in the image (the box area), the introduction of £,, can
capture more details for the prominence of detailed artifacts.

5 CONCLUSIONS

This paper proposes a lightweight self-supervised monocular depth
estimation method called LiteGfm to tackle the challenges that
are the preservation of detailed information and the artifact reduc-
tion of the predicted depth maps. In the proposed architecture, an
AAG module involving a GIF module with cross-detail masking
and a filter kernel generator is presented. The GIF module uses
the cross-detail masking filter to execute the input features of the
decoder, which preserves comprehensive detail information. Ad-
ditionally, a filter kernel generator is proposed to decompose the
Sobel operator along the vertical and horizontal axes for achiev-
ing cross-detail masking, which is devoted to decreasing the edge
artifacts. For minimizing detailed artifacts, a boundary-aware loss
between the reconstructed and input images is presented to pre-
serve high-frequency details. Extensive experiments on the Kitti
dataset demonstrate that LiteGfm effectively reduces the number
of parameters and achieves superior performance.

REFERENCES

[1] George R Cross and Anil K Jain. 1983. Markov Random Field Texture Models.
IEEE Transactions on Pattern Analysis and Machine Intelligence, (1), 25-39.

[2] David G Lowe. 1999. Object Recognition from Local Scale-invariant Features. In
Proceedings of the Seventh IEEE International Conference on Computer Vision, 2,
1150-1157.

[3] John D. Lafferty and Andrew McCallum and Fernando Pereira. 2001. Conditional
Rrandom Fields: Probabilistic Models for Segmenting and Labeling Sequence
Data. In International Conference on Machine Learning, 1, 3.

[4] Jure Zbontar and Yann LeCun. 2016. Stereo Matching by Training a Convolutional
Neural Network to Compare Image Patches. Journal of Machine Learning Research,
17 (65), 1-32.

[5] Ping Zhang, Jingwen Liu, Xiaoyang Wang, Tian Pu, Chun Fei, and Zhengkui Guo.
2020. Stereoscopic Video Saliency Detection based on Spatiotemporal Correlation
and Depth Confidence Optimization. Neurocomputing, 377, 256-268.

[6] Chao Liu, Jinwei Gu, Kihwan Kim, Srinivasa G Narasimhan, and Jan Kautz.
2019. Neural RGB—D Sensing: Depth and Uncertainty from a Video Camera. In

871
872
873
874
875
876
877
878
879
880
881
882
883
884
885
886
887
888
889
890
891
892
893
894
895
896
897
898
899
900
901
902
903
904
905
906
907
908
909
910
911
912
913
914
915
916
917
918
919
920
921
922
923
924
925
926
927
928



929
930
931
932
933
934
935
936
937
938
939
940
941
942
943
944
945
946
947
948
949
950
951
952
953
954
955
956
957
958
959
960
961
962
963
964
965
966
967
968
969
970
971
972
973
974
975
976
977
978
979
980
981
982
983
984
985

986

LiteGfm: A Lightweight Self-supervised Monocular Depth Estimation Framework for Artifacts Reduction via Guided Image Filtering

[7

[

8

=

=

[10]

(11

[12

[13]

[14

[15

[16]

(17

[18

=
o

[20]

[21

[22

[23]

[24]

[25

[26]

[27

[28

[29]

Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition.
10986-10995.

Tinghui Zhou, Matthew Brown, Noah Snavely, and David G.Lowe. 2017. Unsu-
pervised Learning of Depth and Ego-Motion from Video. 2017 IEEE Conference
on Computer Vision and Pattern Recognition Recognition. 6612-6619.

Kaiming He, Xiangyu Zhang, Shaoging Ren, and Jian Sun. 2016. Deep Resid-
ual Learning for limage Recognition. In Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition. 770-778.

Karen Simonyan and Andrew Zisserman. 2014. Very Deep Convolutional Net-
works for Large-scale Image Recognition. arXiv preprint arXiv:1409.1556.
Clément Godard, Oisin Mac Aodha, Michael Firman, and Gabriel ] Brostow. 2019.
Digging Into Self-Supervised Monocular Depth Estimation. In Proceedings of the
IEEE/CVF International Conference on Computer Vision. 3828-3838.

Xuepeng Shi, Georgi Dikov, Gerhard Reitmayr, Tae-Kyun Kim, and Mohsen
Ghafoorian. 2023. 3D Distillation: Improving Self-supervised Monocular Depth
Estimation on Reflective Surfaces. 2023 IEEE/CVF International Conference on
Computer Vision. 9099-9109.

Juan Luis Gonzalez Bello, Jacho Moon, and Munchurl Kim. 2023. Detail-
preserving Self-supervised Monocular Depth with Self-supervised Structural
Sharpening. 2023 IEEE/CVF Conference on Computer Vision and Pattern Recogni-
tion Workshops. 254-264.

Fisher Yu, Vladlen Koltun, and Thomas Funkhouser. 2017. Dilated Residual
Networks. In 2017 IEEE Conference on Computer Vision and Pattern Recognition.
636-644.

David Eigen and Rob Fergus. 2015. Predicting Depth, Surface Normals and
Semantic Labels with a Common Multi-scale Convolutional Architecture. In
Proceedings of the IEEE International Conference on Computer Vision. 2650-2658.
Joel Janai, Fatma Guney, Anurag Ranjan, Michael Black, and Andreas Geiger.
2018. Unsupervised Learning of Multi-Frame Optical Flow with Occlusions. In
Proceedings of the European Conference on Computer Vision. 690-706.

Zhichao Yin and Jianping Shi. 2018. GeoNet: Unsupervised Learning of Dense
Depth, Optical Flow and Camera Pose. In Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition. 1983-1992.

Vincent Casser, Soeren Pirk, Reza Mahjourian, and Anelia Angelova. 2019. Depth
Prediction Without the Sensors: Leveraging Structure for Unsupervised Learning
from Monocular Videos. In Proceedings of the AAAI Conference on Artificial
Intelligence, 33, 8001-8008.

Hyunyoung Jung, Eunhyeok Park, and Sungjoo Yoo. 2021. Fine-grained
Semantics-aware Representation Enhancement for Self-supervised Monocular
Depth Estimation. In Proceedings of the IEEE/CVF International Conference on
Computer Vision. 12642-12652.

Alessio Tonioni, Matteo Poggi, Stefano Mattoccia, and Luigi Di Stefano. 2019.
Unsupervised Domain Adaptation for Depth Prediction from Images. IEEE
Transactions on Pattern Analysis and Machine Intelligence, 42 (10), 2396-2409.
Zhi Li, Shaoshuai Shi, Bernt Schiele, and Dengxin Dai. 2023. Test-time Domain
Adaptation for Monocular Depth Estimation. In 2023 IEEE International Conference
on Robotics and Automation. 4873-4879.

Nan Yang, Lukas von Stumberg, Rui Wang, and Daniel Cremers. 2020. D3vo: Deep
Depth, Deep Pose and Deep Uncertainty for Monocular Visual Odometry. In
Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition.
1281-1292.

Matteo Poggi, Filippo Aleotti, Fabio Tosi, and Stefano Mattoccia. 2020. On the
Uncertainty of Self-Supervised Monocular Depth Estimation. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 3227-3237.
Xiaoyang Lyu, Liang Liu, Mengmeng Wang, Xin Kong, Lina Liu, Yong Liu, Xinxin
Chen, and Yi Yuan. Hr-Depth: High Resolution Self-Supervised Monocular Depth
Estimation. In Proceedings of the AAAI Conference on Artificial Intelligence, 35,
2294-2301.

Andrew Howard, Mark Sandler, Grace Chu, Liang-Chieh Chen, Bo Chen, Mingx-
ing Tan, Weijun Wang, Yukun Zhu, Ruoming Pang, Vijay Vasudevan, Quoc V. Le,
Hartwig Adam. 2019. Searching for mobilenetv3. In Proceedings of the IEEE/CVF
International Conference on Computer Vision. 1314-1324.

Albert Luginov and Ilya Makarov. 2023. Swiftdepth: An Efficient Hybrid CNN-
Transformer Model for Self-Supervised Monocular Depth Estimation on Mobile
Devices. In 2023 IEEE International Symposium on Mixed and Augmented Reality
Adjunct, (Dec. 2023), 642-647.

Alexey Dosovitskiy, Lucas Beyer, Alexander Kolesnikov, Dirk Weissenborn, Xi-
aohua Zhai, Thomas Unterthiner, Mostafa Dehghani, Matthias Minderer, Georg
Heigold, Sylvain Gelly, Jakob Uszkoreit, Neil Houlsby. 2020. An Image is Worth
16x16 Words: Transformers for Image Recognition at Scale. arXiv preprint
arXiv:2010.11929.

Wei Gao, Di Rao, Yang Yang, and Jie Chen. 2023. Edge Devices Friendly Self-
Supervised Monocular Depth Estimation via Knowledge Distillation. IEEE Robot-
ics and Automation Letters 8, 12 (2023), 8470-8477.

Sachin Mehta and Mohammad Rastegari. 2021. Mobilevit: Light-weight, General-
purpose, and Mobile-friendly Vision Transformer. arXiv preprint arXiv:2110.02178.
Hong Cai, Janarbek Matai, Shubhankar Borse, Yizhe Zhang, Amin Ansari, and
Fatih Porikli. 2021. X-Distill: Improving Self-Supervised Monocular Depth via

[30

(31

[32

@
&

(34

[35

[36

™
=

[38

[39

[40

[41]

[42]

[43

[44

[45]

[46

N
=

(48

[49]

[50]

ACM MM, 2024, Melbourne, Australia

Cross-Task Distillation. arXiv preprint arXiv: 2110.12516.

Zhongkai Zhou, Xinnan Fan, Pengfei Shi, and Yuanxue Xin. 2021. R-MSFM:
Recurrent Multi-Scale Feature Modulation for Monocular Depth Estimating. In
Proceedings of the IEEE/CVF International Conference on Computer Vision. 12777-
12786.

Ning Zhang, Francesco Nex, George Vosselman, and Norman Kerle. 2023. Lite-
Mono: A Lightweight CNN and Transformer Architecture for Self-Supervised
Monocular Depth Estimation. In Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition. 18537-18546.

Kaiming He, Jian Sun, and Xiaoou Tang. 2012. Guided Image Filtering. IEEE
Transactions on Pattern Analysis and Machine Intelligence, 35, 6 (2012), 1397-1409.
S. Zhang, H. Fu, Yuguang Yan, Yubing Zhang, Qingyao Wu, Ming Yang, Mingkui
Tan, and Yanwu Xu. 2019. Attention Guided Network for Retinal Image Segmen-
tation. In International Conference on Medical Image Computing and Computer-
Assisted Intervention. 797-805.

Huikai Wu, Shuai Zheng, Junge Zhang, and Kaiqi Huang. 2018. Fast End-to-End
Trainable Guided Filter. In Proceedings of IEEE/CVF Conference on Computer
Vision and Pattern Recognition, 1838—1847.

Yijun Li, Jia-Bin Huang, Narendra Ahuja, and Ming-Hsuan Yang. 2019. Joint
Image Filtering with Deep Convolutional Networks. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 41 (8),1909-1923.

Zhiwei Zhong, Xianming Liu, Junjun Jiang, Debin Zhao, and Xiangyang Ji. 2023.
Deep Attentional Guided Image Filtering. IEEE Transactions on Neural Networks
and Learning Systems, 1-15.

Yallamandaiah S. and Purnachand N. 2021. An Effective Face Recognition Method
Using Guided Image Filter and Convolutional Neural Network. Indonesian Journal
of Electrical Engineering and Computer Science, 23 (3), 1699.

Xiang Zhang, Wanqing Zhao, Wei Zhang, Jinye Peng, and Jianping Fan. 2022.
Guided Filter Network for Semantic Image Segmentation. IEEE Transactions on
Image Processing, 31, 2695-2709.

Yongyang Xu, Liang Wu, Zhong Xie, and Zhanlong Chen. 2018. Building Extrac-
tion in Very High Resolution Remote Sensing Imagery Using Deep Learning and
Guided Filters. Remote Sensing, 10 (1), 144.

Sumit Kr Yadav and Kishor Prabhakar Sarawadekar. 2020. Steering Kernel-
Based Guided Image Filter for Single Image Dehazing. 2020 IEEE REGION 10
CONFERENCE (TENCON). 444-449.

Zhou Wang, Alan Conrad Bovik, Hamid Rahim Sheikh, Eero P Simoncelli. 2004.
Image Quality Assessment: From Error Visibility to Structural Similarity. IEEE
Transactions on Image Processing, 13 (4), 600-612.

Hang Zhou, David Greenwood, and Sarah Taylor. 2021. Self-Supervised Monoc-
ular Depth Estimation with Internal Feature Fusion. arXiv preprint arXiv:
2110.09482. 2021.

Zhiwei Zhong, Xianming Liu, Junjun Jiang, Debin Zhao, and Xiangyang Ji. 2023.
Deep Attentional Guided Image Filtering. IEEE Transactions on Neural Networks
and Learning Systems. 1-15.

Andreas Geiger, Philip Lenz, Christoph Stiller, and Raquel Urtasun. 2013. Vision
Meets Robotics: The KITTI Dataset. The International Journal of Robotics Research,
32,1231 - 1237.

Chao Zhou, Hong Zhang, Xiaoyong Shen, and Jiaya Jia. 2017. Unsupervised
Learning of Stereo Matching. In Proceedings of the IEEE International Conference
on Computer Vision. 1567-1575.

Zhichao Yin and Jianping Shi. 2018. Geonet: Unsupervised Learning of Dense
Depth, Optical Flow and Camera Pose. In Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition. 1983-1992.

Chaoyang Wang, José Miguel Buenaposada, Rui Zhu, and Simon Lucey. 2018.
Learning Depth from Monocular Videos Using Direct Methods. In Proceedings of
the IEEE Conference on Computer Vision and Pattern Recognition. 2022-2030.
Chenxu Luo, Zhenheng Yang, Peng Wang, Yang Wang, Wei Xu, Ram Nevatia,
and Alan Yuille. 2019. Every Pixel Counts++: Joint Learning of Geometry and
Motion with 3D Holistic Understanding. IEEE Transactions on Pattern Analysis
and Machine Intelligence, 42 (10), 2624-2641.

David Eigen, Christian Puhrsch, and Rob Fergus. 2014. Depth Map Prediction
from a Single Image Using a Multi-Scale Deep Network. Advances in Neural
Information Processing Systems, 2, 2366-2374.

Jie Liang, Hui Zeng, and Lei Zhang. 2022. Details or Artifacts: A Locally Discrim-
inative Learning Approach to Realistic Image Super-Resolution. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 5657-5666.

987

988

989

990

991

992

993

994

995

996

997

998

999

1000
1001
1002
1003
1004
1005
1006
1007
1008
1009
1010
1011
1012
1013
1014
1015
1016
1017
1018
1019
1020
1021
1022
1023
1024
1025
1026
1027
1028
1029
1030
1031
1032
1033
1034
1035
1036
1037
1038
1039
1040
1041
1042
1043

1044



	Abstract
	1 Introduction
	2 Related Work
	2.1 Self-supervised Monocular Depth Estimation
	2.2 Guided Image Filter

	3 Methods
	3.1 The Proposed Framework: LiteGfm
	3.2 Guided Image Filtering
	3.3 Guided Image Filter Kernel Generator
	3.4 Self-supervised Learning

	4 Experiments
	4.1 Implementation Details
	4.2 Depth Estimation Results
	4.3 Complexity and Speed Evaluation.
	4.4 Ablation Experiments
	4.5 Visualization of the Different Guided Filter Kernels
	4.6 Benefits of Guided Object
	4.7 Benefits of BA loss

	5 Conclusions
	References

