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Abstract—Visual trajectory estimation can endow autonomous
underwater vehicles (AUVs) with environmental perception ca-
pabilities and has broad application prospects in the fields such
as oceanographic surveys, underwater construction, and marine
ranching. However, due to featureless images and depth ambigu-
ity issues caused by underwater multiple mediums environments,
monocular visual trajectory estimation in complex underwater
environments remains a challenging problem. In this paper, we
propose a monocular visual trajectory estimation method for
AUVs, which can address the challenges of featureless and depth
ambiguity by leveraging deep image representations and multi-
view geometry. Specifically, we design a bidirectional optical
flow consistency scheme that selects sparse correspondences
from monocular dense predictions to deal with the featureless
images, and then achieve AUV trajectory estimation through
epipolar constraints. Furthermore, we propose an iterative depth-
consistent method, which solves the problem of depth ambigu-
ity by aligning geometrically triangulated depths to the scale-
consistent deep depths. We also develop a low-cost, agile, and
portable AUV picking system with real-time trajectory estimation
capabilities, and carry out extensive experiments in the Yellow
Sea to test its performance. The experimental results demonstrate
the effectiveness of the proposed method.

Index Terms—Trajectory estimation, localization, monocular
vision, underwater, AUV.

I. INTRODUCTION

IN recent years, autonomous underwater vehicles (AUVs)
are widely used for a variety of tasks, for instance, hydro-

graphic survey, ship maintenance, and object picking [1], [2].
For complex ocean scenarios, localization function of AUVs
is the foundation for accomplishing potential applications.
Trajectory estimation capability could significantly improve
the AUV autonomy while performing tasks in unknown sce-
narios [3], [4], [5]. The underwater positioning method based
on acoustic sensors such as sonar and Doppler velocity log,
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has the advantages of high positioning accuracy and strong
autonomy [6], [7]. However, this method requires expensive
acoustic sensors, which limit their widespread application in
civilian fields. The multi-node localization method based on
underwater acoustic sensor networks has advantages such as
wide detection range and strong adaptability [8]. However,
this method needs to go through a cumbersome installation
process before deployment and is not suitable for application
in unknown marine scenarios. Moreover, sensor nodes are sus-
ceptible to passive motion caused by ocean currents or tides,
resulting in deviation in the position of reference points, which
affects the localization accuracy [9]. There is an urgent need
for new trajectory estimation technologies that can support the
autonomous operations of underwater vehicles or robots.

Simultaneous localization and mapping (SLAM) refers to
the process of calculating the position and orientation of
a vehicle or robot, with respect to its surroundings, while
simultaneously mapping the environment. Visual SLAM has
been successfully applied in indoor robot localization, drone
localization, and self-driving vehicle localization [10], [11],
[12]. It has been demonstrated to significantly enhance the
intelligence and autonomy of robots [13], [14]. Compared with
existing underwater positioning methods, it has the advantages
of low cost, low energy consumption, and high resolution
[15], [16], [17]. Current mobile platforms mainly use sensors
such as depth cameras and multi-cameras to achieve visual
SLAM. Depth cameras rely on structured light or Time-of-
Flight principles to actively project light to measure the depth
of the environment, but it has strict requirements for the en-
vironment and can only be used in indoor scenes. Calibration
between multi-cameras is complex and consumes significant
computational resources, making it difficult to deploy on
small underwater embedded platforms with limited computing
resources. Considering the above factors, monocular systems
offer lower cost and power consumption and are easier to
deploy in underwater environments.

Although monocular visual SLAM has broad application
prospects in the field of AUV trajectory estimation, many prob-
lems still need to be solved urgently due to the complex un-
derwater environment. For example, underwater environments
exhibit phenomena such as featureless images, poor specificity
of descriptors, and interference from moving objects, which
pose challenges to the robustness of visual localization. The
camera carried by AUVs is usually placed in a waterproof
housing. When underwater cameras record images, light must
traverse multiple mediums including water, underwater camera
housing, lenses, camera sensor, etc., leading to alterations in
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the light’s propagation path due to light refraction. The two
most common types of radial distortion are pincushion distor-
tion and barrel distortion. In addition, during the installation
of underwater cameras, the lens and photosensitive plane were
not strictly parallel, resulting in tangential distortion, as shown
in Fig. 1. Distortion may cause changes in the position of
features in the image, making it more difficult to extract and
match underwater featureless images. Meanwhile, due to the
lack of depth information, geometry-based monocular vision
schemes often suffer from system drift issues, especially in
large-scale environments. Loop closure detection is usually
used to correct the error accumulation caused by system
drift. However, there are few loop closure scenarios in marine
ranching tasks, making it less suitable to correct system drift
through loop closure detection. The above issues will affect the
accuracy of underwater monocular visual trajectory estimation.
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Fig. 1. Illustration of underwater camera imaging deformation. Light must
traverse multiple mediums including water, underwater camera housing,
lenses, camera sensor etc., leading to alterations in the light’s propagation
path. The two most common types of radial distortion are pincushion distortion
and barrel distortion. Meanwhile, the camera sensor on the left side of the
figure cannot be strictly parallel to the vertical plane, resulting in tangential
distortion.

Deep neural networks have powerful capabilities in mining
featureless image information and predicting scene depth val-
ues [18], [19], [20]. However, the underwater labelled datasets
are limited, making it difficult to obtain reliable deep network
models through supervised training. Therefore, we address
the challenges in the field of underwater visual trajectory
estimation through unsupervised deep learning methods. In
this paper, we propose a depth-consistent monocular visual
trajectory estimation method for AUVs, which combines
self-supervised deep networks with multi-view geometry to
achieve continuous trajectory estimation in underwater multi-
ple medium environments. We have successfully implemented
the proposed network on the NVIDIA Jetson TX2 platform.
Experimental results show that the proposed method could
produce a small error of 0.44 m in complex underwater
scenarios and demonstrate a competitive performance. We
summarize our contributions as follows:

• We propose a monocular visual trajectory estimation
scheme, which integrates bidirectional optical flow con-
sistency and epipolar constraints strategy to solve the
trajectory estimation problem of AUVs in featureless
environments.

• We propose an iterative depth-consistent method, which
addresses the issue of depth ambiguity in the monocular
vision by aligning geometrically triangulated depths to
the scale-consistent deep depths.

• We develop a low-cost, agile, and portable underwater
autonomous picking system with real-time trajectory es-
timation capabilities, and carry out extensive underwater
experiments in the Yellow Sea to test its performance.

The paper is structured as follows. Section II gives a brief
introduction to some related works. Section III presents an
overview of the proposed depth-consistent monocular visual
trajectory estimation method for AUVs. In Section IV, we
elaborate the details of our proposed scheme. Section V
describes our experimental results in the fire pool and the
Yellow Sea. Finally, the conclusions and directions for future
work are summarized in Section VI.

II. RELATED WORKS

AUV localization is the foundation for completing tasks
such as marine resource exploration, aquaculture monitoring,
and multi-AUV collaborative operations. To adapt to harsh
underwater environments, most underwater localization algo-
rithms are based on acoustic sensors, such as sonar, Doppler
velocity log, long baseline, and ultra-short baseline [21], [22].
Dong et al. [23] proposed a sonar-inertial navigation system
with an adaptive grouping optimization framework, which
used the sonar-inertial constraint-based feature matching to
increase the accuracy of data association. Zhang et al. [24]
proposed a multiple model integrated navigation method for
AUV surface missions to maintain the high-frequency output
and robustness of the AUV navigation system. This scheme
can be applied to the localization task of small AUVs in
shallow-sea applications. The method of using acoustic sensors
to collect data can provide good localization results. However,
their high cost limits their widespread application.

In recent years, with the rapid development of underwa-
ter communication technologies, underwater acoustic sensing
networks have been emergent and are attracting the interest
of numerous industrial and academic researchers [25], [26],
[27]. More specifically, Wang et al. [28] proposed an efficient
localization scheme with velocity prediction, which solves
the problems of excessive energy consumption and large
localization errors caused by harsh underwater conditions like
node mobility and huge ranging errors. Su et al. [29] pro-
posed a mobile-beacon-based iterative localization mechanism,
which achieves node hierarchically positioning of large-scale
multihop underwater acoustic sensing networks with an aim at
increasing the percentage of localized nodes and reducing the
localization error in the network. In [30], the authors proposed
a cooperative location-aware network, which includes surface
buoys, AUVs, active sensor nodes and passive sensor nodes.
This scheme can integrate the current estimation into the
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localization of sensor nodes, which allows the co-design of
modeling and optimization. The above works have achieved
good results in localization. However, sensor nodes often have
passive motions caused by ocean currents, which could also
affect the accuracy of localization. In addition, the device
requires tedious installation and debugging before use and is
not suitable for application in unknown underwater scenarios.

Visual SLAM has attracted much attention due to its rich
information content, wide applicability, low cost, and many
other advantages [31], [32], [33]. Cui et al. [34] proposed a tai-
lored incremental structure from motion framework for multi-
camera systems, where the internal relative poses between
cameras can not only be calibrated automatically but also serve
as an additional constraint to improve the system robustness.
Ye et al. [35] proposed a covisibility-based matching strategy
that discovers covisible image pairs and iteratively extends
the feature matches from the potential registration images.
This method can process well-mixed data and unordered
images. Zhan et al. [19] proposed a new odometry network
called DF-VO, but the network does not apply for underwater
applications. In [36], the authors proposed an optimization-
based tightly coupled direct visual-inertial odometry, which
fuses the visual and inertial measurements to provide real-time
trajectory estimation. At the same time, the authors designed
an iterative selection strategy to reject outliers during the
data association and establish more visual constraints in the
optimization. Afterwards, Luo et al. [37] proposed the monoc-
ular visual-inertial trajectory estimation with point-line fusion
and backend adaptive optimization to improve the positioning
accuracy and robustness of unmanned aerial vehicle navigation
systems. The above works have shown good performance in
both terrestrial and aerial scenarios. However, the complex
and dynamic working environment renders these methods
unsuitable for direct application in underwater environments.

As the demand for underwater resource development
sharply rises, some scholars have begun to focus on the
research of underwater SLAM methods. Wang et al. [38]
solved the real-time dense 3D reconstruction problem for
a resource-constrained autonomous underwater vehicle. This
fully demonstrates the feasibility of using visual sensors to
achieve SLAM in underwater environments. Nevertheless,
there are still many problems that need to be solved urgently
in the research of underwater visual SLAM. Fan et al. [39]
proposed an approach named object level depth reconstruction
network taking only RGB images as input for category-level
6D object pose estimation. However, due to the scattering
properties of the water medium, RGB-D cameras are unable to
obtain effective depth information in underwater environments.

Different from other existing studies that employ costly
sonars, Doppler velocity log, or ultra-short baseline to ac-
quire measurement data, our proposed scheme, as described
in the following section, only includes a forward-looking
monocular camera to effectively achieve underwater trajectory
estimation. A key feature of our method is to achieve the
visual trajectory estimation for a miniature underwater vehicle
with a low-cost camera and limited computational resources.
Therefore, a depth-consistent monocular visual trajectory es-
timation method for AUVs is proposed. Since our scheme

is based on underwater vision, we would like to highlight
the main differences with other papers. For example, there
is no requirement for pre-prepared artificial markers, making
it better suited for unfamiliar underwater scenarios.

III. SYSTEM OVERVIEW

The architecture of the proposed depth-consistent monoc-
ular visual trajectory estimation method for AUVs is shown
in Fig. 2. In this paper, we propose to use an optical flow
network to match the corresponding feature pairs and a depth
network to estimate the depth. Once matching pairs and depths
are available, they are used to retrieve the pose via the epipolar
geometry method for 2D-2D matching. In the learning stage,
both optical flow and depth are used to construct the loss
function. Specifically, we first corrected the distorted images
caused by underwater multiple mediums environments and
then fed a pair of underwater images into both networks
simultaneously. Secondly, the optical flow network learns
to generate forward optical flow and backward optical flow
estimations. Due to interference from dynamic objects or oc-
clusion, numerous outliers may occur. To address this issue, we
propose a correspondence selection method based on bidirec-
tional consistency to select reliable optical flows. Then, we use
the epipolar geometry method for 2D-2D matching to estimate
the trajectory. Thirdly, the monocular depth estimation network
is based on the standard, fully convolutional, U-Net [40] to
predict depth. Our proposed iterative depth-consistent method
is able to solve the problem of depth ambiguity by aligning
geometrically triangulated depths to the scale-consistent deep
depths. The details of network architecture and its training will
be introduced in Section IV.

IV. MONOCULAR VISUAL TRAJECTORY ESTIMATION
METHOD FOR AUVS

This section introduces the proposed depth-consistent
monocular visual trajectory estimation method for AUVs. In
general, our method addresses the challenges of featureless
images and depth ambiguity by leveraging deep image repre-
sentations and multi-view geometry. The detailed framework
is shown in Fig. 2 and described in Algorithm 1. Table I shows
the main notations used in this paper.

TABLE I
NOTATION DEFINITIONS

Name Description

Ln
m The forward optical flow

Lm
n The backward optical flow

Lθ The bidirectional prediction consistency of Ln
m and Lm

n

Lρ The depth smoothness error of edge awareness

K The camera intrinsic matrix

E The Essential matrix

Lα The photometric loss

Lβ The depth smoothness loss

Lχ The depth consistency loss

Lsum The overall objective function
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Fig. 2. The outline of the proposed algorithm.

Algorithm 1: Underwater Visual Trajectory Estimation
Input: Image sequence after correction: {I1, I2, · · · , In}
Output: Trajectory estimation: {T1, T2, · · · , Tn}

1: Initialize T1 = I; i = 2
2: while i ≤ n do
3: Calculate the forward and backward flow consistency
4: Select the best 2D-2D matches through the consistency
5: if 2D-2D matches > threshold then
6: Compute E through (pm, pn) and solve [R, t]
7: Triangulate (pm, pn)
8: Estimate the scaling factor
9: Get T i

i−1

10: else
11: Form the 3D-2D correspondences
12: Solve [R, t] by the Perspective-n-Point method
13: Get T i

i−1

14: end if
15: Ti ← Ti−1T i

i−1

16: end while

A. Distortion Correction

Unlike on-the-ground working environments, the light must
traverse multiple different transparent mediums including wa-
ter, underwater camera housing, lenses, camera sensor, etc.,
leading to alterations in the light’s propagation path due to
light refraction. Correcting radial distortions requires consider-
ation of calibration methods for multiple mediums refraction,
ensuring geometric accuracy in captured images. Moreover,
the lens cannot be installed strictly parallel to the photo-

sensitive plane, resulting in tangential distortion. Therefore,
distortion correction is essential, otherwise, it will seriously
affect the accuracy of visual measurement.

We project the 3D point onto the normalized image plane
and set their normalized coordinates to [x, y]

T . For radial dis-
tortion, we use three parameters k1, k2, and k3 for correction.
For tangential distortion, we use two parameters p1 and p2
for correction. Therefore, we describe the coordinate changes
before and after distortion using the following formula:

xd=x(1+k1r
2+k2r

4+k3r
6)+2p1xy+p2(r

2+2x2)

yd=y(1+k1r
2+k2r

4+k3r
6)+p1(r

2+2y2)+2p2xy

r2=x2 + y2

, (1)

where [x, y]
T represents the coordinate of normalized plane

point, [xd, yd]
T represents the coordinate of distorted points,

r represents the distance between any point X on the plane and
the origin of the coordinate system, k1, k2, and k3 represent
radial distortion coefficient, p1 and p2 represent tangential dis-
tortion coefficient. In the underwater experimental scenario of
this paper, we calculated k1=-0.240329, k2=0.0552096, k3=0,
p1=-0.000150 and p2=-0.000205 through offline calibration
steps [41].

Between the pixel coordinate system and the imaging plane,
we define the pixel coordinates as scaled by a factor of sx on
the u-axis, by a factor of sy on the v-axis, and translated by
[cx, cy]

T from the origin. We project the corrected point onto
the pixel plane through the camera intrinsic matrix to obtain
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the correct position of the point on the image. The formula is
written as follows:  u = sxfxd + cx

v = syfyd + cy

, (2)

where [u, v]
T represents the pixel coordinates, f represents

the focal length.

B. Self-Supervised Optical Flow Estimation Network

The optical flow method is a scheme used to compute the
motion information of objects from monocular consecutive
images, which leverages the temporal changes of pixels in an
image sequence and the correlation between adjacent frames
to find the corresponding relationship between the previous
and current frames.

We define a pair of images (Im, In). In the optical flow
network, convolution is first used to generate pyramid features
that can extract information from different levels of the image.
Then, the optical flow field is inferred from the high-level fea-
tures Fm and Fn of the images Im and In, and the estimated
values of the optical flow field are gradually refined through
iteration. For any sub-pixel displacement ẋ, we interpolate F
to obtain F̃ and its formula is written as follows:

F̃(x) =
∑

xm
s ∈N(xs)

F(xms )(1−|xs−xm
s |)(1−|ys−yms |), (3)

where s represents the spatial resolution factor, xs = x +
ẋ = (xs, ys)

⊤ represents the source coordinates of the defined
sampling point in the input feature map F , N(xs) represents
the four adjacent pixels of xs. Since it is possible to compute
gradients efficiently, backpropagation of bilinear interpolation
is allowed during network training.

During the process of descriptor matching, the point cor-
respondences between images Im and In are established by
calculating the correlation of high-level feature vectors in
single pyramid features Fm and Fn. The formula can be
computed as follows:

c (x,d) = Fm(x) · Fn(x + d) /N, (4)

where c represents the matching cost between point x in Fm

and point x + d in Fn, d ∈ Z represents the displacement
vector of x, and N represents the length of the feature vector.
The total cost value C is constructed by aggregating all
matching costs c together.

In the descriptor matching unit M , the residual flow is
inferred by filtering the matching cost values C. To match
the spatial resolution of the pyramid features at the current
level, the previous level of ẋ needs to be upsampled in spatial
resolution (denoted by ”↑ s”) and amplitude (multiplied by
scalar s) to sẋ↑s. The calculation process of the optical flow
field ẋm is defined as follows:

ẋm = M
(
C(Fm, F̃n; d)

)︸ ︷︷ ︸
∆ẋm

+sẋ↑s. (5)

Since the cost capacity function in the descriptor matching
unit is aggregated by measuring the correlation pixel by pixel,
the optical flow estimation obtained from the previous infer-
ence ẋm can only achieve pixel-level accuracy. We refer in-
terested readers to [42] for more details. To prevent erroneous
optical flow from being amplified through upsampling and
propagated to the next pyramid level, the pixel-level optical
flow field ẋm is refined to sub-pixel accuracy. Specifically, we
project Fn to F̃n through the optical flow estimation ẋm.

The sub-pixel refinement unit S calculates the residual flow
∆ẋs to minimize the feature space distance between Fm and
F̃n, thus obtaining a more accurate optical flow field ẋs. The
formula can be computed as follows:

ẋs = S(Fm, F̃n, ẋm)︸ ︷︷ ︸
∆ẋs

+ẋm. (6)

The photometric error Lα calculates the pixel difference
between image Im and synthesised view Im

n warped from the
source image In. The formula can be written as:

Lα(Im, Im
n ) =

τ

2

(
1− SSIM(Im, Im

n )
)
+ (1− τ) |Im, Im

n |

Im
n = ω

(
In, pre(K,Dm,T n

m)
)
, (7)

where structural similarity (SSIM) is an indicator to measure
the structure between two images [43], [44]. We set τ =
0.85 to balance the SSIM error and colour intensity error of
underwater images. ω represents a projection function. pre is
the reprojection of pixel coordinates from the mth image to the
nth image. K represents the camera intrinsic. Dm represents
the predicted depth map of the mth image. T n

m represents
the relative pose between the two images. The reprojection
function pre for a pixel x from the mth image to the nth

image can be written as:

pre(K,Dm,T n
m) = KT n

mK−1xDm[x]. (8)

We define the forward optical flow as Ln
m, and the backward

optical flow as Lm
n . The optical flow network is trained by

minimizing the average loss function for each pixel in the
whole image. The loss function is written as follows:

L = min
n

Lα(Im, Im
n ) + σ Lρ(∥Ln

m∥2, Im)

+ µLθ

(∣∣∣−Ln
m − ω

(
Lm

n , pf (L
n
m)

)∣∣∣), (9)

where Im
n = ω

(
In, pf (L

n
m)

)
, Lρ represents the depth

smoothness error of edge awareness, Lθ represents the bidi-
rectional prediction consistency of forward optical flows and
backward optical flows, and pf represents the correspondence
between the mth and nth images established through the
optical flow field.

The estimation of trajectory using dense optical flow may
be affected by occlusion or dynamic objects, resulting in
numerous erroneous matches. The solution is to select high-
quality matching relationships from dense images randomly.
We leverage forward optical flow and backward optical flow
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to predict dense correspondences between 2D-2D images.
Optical flow describes the pixel motion variation, which rep-
resents the correspondence of all pixels in Im with In. The
optical flow consistency can be calculated using the following
formula:

C = −Ln
m − ω

(
Lm

n , pf (L
n
m)

)
. (10)

The warping process at pixel x can be represented as:

ω
(
Lm

n [x], pf (L
n
m[x]

)
= Lm

n

[
x+Ln

m[x]
]
, (11)

where [x] is the coordinate index value of the pixel, pf
represents the correspondence established between the mth

and nth images through the optical flow field.
The specific meaning of this equation is to predict the

corresponding position x + Ln
m[x] in image In for a certain

pixel point [x] in image Im based on the forward optical flow.
Subsequently, this predicted point is further projected to its
pixel position Lm

n [x+Ln
m[x]] in image Im using the backward

optical flow. After calculating the consistency C between the
forward and backward optical flow, the optimal N matches
are formed by selecting the estimated flow L̂ with the least
flow inconsistency.

After selecting a set of 2D-2D pixel correspondences (pm,
pn) from the image pair, we leverage epipolar geometry to
compute the F (Fundamental Matrix) or E (Essential Matrix).
Then, the AUV trajectory estimation [R, t] can be obtained
through the decomposition of F or E. The formula can be
written as:

pT
nK

−TEK−1pm = 0, (12)

where E = [t]×R, F = K−TEK−1, [t]× is the skew-
symmetric matrix, K is the camera intrinsic matrix.

C. Self-Supervised Monocular Depth Estimation Network

This section elaborates on how to use monocular colour
underwater images as input to predict a depth map in the
training of the depth prediction network. The trajectory es-
timated with optical flow and geometric constraints in Section
IV.B may suffer from depth ambiguity, which could result in
system drift problems. We adopt the self-supervised training
approach to jointly train the depth and pose by minimizing
the mean objective function value of each pixel in the whole
image. The monocular depth estimation network is based on
the general U-Net [40] architecture and is suitable for images
with low resolution in underwater scenes.

The self-supervised depth estimation network regards learn-
ing problems as one of the novel view synthesis methods. We
can extract interpretable depth from the model by constraining
the network with intermediate variables for image synthesis.
However, due to the relative orientation between these two
views, each pixel may have a significant amount of incorrect
depth. We formulate the problem as the minimization of
a photometric reprojection error during training, with the
photometric error calculated using Equ. (7).

When calculating the reprojection error of multi-source
images, a strategy employed by some self-supervised depth

estimation methods is to evenly distribute the reprojection
error among each source image. This may lead to an issue
where certain pixels are visible in the target image but not
visible in some of the source images. In such cases, when
the network predicts the correct depth for these pixels, the
corresponding colours in the occluded parts of the source im-
ages may mismatch the target, resulting in higher photometric
error. The main cause of this phenomenon is the influence of
underwater occluding objects or pixels outside the imaging
field caused by the motion of AUVs. To address the issues
above, instead of averaging the photometric error of all source
images, taking the minimum value can significantly reduce
artifacts at the image borders, improve the clarity of occlusion
boundaries, and enhance accuracy.

The regularization form of the edge-aware depth smoothness
term Lβ is represented as follows:

Lβ(Dm, Im) = |∂xDm|e−|∂xIm| + |∂yDm|e−|∂yIm|, (13)

where ∂x and ∂y represent gradients in horizontal and vertical
directions, respectively.

We define the inverse depth consistency error Lχ as follows:

Lχ(Dm,Dm
n ) =

∣∣∣ 1

Dm
− 1

Dm
n

∣∣∣. (14)

Finally, we combine the photometric loss, smoothness loss,
and depth consistency loss as Lsum, and jointly train the
network by minimizing the mean of the objective function.
The final training loss function is written as follows:

Lsum = min
n

Lα (Im, Im
n ) + δ Lβ (Dm, Im)

+ min
n

γ Lχ (Dm,Dm
n ), (15)

where Lα represents photometric loss, Lβ represents depth
smoothness loss, Lχ represents depth consistency loss, and
both δ and γ represent loss weightings.

Perspective-n-Point (PnP) is a method for solving the mo-
tion of 3D to 2D point pairs. After obtaining n 3D spatial
points and their corresponding projection positions, the trajec-
tory of AUVS can be estimated. For example, in two images,
if the 3D position of one feature point is known, only three-
point pairs are needed to estimate the AUV trajectory. When
obtaining the 3D-2D correspondences, let the projection of a
3D point (Xm) on the mth image to its corresponding point on
the nth image as (Xm,pn), and the PnP method can estimate
the AUV trajectory by minimizing the reprojection error. The
equation for solving it is as follows:

e =
∑
x

∥K(RXm[x] + t)− pn[x]∥2, (16)

where [x] is the coordinate index value of the pixel.

V. EXPERIMENTS AND ANALYSIS

To validate the performance of the proposed depth-
consistent monocular visual trajectory estimation for AUVs
in complex underwater environments, experimental tests were
conducted in both a fire pool and the Yellow Sea. In this
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section, we first introduce the training process of the optical
flow and monocular depth estimation network, followed by
specific implementation details. Finally, we provide a detailed
analysis of the results obtained under different experimental
conditions in underwater environments. The code can be found
in our project webpage1.

A. Experimental Setup

In the optical flow network, 3×3 filters are used in each
convolutional layer, except for the last layer of the descriptor
matching M . In the sub-pixel refinement section, 5×5 filters
are used. We trained the optical flow network using PyTorch,
leveraging the default parameters of the Adam optimizer.
The input and output resolution of the images were set to
640×192. We set the learning rate to 0.0001 and trained the
whole network for 30,000 epochs using the KITTI dataset. The
monocular depth estimation network was also trained using
PyTorch with the default parameters of the Adam optimizer.
The input and output resolution of the images was set to
640×192. The learning rate was set to 0.0001, and the whole
network was trained for 20,000 epochs using the KITTI
dataset. Both network models mentioned above were trained
using an NVIDIA GeForce RTX 2080 Ti graphics card.

We also collected underwater data close to the Zhangzi
Island in the Yellow Sea. The region maintains a natural
marine ecosystem rich in marine life, including sea cucumbers,
sea urchins, scallops, etc. After pre-training the model with the
KITTI dataset, the underwater dataset was fed into the optical
flow network and monocular depth estimation network in the
same manner for further learning. In addition, the brightness,
contrast, and saturation of the images were randomly varied
to simulate changes in underwater environments at different
times of the day. We trained the optical flow network 35,000
epochs and the monocular depth estimation network 25,000
epochs, ultimately obtaining a high-performance underwater
monocular visual trajectory estimator.

We tested the proposed method in unstable marine scenarios
to evaluate its performance. The depth-consistent monocular
visual trajectory estimation for the AUV system consists of
the following components:

• NVIDIA Jetson TX2,
• Forward-looking monocular global shutter camera,
• LED illumination,
• Autonomous picking systems,
• Rechargeable Lithium-ion battery (24VDC, 10Ah).
The custom-made sensor suite was designed for the target

application of achieving marine environmental visual trajec-
tory estimation and completing autonomous object picking
tasks. Extensive experiments were carried out in a fire pool
and the Yellow Sea. The size of the whole underwater ve-
hicle system is 886 × 622 × 758 mm3 in dimensions. It
consists of a forward-looking global shutter camera, a pair of
LEDs, a rechargeable Lithium-ion battery (Charging Voltage:
220VAC), etc. The AUV is driven by a Lithium-ion battery
and is equipped with four thrusters, including two plane

1 https://github.com/AlwinWang/AUV-Trajectory-Estimation

omnidirectional thrusters and two vertical thrusters, as shown
in Fig. 3.

Fig. 3. The picture of the underwater vehicle testbed that we used for the
experiment. It includes a forward-looking global shutter camera, a pair of
LEDs, etc.

The marine environment experiment is an arduous task, con-
strained by various conditions. We also conducted laboratory
experiments to evaluate the proposed scheme and facilitate
comparison with the ground truth. In the indoor experiment,
the size of the fire pool is 15×8×4 m3, We arranged some
scallops, sea urchins, sea cucumbers and observation devices
at the bottom of the pool. The water in this pool is not static
but flowing. Therefore, the influence of ocean currents in
the Yellow Sea can be simulated in this dynamic underwater
scenario.

B. Experimental Results

We set up various experimental scenarios, and all data were
collected by a custom-made AUV. The detailed results of the
different experiments are as follows:

In the complex environment of the pool, the 2D-2D match-
ing between adjacent frames of underwater images shows
good performance. It can effectively predict the depth map
and the consistency of forward and backward optical flow is
also satisfactory. Detailed experimental results are shown in
Fig. 4. The intermediate deep neural network outputs in Fig.
4 indicate that our proposed method effectively deals with
featureless images and predicts the image depth.

Apart from testing the proposed network in complex areas,
we also conducted tests in non-complex areas within the
pool. Detailed experimental results are shown in Fig. 5. There
are no larger targets as references in the environment, only
some smaller reference objects such as sea cucumbers and
sea urchins. In addition, the image has a phenomenon of
featureless images in this area. In this scenario, the 2D-2D
matching between adjacent frames of underwater images also
shows good performance. From the experimental results, it
can be seen that the depth prediction performance and optical
flow consistency in non-complex environments at the bottom
of the pool are not as good as those in complex environments.
Especially in the prediction results of forward and backward
optical flow, there is almost no significant difference through
the images.

To validate the performance of the proposed monocular
visual trajectory estimation system, we analyzed the com-
plexity of the proposed scheme by using NVIDIA Jetson
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(a) (b)

(c) (d) (e)

Fig. 4. Intermediate deep neural network outputs of underwater visual
trajectory estimation in the complex environment of the pool: (a) Current
and previous monocular underwater images with examples of auto-selected
2D-2D matches; (b) Monocular depth prediction; (c) Forward optical flow
prediction; (d) Backward optical flow prediction; (e) Forward-backward flow
consistency, red means high inconsistency, and blue means low inconsistency.

(a) (b)

(c) (d) (e)

Fig. 5. Intermediate deep neural network outputs of underwater visual
trajectory estimation in the uncomplicated environment of the pool: (a) Current
and previous monocular underwater images with examples of auto-selected
2D-2D matches; (b) Monocular depth prediction; (c) Forward optical flow
prediction; (d) Backward optical flow prediction; (e) Forward-backward flow
consistency, red means high inconsistency, and blue means low inconsistency.

TX2 in experimental scenarios. The evaluation considers the
average processing time, CPU and memory load, and Table
II summarizes the algorithm efficiency. We also analyzed the
Root Mean Square Error (RMSE) and Mean Absolute Error
(MAE). The RMSE of our system is 0.44 m and the MAE
is 0.51 m. Meanwhile, we compare our method with some
related underwater localization methods proposed by Zhao
et al. [17], Jung et al. [45], Burguera et al. [46], Lee et al.
[47] and Wang et al. [48], all of which are monocular vision-
based localization for AUVs. The comparison of localization
accuracy and average processing time is shown in Table III.
From the results, it is evident that the proposed method
exhibits a smaller RMSE compared to other works. Although
our average processing time is not the lowest, it remains
adequate to fulfil the operational tasks in underwater scenarios.
Fig. 6 shows the localization performance of the proposed
visual trajectory estimation. Due to our method only using a

monocular camera and not including a loop closure detection
module, it does not form a complete closed trajectory when the
AUV returns to its initial point. Fig. 7 illustrates the cumulative
distribution functions (CDFs) of the localization errors.

TABLE II
STATISTICS FOR ALGORITHM EFFICIENCY

Average Processing Time (ms)

CPU Usage (%) Memory Usage (%)Feature Trajectory

Detector Estimation

50 327 36 52

Note: CPU Usage is represented as a percentage of a single CPU
core on the given platform. Memory Usage is represented as a

percentage of the available RAM on the given platform.

In order to comprehensively evaluate the proposed method,
we have also carried out experiments in the Yellow Sea area.
In this complex marine environment, it is quite hard for
us to get the ground truth. We use the designed AUV to
intuitively evaluate the proposed visual trajectory estimation
by navigating around the visible rock piles or sea urchins.
Fig. 8 shows the results of the proposed network in the rock
pile environment of the Yellow Sea. From Fig. 8 (a), it can be
seen that the 2D-2D matching effect between adjacent frames
of underwater images is still good. Fig. 8 (c) and Fig. 8
(d) demonstrate effective forward and backward optical flow,
while the inconsistency between forward and backward optical
flow is also relatively low in Fig. 8 (e). Based on the above
results, both our proposed optical flow network and depth
prediction network can achieve good performance.

Apart from testing the proposed network in the rock pile
environment of the Yellow Sea, we also conducted tests in the
complex environment of the Yellow Sea. This environment
mainly contains rocks plies, sea urchins, and aquatic plants,
as shown in Fig. 9. From Fig. 9 (a), it can be seen that the
2D-2D matching effect between adjacent frames of underwater
images can also achieve good results. Especially in Fig.9 (b),
the colour in the upper right corner is mostly black, indicating
that the network predicts deeper depths in this area. This region
corresponds to a farther distance in the input image, suggesting
that the network can predict a correct depth map. Fig.9 (c)
and Fig.9 (d) also demonstrate effective forward and backward
optical flow. From Fig.9 (e), it can be seen that the optical flow
consistency of the network in the complex environment of the
Yellow Sea is not as good as in the rock pile environment, but
the inconsistency between forward and backward optical flow
is also relatively low. Fig. 10 shows the experimental scenario
and the trajectory generated by the proposed visual trajectory
estimation in the Yellow Sea area. The above experiments
indicate that the proposed depth-consistent monocular visual
trajectory estimation method for AUVs can also be applied to
complex marine environments.

C. The Picking Application of Visual Trajectory Estimation
In underwater scenarios, accurate trajectory estimation of

AUV provides the fundamental functionality for the au-
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TABLE III
COMPARISON OF LOCALIZATION ACCURACY AND AVERAGE PROCESSING TIME

Method Zhao et al. [17] Jung et al. [45] Burguera et al. [46] Lee et al. [47] Wang et al. [48] (Without IMU) Ours

RMSE (m) 0.94 0.67 0.83 0.52 0.57 0.44

Processing Time (ms) 372 - 233 - 305 327
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Fig. 6. Comparison of trajectory estimation results (blue) and ground truth (red). Different trajectories are shown in (a), (b) and (c). Best viewed in color.

0.0 0.4 0.8 1.2 1.6 2.0
Localization Error (m)

0.0

0.2

0.4

0.6

0.8

1.0

C
D

F

0.0 0.4 0.8 1.2 1.6 2.0
Localization Error (m)

0.0

0.2

0.4

0.6

0.8

1.0

C
D

F

0.0 0.4 0.8 1.2 1.6 2.0
Localization Error (m)

0.0

0.2

0.4

0.6

0.8

1.0

C
D

F

(a) (b) (c)

Fig. 7. CDF of localization errors. The localization errors corresponding to different trajectories in Fig. (6) are shown in (a), (b) and (c).

tonomous picking system. To complete autonomous object
picking tasks in marine ranching, we have developed a low-
cost, agile, and portable underwater autonomous picking sys-
tem and carried out underwater experiments in the Yellow
Sea, where the seafloor mainly contains a large number of
rocks, scallops, sea urchins and sea cucumbers. We leverage
the YOLOv5 model to perform real-time detection of marine
objects, and the detection results are shown in Fig. 11. The
blue rectangle at the bottom of the image represents the defined
range area. When a detected object is within this set area,
an autonomous picking operation is performed. The complete
object picking steps are shown in Fig. 12. The experimental
results show that the autonomous picking success rate is 80%,
and the average time for the system to complete a cycle of
picking tasks is about 26 s.

D. Influence of different experimental conditions on results

In order to compare the influence of different conditions
on the experimental results, we tested the proposed system at
different environments. In complex underwater environments,
significant variations in lighting conditions can pose challenges

for underwater visual trajectory estimation. Specifically, during
experiments in the fire pool experiments, different environ-
mental conditions led to variations in the trajectory estimation
accuracy. When the natural light is sufficient, the average
accuracy of trajectory estimation is 0.44 m. When the natural
light is insufficient, it is necessary to use auxiliary LED
illumination to supplement the brightness and provide suffi-
cient illumination for target identification and visual trajectory
estimation. However, using LED illumination can create some
reflective areas in underwater environments, as shown in Fig.
5 (a). These areas show a brighter effect, with some pixels ex-
hibiting particularly bright and shaded areas. The assumption
that the grayscale remains unchanged is easily unfounded in
such complex environments. This phenomenon may affect the
output results of optical flow estimation and depth prediction,
leading to lower accuracy of underwater visual trajectory
estimation. In low light conditions, the trajectory estimation
accuracy is 0.79 m. Sometimes, after a sudden right-angle
turn, the camera is prone to fail to track the feature points,
resulting in AUV trajectory estimation failure.

In addition, through many experiments, we found that
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(a) (b)

(c) (d) (e)

Fig. 8. Intermediate deep neural network outputs of underwater visual trajec-
tory estimation in the rock pile environment of the Yellow Sea: (a) Current
and previous monocular underwater images with examples of auto-selected
2D-2D matches; (b) Monocular depth prediction; (c) Forward optical flow
prediction; (d) Backward optical flow prediction; (e) Forward-backward flow
consistency, red means high inconsistency, and blue means low inconsistency.

(a) (b)

(c) (d) (e)

Fig. 9. Intermediate deep neural network outputs of underwater visual tra-
jectory estimation in the complex environment of the Yellow Sea: (a) Current
and previous monocular underwater images with examples of auto-selected
2D-2D matches; (b) Monocular depth prediction; (c) Forward optical flow
prediction; (d) Backward optical flow prediction; (e) Forward-backward flow
consistency, red means high inconsistency, and blue means low inconsistency.

the optical flow network also has high requirements for the
navigation speed of AUVs. Optical flow is the pattern of
apparent motion of objects, surfaces, and edges in a visual
scene caused by the relative motion between an observer and
a scene. If the camera carried by the AUV suddenly moves
too fast, the optical flow estimation may fail, thereby affecting
the accuracy of the visual trajectory estimation. Therefore, it
is necessary to pay attention to the navigation speed of AUVs
to ensure the accuracy of visual trajectory estimation.

VI. CONCLUSION

In this paper, to solve the featureless images and depth
ambiguity problems caused by underwater multiple mediums
environments, we proposed a depth-consistent monocular vi-
sual trajectory estimation for AUVs. It is a novel underwater
monocular visual trajectory estimation scheme through self-
supervised learning. Specifically, we integrate bidirectional

(a) (b)

Fig. 10. Experimental results of AUV monocular visual trajectory estimation
in the Yellow Sea area. (a) The experimental scenario. (b) Trajectory estimated
by monocular vision.

Fig. 11. The detection results of marine object. We set a range area with a
blue rectangle at the bottom of the image. When a detected object is within
this set area, an automatic picking operation is performed.

optical flow consistency and epipolar constraints strategy to
address the trajectory estimation issue of AUVs in featureless
scenarios. Then, we solve the depth ambiguity problem in
the monocular vision by aligning geometrically triangulated
depths to the scale-consistent deep depths. In addition, we
develop a low-cost, agile, and portable underwater autonomous
picking system with real-time trajectory estimation capabili-
ties, and carry out extensive maritime scenarios experiments
to test its performance. Experimental results show that the
proposed method can implement the localization task with
an accuracy of 0.44 m, and the average processing time of
trajectory estimation is 327 ms. In particular, our proposed
trajectory estimation method provides an effective localization
solution for underwater autonomous picking tasks.

In future work, we will focus on the theoretical analysis of
the proposed algorithm. It should be noted that there is still
a lot of work to be done for underwater autonomous picking
tasks. For instance, how to improve the accuracy of visual
trajectory estimation in challenging unstable marine scenarios?
How to improve the stability and picking efficiency of AUVs?
We will try to address these challenges in our future research.
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