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Abstract

Aiming at insufficient single-sensor perception and poor autonomous decision robustness of underwater robots in complex
environments (turbulence, light attenuation, acoustic interference), this paper proposes a multimodal fusion-based
environmental perception and decision system integrating vision, sonar, inertial measurement unit (IMU) and water quality
data. It constructs a Lie group calibration-factor graph optimization spatiotemporal alignment model to address
multi-sensor temporal drift and spatial registration errors, designs a graph attention network (GAT)-based semantic
association module for cross-modal structured fusion and key semantic region perception, and establishes a "strategic-
tactical-reflex" three-layer reinforcement learning decision architecture to balance global planning accuracy and local
response efficiency. Experiments on Select Dataset, UIED, Wanfang underwater decision test set, and verifications in indoor
controlled pools and natural lakes show that in typical complex scenarios (200 NTU turbidity, 0.5 m/s water flow), the
system achieves 92.3% target recognition accuracy (28.6% higher than single vision), 32.8 ms perception delay, over 90%
task completion rate, and 0.87 path efficiency. This significantly enhances underwater robots’ perception and decision
capabilities in complex environments, supporting marine resource exploration and underwater facility maintenance.

Keywords: Underwater Robot; Multimodal Fusion; Spatiotemporal Alignment; Graph Attention Network; Reinforcement
Learning

1. Introduction

The ocean covers 71% of the Earth’s surface, and marine resource exploration, ecological monitoring, and facility
maintenance hold great national strategic value. As core ocean exploration equipment, underwater robots are increasingly
demanded in offshore wind farm maintenance, submarine cable detection, offshore oil development, and marine landscape
surveys. However, complex underwater conditions (e.g., depth-dependent exponential light attenuation, sound propagation
delay, water flow disturbance) severely challenge perception and decision-making—single visual sensors fail in low
visibility, sonar has low resolution, and IMUs suffer from accumulated errors [?l Traditional underwater vehicles use
single-mode or simple data splicing, often causing target misidentification and path planning deviations, failing to meet
complex task demands 3. Multimodal fusion can overcome single-mode limitations by integrating heterogeneous sensor
advantages yet faces three issues: 1) multi-sensor spatiotemporal heterogeneity causes data misalignment, reducing fusion
accuracy; 2) cross-modal semantic gaps remain unaddressed, leading to information redundancy and semantic bias; 3)
decision-making mechanisms ignore underwater environmental dynamics, causing poor coordination between global
planning and local response . This paper integrates multimodal spatiotemporal alignment, semantic association modeling,
and hierarchical decision-making to build an integrated perception-decision system, validated on public datasets
(SelectDataset, UIED). It enhances underwater robots’ environmental adaptability and task reliability, offering technical
support for ocean exploration.

2. Multisensor Spatiotemporal Alignment Model

To address the spatiotemporal heterogeneity of multimodal data (visual, sonar, IMU), a three-level alignment framework
of "spatial calibration-time synchronization-joint optimization" is constructed.
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2.1 Lie Group Spatial Calibration
The rigid body transformation between sensors is repTeIanted usinﬁ the Lie group SE (3), described as:
t
T = * ™ eSE@®)
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where R,, € SO(3) is the rotation matrix and? ,, € R® is the translation vector. Based on the AX=XB hand-eye
model, assuming the relative motions of sensors A/B are 4,, Bi , the spatial relationship X satisfies 4, X = XB,. A

nonlinear least squares optimization objective is constructed:
min Y [log(4 XB'X") |p
x i i i 2
()

where log(-) is the logarithmic mapping from SE (3) to the Lie algebra se (3). The Ceres Solver is used for solving to

realize accurate modeling of sensor poses [13],
2.2 Adaptive Time Synchronization and Drift Compensation
Let the time offset between sensors A/B beOf and the drift term be €f (modeled as a first-order polynomial). The

sampling time satisfies #z; =1, +0t +¢& () . Dual-criteria optimization based on trajectory consistency and mutual
information (MI) is adopted:

1) Trajectory consistency: Minimize the IMU trajectory registration error, with the objective function:

min Y|P (¢)-P (¢ +80ff
St i A i B i 2

©)
where P,, P, are the position estimates of A/B.
2) Mutual information: Maximize the information entropy correlation between visual and sonar data:
maxs, MI(D,(t;), Dy (t +0t))
“4)

The EKF is used to dynamically estimate  Of and &¢ , achieving a time synchronization accuracy of +1 ms [/, To
address sensor drift caused by rapid temperature changes, the idea of convolution compensation is adopted: a temperature
response model is established using the lumped heat capacity method, and the temperature change time history is
incorporated into the error correction term, further reducing the thermal drift coefficient from 7.70 nm/°C to

1.64 nm/°C B,

2.3 Factor graph Joint Optimization

A factor graph model is constructed, with spatial transformation (7, ), time offset ( Of), and system trajectory
( X1,...,XN ) as state variables. The error factors include:

Visual reprojection error: Hu - II(KTX )H22 (where IT is the projection function and K is the camera intrinsic

parameter).

2
Sonar points cloud registration error: ” p—1; p'” , (wherep,p' are matching point pairs).

IMU pre-integration error: ”AX —Preint(/MU) "22 ;
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Iterative solving is performed using the Gauss-Newton algorithm to realize spatiotemporal collaborative optimization [,

3. Graph Attention Semantic Association Module

To address the cross-modal semantic gap, a three-level module of "feature extraction-semantic graph
construction-attention fusion" is constructed, which is an innovative implementation of feature-level fusion 4!

3.1 Multimodal Feature Extraction

Visual features: The ViT-Base model is used, with input being underwater images enhanced by WSUIE [12],

768-dimensional high-level semantic features are extracted ( f , € RNV 768 ), where N is the number of visual

vis

semantic units.

Sonar features: PointNet++ is used to process sonar point clouds, outputting 512-dimensional features

Nyis x512
( f:vonar €R - )

IMU features: An LSTM is used to process IMU sequences (acceleration, angular velocity), outputting 256-dimensional

. x2
motion features ( f,,, € RV 0y,

mu

All features are mapped to a unified 768-dimensional space (linear transformation W: RY > R™® s,

3.2 Cross-Modal Semantic Graph Construction

Semantic units (visual targets, sonar obstacles, IMU motion states) are used as nodes V= {MW.S,VS onar>Y imu } . The
edge weight is calculated based on cosine similarity:
i)
;= ) 2
||f,~||2HfA,-H2 5

For "visual-sonar matching targets" (e.g., reefs, fish schools) labeled in SelectDataset, the edge weight w_ij} =0.9 is
directly set to enhance the reliability of the semantic graph ['¥. Drawing on the design of cross-attention mechanisms,
visual features guide sonar features to focus on target details, alleviating the impact of visual degradation caused by bubble
scattering [+,

3.3 Graph Attention Fusion

Multi-head GAT is used to dynamically allocate attention weights:

x256
Node linear mapping: hl. = Wf, (WhereW c R768 ) :

Attention scoring: e = LeakyRe LU (aT|h ”h P (where @ € R°'2 s the attention vector).
i i j

Weight normalization:  a; = soft max (e;) ;
Feature aggregation: /, =G (Z .a ;) (where\sigma is the G activation).

By concatenating 8 attention heads, fused features are output ([, € R768) 1161 Compared with traditional

feature-level fusion methods, this module realizes dynamic weighting through semantic association modeling, making it
more adaptable to underwater modal heterogeneity [,

4. Hierarchical Reinforcement Learning Decision-Making Mechanism

A "strategic-tactical-reflex" three-layer architecture is constructed to realize coordination between global planning and
local response.
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4.1 Strategic Layer: Transformer Global Planner

Input: Fused features ( f,, ), underwater semantic maps from SelectDataset (including target positions and obstacle

distributions) 4],

Model: An Encoder-Decoder Transformer is used. The Encoder processes map topological features (node sequence
{Sl, t,s M} ), and the Decoder generates a path point sequence { Do P } (within 50 meters).

Loss function: Combining path accuracy and smoothness:

L — Z 0 expert 2 Z 2
strat ,»Hpi — D H2 +A ||pi - 2pi—l+pi—2 ”
i 2 (6)
l expert . . .
where  p. s the predicted path point, is the expert trajectory from Select Dataset ['*, and A =0.1 is the
p

smoothness coefficient ['?,
4.2 Tactical Layer: DDPG Real-Time Controller

Input: Robot state (position, velocity, heading angle), strategic layer local target points, obstacle distance.

Action space: Discretized direction angles ( £30°, £15°,00) and acceleration gears ( -1, 0, +1), with an output
frequency of 10 Hz.

Training mechanism:

Actor network: [1(s;0 * ) outputs action probabilities.

Critic network: Q(s, a;eQ ) evaluates action values.
Policy gradient: VouJ = E_p [VaQ(S, a)Veu (S)];

Reward function: 7,=—0 - Error, .. — P - RisK..jsion—Y - J€T K opror» Where o0 =0.5, =1.0,y =0.2  [6].
4.3 Reflex Layer: Preprogrammed Emergency Strategy Library

With a response time of <20 ms, it handles emergency situations:

Obstacle avoidance: If the obstacle distance d <d,,,,(d,

wes =1.9m1) and d<0 (distance decreasing), the maximum

braking force a, =—a is executed.

max
Equipment failure: If IMU data is abnormal, switch to visual-sonar joint positioning.

Strategies are implemented through the ROS?2 topic priority mechanism (reflex layer > tactical layer > strategic layer) [13],
effectively addressing practical challenges such as underwater communication delays .

Figure 1 shows the overall architecture of the proposed multimodal fusion-based perception and decision-making
system.
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Figure 1: Overall architecture of the underwater robot environmental perception and decision-making system based on multimodal
fusion.

5. Experimental Results and Analysis
5.1 Experimental Dataset and Platform

5.1.1 Dataset Sources

Select Dataset Underwater Multimodal Dataset (ID:930778b14be303d3db6c84804edb7a28) [141: Contains over 100,000
underwater images (resolution 1920x1080, turbidity 0~500 NTU), 200,000+ sonar point cloud frames (sampling frequency
10 Hz), and IMU data (100 Hz). Labeled targets include reefs (5,000+), fish schools (3,000+), and underwater pipelines
(1,000+).

UIED Underwater Image Enhancement Dataset ['?): Contains 5,000 degraded underwater images (low light, turbidity) and
corresponding enhancement labels, used for pre-training the visual module.

Wanfang Underwater Decision-Making Test Set (Y4039182) ['6l: Contains 200 underwater task scenarios (path planning,
target detection, emergency failure), providing expert evaluation indicators (task completion rate, path efficiency).

Compared with synthetic datasets such as Atlantis, the real datasets used in this paper better reflect practical underwater

light transmission characteristics such as bubble scattering, making the experimental results more engineering-relevant
[2.6]
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5.1.2 Experimental Platform

Hardware: Underwater robot platform (length 1.2 m, equipped with NVIDIA Jetson Xavier NX (21 TOPS computing
power), Hikvision underwater camera (1080P@30 FPS), BlueView multi-beam sonar (range 0~50 m), BMI088 IMU
(sampling rate 100 Hz)).

Software: ROS2 Humble, Gazebo 11 (underwater simulation plugin UUV Simulator), PyTorch 2.0 (model training),
YOLOVS (visual target detection) [3,

Figure 2 shows the physical diagram of the underwater robot experimental platform and the indoor test pool.
Figure 2: (a) Physical diagram of the underwater robot; (b) Indoor controlled test pool (§m*3mx1.5m).
Source: Self-built laboratory platform based on the research proposal [!! and sensor configuration 2.
5.2 Performance Metrics Definition
Perception metrics:

TP

Recognition Precision: Precision = —;
TP+ FP

Recall Gl
Recall Rate: =
eca ate eca TP+ FN

Perception Delay: Time from data collection to output of fused features.

Fusion metrics:

Precision,,,,, —max(Precisiong, )
Fusion Enhancement: Enhancement = Jusion L x100%
max(Precisiong, ,, )
FeatureSize;
Redundancy Suppression Rate: Redundancy =1— fusion 5 100% ;
FeatureSizeg, .

Decision Metrics:

Task Completion Rate: Proportion of scenarios where target detection/path planning is successfully completed.
Shortest Path Length
Path Efficiency: ~ Efficiency = ;
ActualPathLength

Energy Efficiency: Electrical energy consumed per task (Wh).
5.3 Result Analysis
5.3.1Perception Fusion Performance Verification

On the SelectDataset test set (turbidity 0~500 NTU), the perception performance of single modalities and the proposed
multimodal fusion method were compared, as shown in Table 1.

Table 1: Performance comparison of different perception schemes (average results)

Perception Scheme  Recognition Recall Rate (%)  Perception Delay  Fusion Enhancement Redundancy
Precision (%) (ms) (%) Suppression ~ Rate
(%)
Single Vision  63.7 58.2 452 - -
(YOLOVS)
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Single Sonar 76.9 72.5 68.3 - -
Vision + Sonar 82.1 78.9 52.5 6.7 235
(Simple Splicing)

Proposed 923 89.6 328 19.0 48.2
Multimodal Fusion

As shown in Table 1: 1) The proposed fusion scheme significantly outperforms single modalities in precision/recall.
Especially at high turbidity (500 NTU), the precision still reaches 85.7%, which is 34.7% higher than single vision. This
benefits from the modal complementarity of vision and sonar—when the received light intensity of vision decreases due
to increased bubbles [°!, sonar data can provide stable obstacle contour information; 2) The perception delay is reduced by
51.8% compared with single sonar, benefiting from the efficient computing of factor graph optimization and the
temperature drift compensation mechanism Bl; 3) The redundancy suppression rate reaches 48.2%, indicating that the graph

attention module effectively filters redundant information, conforming to the flexibility advantages of feature-level fusion
[4,14]

Compared with the mutual information calibration method at ICRA 2024, the proposed method achieves comparable
robustness without Monte Carlo sampling, making it more suitable for underwater edge computing scenarios .

Figure 3 shows the variation curve of recognition precision with turbidity for different perception schemes, intuitively
reflecting the anti-interference ability of the proposed method.

Figure 3: Variation of recognition precision with turbidity for different perception schemes.
Source: Experimental data visualization based on SelectDataset [l and indoor test results [,
5.3.2 Decision-Making Performance Verification

On the Wanfang decision-making test set (200 scenarios), the performance of traditional decision-making methods
(MCTS-QPSO ™, hybrid reasoning ") and the proposed hierarchical decision-making method were compared, as shown
in Table 2.

Table 2: Performance comparison of different decision-making schemes

Decision-Making Scheme  Task Completion Rate  Path Efficiency Energy Efficiency = Average Response
(%) (Wh/Task) Time (ms)

MCTS-QPSO [6] 78.5 0.72 15.6 89.3

Hybrid Context Reasoning ~ 82.0 0.76 14.2 102.5

(71

Proposed Hierarchical ~ 90.5 0.87 11.8 28.6

Decision

As shown in Table 2: 1) The proposed method achieves a task completion rate of over 90% and a path efficiency of 0.87,
close to the theoretically optimal path, benefiting from the accuracy of Transformer-based global planning, similar to the
coordinated use of terrain features and dynamic data in the CROSS-GAIT algorithm [*); 2) The energy efficiency is reduced
by 24.4% compared with MCTS-QPSO, because the DDPG tactical layer optimizes action smoothness; 3) The response
time is <30 ms, and the reflex layer’s emergency strategies effectively handle sudden obstacles (all 15 obstacle avoidance
cases in the test were successful), providing technical support for solving the bottleneck of underwater communication
real-time performance 716,

5.3.3 Field Test Verification

Field tests were conducted in the lake of Shaanxi University of Science and Technology (water depth 5~8 m, turbidity
150~200 NTU), with the task of "underwater pipeline detection and obstacle avoidance”: Each test was repeated 5 times
for reliability. The experiment compared our multimodal fusion system (vision + sonar + IMU + water quality sensor) with
three typical methods, with key results shown in Table 3.

Table 3 Performance Comparison of Different Systems in Field Tests
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System/Method Pipeline Detection  Obstacle Avoidance  Perception Delay Path Efficiency
Accuracy Success Rate

Our multimodal fusion 92.3% 91.7% 32.8 ms 0.87

system

Single vision sensor 63.7% Not reported Not reported Not reported

Single sonar system Not reported 72.3% Not reported Not reported

Traditional data splicing 77.9% Not reported Not reported Not reported

RRT algorithm (for path Not reported Not reported Not reported 0.62

planning)

Test results: Task completion rate 100%, pipeline recognition precision 91.2%, obstacle avoidance response time 21.3 ms,
path efficiency 0.85, consistent with simulation results.

Key findings: Under water flow disturbance (0.5 m/s), the fusion of IMU with vision/sonar controls the positioning error
within 0.3 m, verifying the robustness of the spatiotemporal alignment model in practical marine environments [:13],

5.3.4 Ablation Experiment (Module Effectiveness Verification)

To verify the necessity of each core module (spatiotemporal alignment model, graph attention semantic association
module, hierarchical decision-making mechanism) in the research proposal, ablation experiments were designed. In the
indoor scenario (turbidity 200 NTU, water flow 0.3 m/s), each module was removed sequentially, and the perception and
decision-making performance was tested, as shown in Table 4.

Table 4: Ablation experiment results of core modules (n=3, mean +* standard deviation)

Experimental Recognition  Precision  Perception Delay (ms) Path Efficiency Task Completion Rate
Configuration (%) (%)

Complete System  92.3+1.8 32.8+2.4 0.87+0.03 100.0+0.0

(Proposed)

Remove Spatiotemporal — 81.5+2.5 27.6%2.1 0.78+0.04 83.3+6.7

Alignment

Remove Graph Attention  85.7+2.3 29.3£2.2 0.81+0.03 90.0+£5.8

Module
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Removed  Hierarchical 88.2+2.1 30.5+2.3 0.75+0.04 86.7+4.7
Decision (PID)
Analysis:

After removing the spatiotemporal alignment module, the recognition precision decreased by 10.8 percentage points, and
the task completion rate dropped to 83.3%, because multimodal data had time drift and spatial misalignment (e.g., the
position deviation between visual and sonar targets reached 15 cm), leading to unreliable fused information.

After removing the graph attention module, the recognition precision decreased by 6.6 percentage points, because it was
unable to focus on key semantic regions (e.g., mistaking aquatic plants for reefs), and increasing information redundancy.

After removing the hierarchical decision-making module, the path efficiency dropped to 0.75 (unqualified), because PID
control could not cope with dynamic water flow disturbances, increasing path tracking errors.

The results prove that each core module in the research proposal is indispensable, jointly ensuring system performance.

6. Conclusion and Future Work

This paper constructs an underwater robot perception and decision-making system based on multimodal fusion. By
addressing spatiotemporal alignment, semantic association, and hierarchical decision-making, it solves the problems of
low perception precision and poor decision-making robustness in underwater environments. Experiments verified on
public datasets such as SelectDataset and UIED show that the system has high perception precision (92.3%), fast response
speed (32.8 ms), and high task completion rate (90.5%) in complex underwater environments.

Combined with the latest research progress, future research directions include: 1) Introducing the Atlantis synthetic data
generation method to expand the coverage of training data and alleviate the problem of underwater data scarcity [?I; 2)
Integrating the conformal inference framework to realize uncertainty quantification in the fusion process and improve
reliability in extreme environments *); 3) Combining with marine large models such as OceanGPT to enhance the system’s
ability to understand complex marine scenarios [/); 4) Expanding to multi-robot cluster collaborative perception to meet
large-scale task needs such as deep-sea resource exploration [,

This system provides core technical support for practical applications such as submarine pipeline detection and marine
ranch monitoring, promoting the transformation of underwater robots from laboratory research to industrial applications
and contributing to the implementation of the "deep-sea technology" national strategy [7],
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