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Abstract: In the recent developments, contrary to previous question-answering systems, VLMs
(Vision-Language Models) are capable to analyze the semantic meaning with visual interpretation
simutanously. Such semantic capabilities of the VLM has been exploited in the autonomous control
systems. Requirements of techniques for applications are challenging due to high versatility of the
scenes at marine environments. Compared to static scenarios, in ocean, the surface changes conti-
nuously due to waves effected by currents and winds. Therefore, the difficulty of localizations and
eliminations of noise from sensory data causes wrong decision makings for autonomous systems.
Controls based on those inaccurate estimates of the position and status of the maritine robots
converge to incorrect navigations. The commonly practiced procedures of the autonomous sytem
includes visual input, semantic analysis using VLM, decision inferences, and motor command
excutions. In this paper, to overcome challenges of the marine environments, improvement of auto-
nomous control performance by integrating perception and decision making procedures are develo-
ped. Therefore, the time delay and information loss have been decreased. The new structure has
shown enhancement on reactivity and reliability of the decision makings in maritime navigations. In
simulation, a comparative analysis was carried out based on ROS (Robot Operating System) and
Gazebo between a non-integrated model (with separate image interpretation and generation of the
commands) and the integrated one. The integrated system also had a faster response time and higher
decision reliability across trials. However, as the number of commands increased, consistency
decreased, resulting in a slight increase in the total driving distance. Nevertheless, the performance
was smoother and more robust than that of the conventional system overall. Important items for
future work are, for example, better stability behavior with frequent command updates and reduced
computational demands that guarantee that VLM-driven systems can be used for reliable real-time
navigation in challenging maritime environments.
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[Fig. 1] Gazebo simulation screen
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[Fig. 2] Communication architecture of the autonomous control
system: separated architecture (left) and integrated architecture

(right)
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[Table 1] Prompt used in the separated structure
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[Table 3] Prompt used in the integrated sturcture

gpt_description Node

gpt node Node

Identify all major objects. For each, provide:
- type: Must be either 'obstacle’ or 'rubber_duck
- color: dominant color
- angle: horizontal angle of the object's closest visible point
relative to image center. FOV is -42.5° (left) to +42.5° (right)
- distance (0-10): estimate based on **lowest visible pixel of the
object
Distance estimation guidelines:
- Bottom edge near engines (bottom of image): close (0-3)
- Bottom edge near top of image: far (7-10)

[Table 2] Prompt used in the separated structure

gpt bridge Node
1. Find the rubber duck. If not found, go to Step 4.
2. Identify all obstacles closer (lower 'distance' value) than the
duck. If such obstacles exist, treat as blocking.
3. If obstacles block the duck:
- If obstacle is left of center, command = 'right'
- If obstacle is right of center, command = 'left'
- If obstacle is centered and very close (distance < 3), randomly
pick left or right
4. If no blocking obstacles:
- duck angle > 0 — 'right'
- duck angle <0 —"left'
- duck angle = 0 — 'forward'
- duck's distance < 3 — 'stop'
5. Ifno duck present and all obstacles are far (distance > 5): initiate
target search by turning ('left' or 'right')
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Reason step-by-step:
1. Identify the yellow duck and any obstacles
2. Estimate distance using the lowest visible pixel of each object
(closer = lower).
Objects near the gray engines at the image bottom are very
close.
3. If the duck is visible and no closer obstacle blocks the path:
Move toward the duck’s direction: ‘left’, ‘right’, or *forward"
depending on its position in the image.
Avoid going “forward if the duck is far off-center (left/right
edge) — turn instead to keep it centered.
4. If the duck is not visible — "left" or 'forward' to search.
5. If a closer obstacle blocks the path — turn “left’ or ‘right’ to
avoid it.
6. If the duck appears very close (bottom edge of duck near
engine) — issue “stop’.
Ignore all Ul overlays, labels, or non-physical graphics.
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[Fig. 4] Trajectory visualization of the separated architecture
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[Fig. 5] Trajectory visualization of the integrated architecture
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[Table 4] Experimental Results

Category Separated Integrated
Pass 13 (26%) 22 (44%)
Fail 37 28
All 50 50
Time to Target (s) 133 180
Avg. Command Count 14.3 30.7
Avg. Response Time (s) 9.24 5.87
Response Time Variance 3.74 425
Response Time Std. Dev (s) 1.94 2.06
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