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I. Simulation Environment  
The setup of simulation environment is described as below figure.  There are two operating system 

environment which are windows and ubuntu. Windows is the main operating system for running 

Unity. Main characteristics of vessel are constructed in unity scripts. Linear velocity, angular velocity, 

odometry position, GPS position and lidar data are generated in this environment. And Unity 

environment receives linear and angular forces to control the vessel. On top of the windows host 

operating system, Ubuntu is installed with virtual machine. ROS is installed in ubuntu because ROS is 

developed based on Linux so, it is most stable in Linux operating system.  

 The raw data generated from unity is sent to ubuntu OS through GRPC. the received data is 

constructed into ROS message type to be utilised in ROS communication. In term of ROS topic list, 

PoseStamped, TwistStamped, PointCloud2 represent the position, velocities, and lidar data, 

respectively. GPS position is transferred into ROS parameter as 

/scenario_instance/local_origin_latitude & …_longitude.  

 Main control of vessel is carried out on ROS in Unbuntu OS. The concept of communication inside 

ROS can be simply described as ‘Publish’ and ‘Subscribe’. Nodes publish or subscribe topics which 

contain the information. And each topic has their own message type defined by ROS system.  

     

II. Model definition 
A vessel model basically follows three degrees of freedom. it is, however, assumed that the weather is 

culm, so there is not any pitch and yaw during the scenarios. Vessel is controlled by three foreces and 

momentum, which are forward, backward and momentum by z-axis. Four cameras and one lidar are 

equipped. Each camara look forward, backward, port side and starboard side. Lidar is located at the 

same position of cameras. More details of vessel coordinate systems are described as below.   

 



 

a. Coordinate system 

Each joint in a robot has its own coordinate system. when a robot wants to grab something, coordinate 

system on robot arm moves and rotates.[1] Position based on robot center frame need to be converted 

into robot arm’s frame.   

 

Position received from Unity represent that of vessel center (base_link). the lidar data received, 

however, is based on the lidar equipment. In 

order to make precise navigation map, The error between these two coordinate systems is corrected.  

 

 

    
Figure 1. Vessel model with coordinate systems (base_link, navigation, base_scan) in ROS RVIZ, and Unity 

Another purpose of coordinate system transform is navigation. In order to navigate, robot should 

recognise where he is. An absolute reference frame and local body fixed frame are required to figure 

out position and rotation, which are represented as 𝑃! = |𝑥", 𝑦!, 𝑧!, 𝑤|#,	𝑃$ =

|𝑥$, 𝑦$, 𝑧$, 𝑤|# ,respectively. Point 𝑃 is arbitrary point of a rigid body. The homogenous coordinates 𝑤 

is zero for vector transformation and is one for points transformation. And body-fixed reference frame 

is described by homogenous transformation.  

 

𝑃! = 𝑀!,$𝑃$ 

 

Where transformation matrix is described as, 
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Where 𝑅!,$ is 3 x 3 orthogonal rotation matrix, 𝑡!,$ is the position of the origin of body-fixed 

reference frame in absolute reference frame. [1] This information is delivered by message type 



‘Odometry’ in ROS. Fortunately, the vessel position is defined by fixed frame as ‘Fosenkaia_NED’ in 

Unity. So, this position is directly used to indicate current position of model in global frame.  

  
Figure 2. Coordinates transformation

 

b. Control structure 

ROS support many toolboxes which is very useful to understand and demonstrate robot 

communication status. RQT is one of the toolboxes which show current communication status, signal 

value, transform of coordinate systems etc. Node is usually represented by the shape of ‘/xxx’ and 

communicate with other node by messages. Below RQT graph shows the communication line 

between nodes.   

 

 ‘robot_state_publisher’ is constructed to generate information of vessel coordinate systems and their 

joints. The vessel has base link as ‘base_link’ and, link ‘navigatin’, ‘base_scan’ is joint with it. Lidar 

is equipped in ‘base_scan’ frame. This node publish message type ‘transform’ as well. 

 ‘ros_adapter’ is a node which publish the position, velocity of model and lidar information.  

Position of vessel is published by the message type ‘geometry_msgs/PoseStamped’. Which deliver the 

vessel position as  x,y,z and orientation as x,y,z, w by homogenous coordinate. In the case of velocity, 

it is delivered by ‘geometry_msgs/TwistStamped’, which is demonstrated by linear velocity and 

angular velocity in each axis.  

Lidar information is delivered by the message type of ‘PointCloud2’. ‘PointCloud2’ type message is 

transformed to ‘LaserScan’ type message in order to be utilised in the navigation package.  

‘navigation’ publishes the required vessel velocity to get to the garget point based on DWA (Dynamic 

Window Approach) algorithm.  And in order to reach the velocity, forces and moments are published 

through ‘ros_clients’ node.  

‘ros_clients’ subscribe the forces and moments commaned from navigation node in order to move the 

vessel. Required forces and moments are continuously controlled by PID controller.  

 



 

c. NAVIGATION 
 

1) Development environment 
Main Navigation system is based on open packages. Navigation, Pointcloud_to_laserscan, Yolov4-

for-darknet_ros, gmapping are utilised to develop navigation system.  

Navigation package is an open package which enable robots to navigate autonomously. Basically, 

Dijkstra and Dynamic window approach (DWA) is utilised in global and local path planning, 

respectively. Detailed description about both algorithm is followed below. Gmapping package 

generate a map of where robot is going to navigate globally while local map is updated by lidar data 

in real-time.   

ROS receives lidar messages from Unity with the form of ‘sensor_msgs/PointCloud2’. So, it should 

be converted into ‘sensor_msgs/LaserScan’ in order to utilised in gmapping and navigation packages. 

Yolov4-for-darknet_ros package provides an ability to detect objects in real-time. Yolov4 is trained 

by our own data set and the weights are derived from there. original darknet provided the source 

where the father of YOLO service the YOLO model in open-source by darknet. [2]   

 

 

 

 

2) Local path planning  
 

VO (VELOCITY OBSTACLE) 

 In previous work, VO (Velocity Obstacle) had been considered and tested as a local planning 

algorithm. VO is a simple and reliable collision avoidance method which has been developed 

constantly as RVO [3] and HRVO. [4]

Main idea of collision avoidance by VO is that VO is the area of all velocities which can result in 

collision with an obstacle, [5] therefore, if robot choose the outside of VO area, robot is free from 

collisions. However, there are limitations to implement it in our model.  

The condition of applying VO is that the velocity and position of both two obstacles should be 

calculated. And this is usually given by Radar. Radar is, however, not equipped in the model, which 

means that the model has no ability to measure velocity of moving obstacles. So, local planning 

algorithms should be independent with external parameters.    

 

DWA (Dynamic Window Approach) 
 



DWA (Dynamic Window Approach) is well known method which widely applied in robot navigation. 

In order to apply DWA, it requires a robot velocity and a distance from obstacle, while VO is carried 

out by both velocities. Robot applied by DWA algorithm optimise a local route by maximising the 

objective function.  

 

𝐺(𝑣, 𝜔) = 𝜎(𝛼 ∙ ℎ𝑒𝑎𝑑𝑖𝑛𝑔(𝑣, 𝜔) + 𝛽 ∙ 𝑑𝑖𝑠𝑡(𝑣, 𝜔) + 𝛾 ∙ 𝑣𝑒𝑙(𝑣, 𝜔)) 

Equation 1. DWA Objective equation 

Where, heading is a standard to determine the progress and it is maximised if the robot head for the 

target directly. dist is the distance between robot and closest obstacles on the trajectory. Small 

distance means that the robot is more likely to collide with obstacle. So, robot take a roundabout way. 

vel is the forward velocity to get to the goal faster. 𝜎 is the function that can be controlled by users in 

order to change the rate of the weighted sum. [6] In the moving obstacle collision avoidance point of 

view, Difference between VO and DWA is that VO eliminate risk of collision by selecting velocity 

which guarantee a free from collision. On the other hand, DWA minimize the collision risk by 

maximising the distance from obstacles. so, DWA algorithm is more practical due to the direct 

implementing of parameter from LIDAR which measure the distance from obstacles.  

 

 

 

 

3) MAPPING 
 

In order to achieve autonomous navigation, it is essential to know map of navigation area.  

Through the map, Robot know where it is now, and then this can plan its next path. In the case of 

vessel, it was provided by physical map. Officers confirm vessel’s position in the map by latitude and 

longitude. Nowadays, ECDIS (Electronic Chart Display and Information System) is available in 

majority of vessels, and it is available to use this electronic map for autonomous navigation. In our 

model, gmapping package is utilised in order to make a global map. 

 

 
4) 1.2 OBJECT DETECTION 

 

Different with object classification, Object detection is the way to specify the place and name of 

multiple objects within an image. In autonomous navigation, recognising the object is essential to 

navigate. When it is required to navigate following specific route because of draft, navigation should 

care the position of buoys. When vessel face a dynamic object during navigating, vessel act different 

ways in accordance with whether the objects are vessels or not. if the dynamic object is a vessel, 



autonomous vessel should avoid collision according to the COLREGs. The cameras equipped in the 

vessel take a video and send a picture every second. In order to perform real-time decision, image 

recognition should be fast and accurate. And there are predominant and practical models introduced in 

research area. RCNN (Region based Convolutional Neural Network) and YOLO (You Only Look 

Once) are the one. 

 RCNN is a model proposed by Ross Girshick which can recognize the multiple objects in an image. 

Main idea is that many region proposals are generated up to 2000, and each one pass the CNN. And 

then these are classified by using class-specific linear SVMs (Support Vector Machine).[7] this has 

been developed as fast-RCNN[8], Faster-RCNN[9] and Mask RCNN.[10] the computing speed which 

is a one of the main drawbacks has been improved by changing the structure of model. Full image 

passes the CNN and then extract the fixed-length feature vector from feature map by a region of 

interest (RoI) while initial RCNN pass each object proposal pass the CNN. This reduces the time cost 

significantly. Faster RCNN are even more improved by changing the module of region proposal from 

selective-search base to RPN (Region Proposal Network), which enable the model into one end-to-

end structure.   

 

 YOLO (You Only Looks Once) is introduced by Joseph Redmon in university of Washington. 

Different with RCNN, YOLO is constructed with a single neural network to predict bounding box and 

class probabilities, which is inspired by the GoogLeNet model for image classification. [11] Thanks to 

the simple structure, it is much faster than R-CNN. There are other advantages compared with R-

CNN. YOLO see the entire image while RCNN reasons locally. So, it has a smaller number of 

background error.  

 In our model, YOLO version four is applied in order to detect makers. speed is the main reason to 

choose the model. YOLO shows highest real-time performance in models [11] and shows dominant 

value in FPS (Frame Per Seconds). In real-time sensing, YOLO is most appropriate model because 

navigate decision should be carried out every seconds. RCNN has been developed but still 

demonstrate insufficient performance to use as a real-time model. [11]   

 

 

 

Collecting and pre-processing images  

Images for training are collected in unity environment. Lots of markers were placed in arbitrary 

positions. And Images are saved in every five seconds automatically. RGB values coming from ROS 

message are saved in specific folder. The script used for saving images is attached in appendix. 

LabelImg is used in order to carry out labelling with bounding box. Each labeled file with .txt 

extension consists of 5 components; class, x position, y position, width, height.  

 



         

 
Figure 3. LabelImg program for labelling and labeled text file (representing class, x position, y position, width, height) 

 

Training  

The model is trained by a computer equipped with INTEL i9 - 10980XE 3.00GHz x 36, NVIDIA 

GeFroce RTX 3090 and 32 GB RAM. NVIDIA Driver version is 470.57.02. CUDA 11.4 and cuDNN 

v8.2.2.26 are installed in order to utilised GPU in training. Total 2,972 images are prepared to train 

the model. the numbers of train and validation data set are 2,522 images (85%) and 450 images 

(15%), respectively.  In order to get precise model, different hyperparameters are tested. The 

performances of models are compared by AP (Average Precision) with RP graph (Recall-Precision). 

mAP (mean Average Precision) is compared as well.   

  

Performance 

Among various YOLO models, YOLO v4 and YOLO v4 tiny models are trained and tested. Different 

learning rate, batch size with subdivision and resolution are tested. In the case of batch-size and 

subdivision, the value is restricted by the capacify of GPU. In our cases, GPU has 32 GB and it allow 



to allocate maximum 64 batch size with 8 subdivisions when applying 640 x 320 resolution. if bigger 

batch size or higher resolution is implemented, warning ‘CUDA out of memory’ happen.  

 

 

 

There is a trade-off between precision and processing speed. YOLO-tiny is the model which reduce 

the number of convolutional layers to increase processing speed. It handles images with 155 fps 

which is three times faster than that of YOLO.[11] However, because of thinner convolutional layers, 

it generally shows less precision compared with YOLO v4. Below Table1 represents performances by 

various hyperparameters. 

 
Model Learning 

rate 

Batch-size / 

Subdivision 

Resolution 

(Width x Height) 

mAP 

(%) 

Average 

IoU (%) 

F1-

score 

Total 

detection time 

(sec) 

Model1 0.0013 64 / 8 320 x 160 91.90 66.12 0.85 3 

Model2 0.0013 64 / 8 640 x 320 94.87 70.89 0.89 5 

Model3 0.0013 64 / 16 640 x 384 93.19 71.3 0.89 5 

Model4 0.0013 64 / 16 640 x 352 94.28 70.63 0.88 5 

Model5 0.00261 64 / 8 640 x 352 94.57 72.39 0.89 4 

Table 1. Performances of YOLOv4 by Hyperparameter  

 
 

Model Learning 

rate 

Batch-size / 

Subdivision 

Resolution 

(Width x Height) 

mAP 

(%) 

Average 

IoU (%) 

F1-

score 

Total 

detection time 

(sec) 

Model6  0.0013 64 / 8 640 x 352 55.08 69.63 0.57 2 

Model7  0.00261 64 / 8 320 x 160 9.71 64.53 0.13 1 

Model8 0.00261 64 / 8 640 x 352 56.61 72.37 0.59 2 

Model9 0.00261 128 / 8 640 x 352 55.16 72.05 0.60 2 

Table 2. Performances of YOLOv4-tiny by Hyperparameter 

Compared with model 1 and 2, it is clear that the model which has higher resolution represents higher 

performances in every measurement. Because the model has less loss with respect to data features. 

YOLOv4 model2 made up 94.87% mAP and 0.89 F1-score, which is predominant performance to 

detect objects. Total training times are around 8 hours in our environment while YOLOv4-tiny models 

take around 2 hours.  

As can be seen, YOLOv4 -tiny represent relatively low mAP compared with all other YOLOv4 

models. mAP of YOLOv4-tiny model with biggest batch size (128) and 640 x 352 resolution 

represents only 55.16 percentages. On the other hand, total detection time of YOLOv4-tiny shows 2 



seconds which is the half that of YOLOv4. Detailed training performances are attached in appendix A 

and B. 

 

 
Figure 4. testing by unseen picture (redlateral: confidence) , YOLOv4 

 
 
 
 
 
 
 

5) Control algorithm  
 
The overall control can be simply divided by three modules. One is navigation module, other is object 
detection module, and the other is PID control module. Navigation module defines a global route by 
Dijkstra algorithm while local cost map changes the local route when facing unexpected obstacles. 
unexpected obstacles mean the obstacles which are not exist during making the global map. So, 
avoiding any static obstacles or dynamic obstacles is carried out by DWA algorithm.  
 
Algorithm 1 path generation for global route and local route 
1: Take input [x,y,heading] as a position of final destination 
2: Generate path by Dijksta algorithm 
3: while unexpected obstacle is detected do 
4:     changed the path by DWA algorithm 

 
5:     if makrer is detected then 
6:         if marekr = pointed pole marekr then 
7:            reduce the maximum speed of vessel 
8:         elif marker = red lateral marekr then 



9:             pass the path putting marker on the port side of the vessel 
10:         elif marker = free-standing shallow marker then 
11:             reduce the maximum speed of vessel 
12:         elif marker =  green lateral marker then 
13:             pass the path putting marker on the starboard side of the vessel 
14:         end if 
15:     end if 
16: end while 
17:  
18:  
19:  
20:  

Figure 5. algorithm for optimal route. 

 
 
 
In order to take active action by sea markers during the navigation, object detection algorithm is 
attached. 
 
Algorithm 2 active action by detecting object detection  
1: Take input [xr,zr] as required forword speed and angular speed by z-axis 
2: Take input [xa,za] as actual forward speed and angular speed by z-axis 
3: while current position ¹ destination do 
4:     heading and position are controlled by PID 

 
5:     if xr > xa then      
6:         increase forword force x  
7:     elif xr < xa then  
8:         decrease forward force x  
9:     end if 

 
10:     if zr > za then   
11:         increase forward moment z              
12:     elif zr < za then          
13:         decrease forward moment z              
14:     end if         
15: end while 
16:  

Figure 6. algorithm for action by object detection 

III. CONCLUSION 
Various methods are applied in order to make an autonomous vessel. for navigation, the vessel is 

struggling with fine-tuning the parameters. While algorithms itself is working well, applying on a 

whole machine is another challenge. However, there is a step forward in object detection. YOLO is 

successfully applied. Even though all sea markers are looked similar with the shape of bar, the model 



detect the objects successfully by the shape of end-tip, stripes and colour. Average mAP represent 

more than 94 percentages, which can be overwhelm the performance of human.  

 

 

IV. LIMITATION 
Unity environment does not have ability to simulate collision yet. In order to make simulation 

environment more similar to reality, collision body should be considered. So, when the model collides 

with obstacles, it can trigger the signal that collision happens. Vessel can successfully navigate based 

on the map created. There is, however, mandatory rule which vessels should follow known as 

COLREGs. In the case of the fastest trajectory to a goal which does not follow the COLREGs, 

autonomous vessel should put preference in the rule. In order to embody the task, algorithm should be 

modified.  

Even though the model follows three degrees of freedom, the effect of yaw is ignored in this work. 

However, vessel’s heading is continuously changed by the effect of current and wind. The model 

should be tested on various weather conditions.  

  

V. FUTURE WORKS 
Basically, majority of vessel are equipped with radar. It is available to take information of dynamic 

obstacles like heading and speed. These are very valuable to predict movement of obstacles. while 

applying DWA as local panning algorithms, other algorithms like VO should be tested and compared.  

There is a trade-off between accuracy and speed. Even though YOLO is currently suitable way to use 

in real-time sensing, it has limited performance to use because of accuracy. R-CNN shows better 

accuracy compared with YOLO. In vessel navigation, small error can lead to a huge economic risk. In 

order to prevent the accident from the error, accurate decision is important. Therefore, other object 

detection models should be considered and tested. Not only YOLO and RCNN, but also other object 

detection models are continuously improved by year and year.[12] YOLO is improved with version 4 

in 2020 by increasing accuracy with different bags of Specials and Freebies. [13] Mask R-CNN is 

now applicable to make mask not the bounding box. [10] New novel method called Multi-Level 

Feature Pyramid Network (MLFPN) is proposed to extract features from input images.[14]  

 

 

VI. Appendix 
 
Figures are described by hyperparameters (learning rate, batch size/subdivision, resolution) 
 



(A) YOLO v4 models – Training process (red line - mAP, blue line – Loss) 
 

   
Model 1 – 0.0013, 64/8, 320x160      Model 2- 0.0013, 64/8, 640x320 

 

 

   
 Model 3 – 0.0013, 64/16, 640x382     Model 4 – 0.0013, 64/16, 640x352 

 

 



 
Model 5 – 0.00261, 64/8, 640x352 

 

 

(B) YOLO v4 – tiny models – Training process (red line - mAP, blue line – Loss) 
 

   
Model 6 – 0.0013, 64/8, 640x352   Model 7 – 0.00261, 64/8, 320x160 

 

 

 

 

 

 



   
 Model 8 – 0.00261, 64/8, 640x352      Model 9 – 0.00261, 128/8, 640x352 
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