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Abstract 

Autonomous Mobile Robots (AMRs) are becoming a crucial part of industrial environments. Path planning and navigation 

activities are still core components of AMR literature. AGV navigation methods traditionally utilize floor markings, while 

state of the art systems are using cameras to identify the vehicle’s position and direction and map the facility layout. This 

paper focuses on how an AMR with an RGB camera could take advantage of floor markings and improve the vehicle’s 

navigation and safety conditions, especially in manufacturing environments with large empty spaces where cameras have 

limited positioning capabilities. The system is built on top of the Robot Operating System (ROS). A safety line detector 
is trained to recognise floor markings and the AMR uses them as a guidance line in order to safely navigate at a specific 

distance from it. The detector is a MASK-RCNN network, trained on real-world images captured at the industrial facility. 

Each image was manually annotated in order to feed the network. The proposed system was extensively tested in 

simulation and in real world environment.  
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1 Introduction  

 

Autonomous Mobile Robots (AMRs) are becoming increasingly valuable assets to warehouses and industrial 

facilities, as part of the fourth industrial revolution (Industry 4.0). AMRs can be used for intra-logistics and material 

handling activities without being manipulated by human agents. Incorporating AMRs can increase productivity and 

flexibility [1], reduce costs and enable agile manufacturing. Moreover AMRs flexibility allows them to be easily 

customized for many tasks. In this context, AMRs must be able to work along with human agents and safely travel through 

complex layouts and industrial spaces. Of course, simulations tools verify the added value and help identify the 

operational needs of facilities[2] . Additionally, visual tools are proposed in order to facilitate the AMRs by non-expert 

personnel [3]. 

Most industrial facilities are required to clearly indicate goods, the transfer zones that are used as buffers and the cells 

were the workstations are installed. Colour labelling is one of the most efficient ways to divide the different segments of 

a workplace and is also considered as a part of 5S [4] and lean manufacturing. Colour coding gives some additional 

benefits such as speeding up visual search, emphasizing information like aisleway and exit paths and notates hazardous 

areas. 
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A main aspect of this colour labelling is to separate forklifts’ traffic flows from pedestrians’ flows. Pedestrians' 

pathways are clearly marked and visible as the forklifts’ pathways. This ensures a significant safety level and reduces the 

accidents by making the workspace safer, more pleasant, and well-organized [5].  
The proposed research work, uses the already established floor markings in order to facilitate the vehicle’s navigation 

with increased safety. Recognizing the floor markings and safety lines, improves safety and navigation of the AMR, and 

this can be achieved with a single RGB camera.  
The rest of this article is organized as follows. In Section 2, a brief literature review on AMR systems and lane 

detection systems is presented, Section 3 analyses the proposed system and Section 4 focuses on the experimental results. 

Finally, Section 5 presents the conclusions and future research directions. 

 

2 Literature Review 

 

Many methods, are actually used to detect a lane or a lane’s lines in a road or an industrial transportation path. There 

are many image processing algorithms that can be used to detect lane lines such as feature-based detections, model-based 

and more modern ones with semantic segmentation networks. 

A feature-based method operates most of the time using the characteristics of line shape and/or colour features. A 

simple algorithm is thresholding [6], global or dynamic. In global thresholding algorithms, grey level histogram of the 

image is used and the algorithm includes this information to detect lane markers. This is not very effective, though, due 

to that a similar grey scale histogram is required [7]. Other methods, include a pre-process step, like edge detectors, such 

as Canny, Gabor, Sobel and Laplacian operators. After the edge detection is completed, image enhancement is performed 

to improve the next step of lane line detection. The algorithms are then able to detect lines based on the vanishing point 

estimation [[8] and curve fitting [9]. 

Model-based methods are usually trying to fit the detection into some geometric or curve model. [10] utilizes the 
camera parameters to form a lane geometrical model. The initial stage is to estimate the vanishing point, followed by the 

lane boundary detection using Canny edge detection and Hough transforms. The final step is to match the lane’s curvature 

from a set of candidates. In [11] the authors propose a lane detection based on spatiotemporal images. Points of lanes are 

detected by aligning scanlines along the time axis, followed by a Hough transform and the prediction of an offset for the 

scanline in the next frame. All the points detected are fitted to a cubic curve model.  

Deep neural networks are not a recent breakthrough [12]although computational advances enabled the heavy usage of 

such networks. The semantic segmentation network is based on neural deep convolutional networks. Its main purpose is 

to segment the pixels in an image into distinguishable targets, like roads, persons, pavements and others. The authors in 

[13] based their method on Convolution Neural Networks (CNN). The lane line segmentation is split into two stages. The 

first stage is responsible to semantically segment the lane boundaries and the second to classify the lane. [14]performs 

lane detection using a modified encoder-decoder based model ENet [15] with two distinct branches for binary and instance 

segmentation. Binary segmentation is performed to detect all lines in the frame. Instance segmentation outputs an 

embedding for each lane pixel so that the distance between pixel embedding belonging to the same lane is small, where 

to different lanes is maximized. 

 

3 Safety Line Detection System 

 
Safety Line Detection System is a pretrained Mask-RCNN [16] model, trained further on images taken from industrial 

warehouses. First, we must collect images (frames) to train the system. Then, the network is trained, and finally its 

performance is validated in order to be deployed on the robot and perform in real-world environments. The whole pipeline 

of training the system is explained below. 
 

3.1  Annotating Data 

 

To train the system, we manually annotated and labelled 1145 frames. Due to that Mask-RCNN is already pretrained, 

there is no need for huge amount of data. The whole annotation process was conducted with a user-friendly open-source 

tool called VGG Image Annotator [17] . VGG is a web-based tool and offers various shapes to label specific regions 

within the images, namely rectangles, circles, polygons and offers multiple types of attributes (indicatively text, 

checkboxes, radio buttons). 
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Fig. 1. VGG Image annotator GUI with two safety lines annotations (left and right lines)  

 

After the annotation is completed as indicated in Figure 1, the tool allows us to save the project for future use and 

export annotations to various formats like CSV, JSON and COCO [18] annotation format. We export the annotations as 
COCO, since our next step, training, requires the COCO format. COCO format is a type of JSON file type with specific 

fields for different annotation types.  

 

3.2 Training MASK-RCNN 

 

Having the annotations, the next step of the pipeline is to actually train it. This is possible with frameworks such as 

TensorFlow [19] and PyTorch [20]. The PyTorch framework was selected due to its clarity and being developer friendly. 

Also, it is written with keeping in mind the pythonic programming style native python and as a result, it is an object-

oriented framework. 

 

At the beginning, the annotation that was created in the previous step must be used to create the Dataset that the 

network will be trained on. PyTorch offers the ability to create custom datasets in an extremely easy and friendly way. It 

provides various classes that a user can derive from conforming to different annotation formats. Since the annotations 

was exported in COCO format, we can create a new class deriving from the torchvision.datasets.CocoDetection class. 

We then load our annotations with the package pycocotools. We also split the dataset to a training and a validation dataset 

to prevent overfitting the model. 

 
The next step is to define our model, specifically Mask-RCNN model. Mask-RCNN is an extension to Faster-RCNN 

[21]. Both can use as backbone, different feature detectors. such as Resnet {50,101} [22], Yolov3 [23] and others. Faster-

RCNN can detect regions of interest and place bounding boxes around them. Mask-RCNN adds an extra branch that can 

not only place that bounding box but also segment the instance and provide a mask of it. Moreover, all this is possible 

only with a small overhead to Faster-RCNN. Again, the simplicity and module reusability of PyTorch, allows the user to 

create the model very easily and modify specific parameters for any use case, such as number of classes to detect and 

number of hidden layers. We then define the optimizer and learning rate scheduler, where Stochastic Gradient Descent 

(SGD) and Step Learning Rate (StepLR) classes were used respectively.  

 

Training the model was performed on a CUDA capable device, a GeForce GTX 1060 6GB/PCIe/SSE2 and total time 

for an epoch was around 2 min and 10 secs with batch size of 4. The system was trained for a total of 8 epoch with the 

final metrics of average precision shown in Table 1. 

 

Safety Line 
Detection 

Backbone AP AP50 AP75 

Bounding Box Resnet50-FPN 0.834 0.987 0.935 
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Segmentation Resnet50-FPN 0.451 0.872 0.448 

 

Table 1. Average Precision (AP) Metrics 
  

3.3 Deploy on Robot 

 

 
 

Fig. 2. ROS Node Architecture 

 

As the robot uses the ROS operating system, a wrapper for the model must be introduced. A brief architecture of the 

node is displayed in Fig. 2. Firstly, we create a node that listens to robot’s camera stream. That node also contains a 

member variable of our neural network model’s class. The camera stream is also converted to a data-type acceptable by 

our model and then is fed to the model. The output of the model is a list of predictions containing the masks of the 

identified safety lines. Since, the robot should travel near the safety line, one can calculate how far the line is from the 

centre of the image. If it is furthest from a certain threshold, the velocities are corrected and sent to robot’s drivers in 

order to retain the safety line as centred as possible in the current frame. 

 

Another useful feature of the wrapper is its ability to turn the safety line detection on and off, in order to save 
computation resources as well as to expand the robot’s battery life. This is applicable by using the ROS Framework and 

its services module. 

 

4 Experimental results 
 

The entire system is built on top of ROS [24] ecosystem. ROS is a middleware suite that provides various packages 

and software frameworks for easy robot software development. It also provides ready to use tools, that enable the robot 

to communicate, sense and act (indicatively tools for localization, mapping, visualization, debugging). 

 

All simulations were conducted in a custom-made Gazebo simulation (Fig. 3) and the real-world experiments used 

the Turtlebot 2 with a kobuki base, equipped with RPLidar A3 sensor and Intel RealSense D435i camera sensor. The 

laptop that was used for controlling the robot has the following specifications: Intel Core i7-8750h CPU @ 2.2 GHZ, an 

Nvidia GeForce GTX 1060 and 8 GB RAM. 

 

Left: Custom world environment Right: Close up Turtlebot 2, equipped with camera 

  

Fig. 3. Gazebo Simulation Environment 

 
Gazebo environment simulates an industrial environment and is based on a real-world one. The only difference is that 

our simulation world has no dynamic or static objects like in the real-world one. Nevertheless, it is a good starting point 

to test if our node, safety line detection and course correction is working. To better visualize the results, the RViz tool is 

used. As we can see in Fig. 4, our model detects the mask of safety lines and for presenting the results we overlap them 

with the original image. We then procced to give a move goal to the robot, generating a path from its current pose to the 
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goal. As the robot is moving and follows the path produced by the global planner, the corrected velocities are provided 

from the developed node and enable the vehicle to stay near the safety line. 

 

  
 

Fig. 4. Two snapshots of detected lines.  

 

Likewise, when the node was used in the real-life scenario, the robot was able to detect the safety lines and keep close 

distance to them.  

 

  

  

Fig. 5. Two snapshots of detected lines in real warehouse environment 

 

The inference time of a single frame in the system described above is about 0.14 seconds making it almost suitable 

for real-time operation. Inferencing continuously though on the latest frame, resulted to some dropped frames and safety 

line following was unreliable. Instead, we operated our node at a fixed rate of 2 HZ in order to improve reliability. 

 

5 Conclusion 

 

In this article, the authors proposed a method for safe navigation in industrial facilities. A lane detection system is 

introduced based on state-of-the-art Mask-RCNN model for AMR systems. Lane detection is a realistically identified as 

feasible method since floor markings are found in most industrial facilities and warehouses. The system is trained on 

manually annotated frames containing floor markings. Following the lane corrective commands are provided to the AMR 

to closely follow the line. The whole system is implemented on top of ROS and PyTorch frameworks. Experiments has 

shown that the system, can achieve almost-real time performance and that the AMR is successfully following the lanes’ 

line. 

Future work could incorporate the lanes detection system into an industrial SLAM (Simultaneous Localization and 

Mapping) solution. Mapping the floor markings, would greatly improve the localization and semantic information 
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produced by SLAM system. Moreover, the system can be further improved, by training on more data from industrial 

facilities using multiple line types. 
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