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Introduction to YOLO
 YOLO is a real time object detection 

algorithm.

 Convolution Neural Network specifically 
designed for real-time object detection.

 YOLO is touted for its speed and 
accuracy.

 YOLO models are trained on a set of 
labeled images.

 Once they are trained, they can be used 
to make detections on videos or images.

 YOLOv8 is the version that is used in this 
project.



Problem Formulation

YOLOv8 requires a 
large dataset to be 

accurate.

Each image in the 
dataset needs to 

be labeled.

The labeling 
process is costly 

and labor intensive.

Manual labeling 
can be prone to 

errors.

Labeling in cases 
where object 

definitions can be 
ambiguous, such as 
“insufficient ballast” 

can be difficult.

There are assisted 
labeling techniques 
out there, but they 
are costly. Such as 
Roboflow Premium.

To try and solve this 
we employed our 

own assisted 
labeling technique 
that can be used 
by researchers.

Example Annotated Image from the 

Dataset.



Extracting Labels 
Using a trained YOLO 

Model to detect 
objects.

Modify the label 
output from YOLO 

Generate a Label 
Map

Assign coordinates to 
each bounding box.

X center point

Y center point

Width

Height

Class id number





Assisted Labeling Process

Label an 
increment of 
images from 

your data set.

Train a YOLO 
model on the 

labeled 
images.

Extract the 
best weight 

from the YOLO 
training.

Use the labeling 
application by selecting 
the best weight of the 

model and selecting the 
path to the next 

increment of images you 
want labeled.

Upload the 
images to the 

labeling 
software.

Adjust the 
images that 

were labeled 
by the image 
application as 

needed

Add the 
adjusted 

images to the 
data set with 
the original 

images.

Train the 
model again 
with the new 

images 
added.

Repeat the 
process



Result Evaluation

To evaluate the results, we used the 

F1-score of each model.

Focuses on evaluating class-wise 

performance.

Compares precision and recall

Ranges from 0%-100%, higher score 

indicates better performance.



F1-Score Comparison

Model was found 
to improve after 
each iteration of 
assisted labeling 

technique.

The final model 
had an F-1 Score 

of 0.87

F1-Score of 100 image set 

(manually labeled)

F1-Score of 200 image set (100 

manually labeled+100 assisted)



F-1 Score Comparison Continued

F1-Score of 300 Image Set (100 

manually labeled + 200 assisted)

F1-Score of 400 Image Set (100 

manually labeled + 300 assisted)



Comprehensive View of Training Results

F1-Scores of Labeling Strategies



Future Work

Collect

Collect data with 
depth information 
by using depth 
sensor. 

Modify

Modify YOLO 
architecture to be 
able to support a 
depth distance 
information.

Apply

Apply 
reinforcement 
learning to the 
labeling 
technique.



Questions?
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