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PDC Damage and root causes

Background

4Figure 1: PDC bit structure. Figure 2: Mechanical root causes.
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YOLOV5 

• The most typical pre-trained models for one-
stage object detectors are YOLO (YOU ONLY LOOK
ONCE)

• It works by dividing the image into N grids, each
having an equal dimensional region of SxS.

• For each N it performs the detection and
classification at once

Background

6
Source: https://lilianweng.github.io/posts/2018-12-27-object-recognition-part-4/
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Literature Review
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Study Purpose Method
Dupriest, F. E. 

et al,2020

Provided a physical knowledge 
of bit damage and created 
mitigation strategies.

Manually by experts 

Witt-Doerring, 
Y. et al, 2021

Present a metric  methodology 
to help quantify PDC bit wear 
and failure using real-time 
surface sensor data and PDC 
dull images

Using the proposed 
PCD bit wear metric, 
drilling data, and bit 
images via experts

Ashok, P. et 
al., 2020

Innovative approach to bit 
damage classification

Deep learning 
techniques (YOLO v3)

Ashok, P. et 
al., 2021

To identify the bit failure cause Decision trees based 
on the cutter grades 
and location

Objective
Automating the process of

identifying the location, type, and

root cause of drill bit failure using

bit images by building several

models through a pre-trained

YOLOV5.
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Methodology
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Dataset

Number of Drilling bit
46 drilling bit with a total of 367 images from different angles

Number of cutters 2360-3200 cutters

Source [4]

Preprocessing 

• Annotation (location, type, and severity).

• Dataset splitting (training set (206-bit images), validation set
(59-bit images), testing set (30-bit images)).

• Augmentation (618-bit images).

9
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Dataset Annotation

10

Cutter Location 
Annotation 

Cutter Damage 
Annotation 

Identifying the main 
damages 

Failure Cause 
Annotation
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Dataset Annotation
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Dataset Annotation
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Cutter Location 
Annotation 
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Preparing Data for training
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Random: where 90 (around 
25%) random image bits 

across the different image 
bits were used for testing 
while the 277 rest images 

were used for training 

Holdout: Split the data to 36 
drill bits image sets for 
training and 10 drill bits 

image sets for testing 
(around 21% training and 

79% for testing) 

Step1: Resize to 416x416

Step2: Evaluation Splits

14
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Dataset Augmentation
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• Flip: Horizontal
• 90° Rotate: Clockwise, Counter-Clockwise
• Brightness: Between -25% and +25% 

This will increase the training images from 205 (60% of images) to 615 images. 

15
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Cutter Detection Models 
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• 2 YOLO v5 models, one for the location and damage type
• Defult hyperparameters
• Trained for around 250 epochs

17
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Location and damage 
association

1- Calculate the Euclidean distance between the center of the bounding boxes.
2- Go from the location and determine the overlapping damages with a threshold of 0.3
3- Check the confidence score to pick the overlapping object with the highest test score

Cutters from 
backgroundOverlapping 

bounding 
box (Green 
0.4 and Low 
Thermal 
0.76)

18
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Failure Cause Classification

19

Approach 1: ML models:
- Decision Tree
- Random Forests

All Using defult hyperparameters
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Failure Cause Classification

20

Approach 2: Rule based approch
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Cutter’s location detection

21
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Damage type and severity identification 
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Damage type and severity identification  
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Failure Cause Model Accuracy
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ML-Based 
approach

Rule-Based 
approach
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Pipeline Evaluation Results
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ML-Based models and Rule-based Failure cause approaches

Discussion

26

The hierarchy proposed to identify the main cause of 
damage per location may over-simplify the problem. 

This could be mitigated in the 
future by using the full damage 

profile 

As the ML models were fit based on the ground truth 
annotation of the cutter damages, it cannot deal 

with errors propagating from the damage detection 
model. 

This could be mitigated by 
data augmentation through 
adding some perturbation 
or noise to the features. 

When we have a problem that  follows some 
scientific rules, the use of ML models becomes 

unjustifiable especially with the lack of balanced 
representative data that allows the ML model to 

induce those rules. 

Start with straightforward 
solutions and move to ML 
models just when needed 

(such as in the object 
detection approach) 
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Challenges faced

Discussion

27

1. Subjectivity of the domain and 
limited resources

2. Dimensionality of the problem
3. Annotation

27
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Conclusion
● Two modules were built, the first model to determine the location and damages

of the cutter and the second module is rule-based to identify the associated type
and root cause of drill bit failure.

● The results provide good evidence that our models were highly accurate by
examining the mAP of the first and second models, which are 0.97 and 0.66-0.49
mAP, respectively.

● The rule-based approach to classifying the failure cause achieved an accuracy of
95% and a macro-average F1-score of 0.94.

● The complete pipeline was able to identify all the 24 failure causes present in 10
bits that were used as a holdout test set.

28
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Future work
Larger dataset containing bit images and drilling data01

Expert validation to enhance the model accuracy02

Building a more field friendly interface03

As future 
work, we 

would 
like to 

consider
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