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Abstract 
The casing milling process of oil and gas wells is a crucial task and is widely applied during the side-
tracking, abandonment operations of old wells, etc. Nevertheless, this process poses issues and 
problems, one of them being the safe and continuous removal of the produced chips from boreholes. 
Large fragments of the casing and long chip length, which lead to forming chip nests around the mill 
string, hinder the cleaning process of the borehole. Oppositely, short chip sizes do not pose previously 
mentioned issues. Another associated issue with milling processes is rapid mill wear and frequent 
replacement due to harsh working environmental conditions. Most of the efforts associated with the 
casing milling process in the literature are focusing on increasing the penetration rate, optimizing the 
milling tool design. The objective of this study is to develop a model using artificial neural networks 
(ANNs) for predicting the mill wear and the formed chip shape of metal casing milling processes. The 
operation parameters, mill rotation per minute and forward velocity (equivalent to penetration rate), 
were used as input parameters to train the ANNs. The target parameters are the produced chip shape 
of the metal casing string and the mill wear. In total, 72 data points collected from literature for the 
laboratory test rig simulating a wide range of practically reasonable casing milling operations were 
used for training and evaluating the model’s effectiveness. The proposed ANNs model in this article 
was determined to be best for predicting the produced chip shape and insert wear for casing milling 
operations based on the highest coefficient of determination (R2) between the measured and predicted 
values. The effectiveness of the model was evaluated by predicting the chip shape and insert wear of 
datasets, which were arbitrarily not included in developing the model. It can be concluded that the 
ANNs model is able to make predictions with a significantly higher R2. The developed models are very 
promising and can be used to adapt the milling operation parameters to keep the milling process within 
the desired generated chip shapes and sizes, and reduce the wear on the mill. As a result, it will offer 
better borehole cleaning and removal of the chips, and will prevent the development of chip nests 
around the mill string and associated round trip costs and injury risks. 
Keywords: Oil/Gas well casing milling; Modeling casing milling operations; ANN application for casing milling; 
Optimizing the casing milling process. 

1. Introduction

Oil, gas and geothermal wells are drilled in sections; each section is secured by running a
casing (string of steel pipes) and cementing it in place before drilling the next section. None-
theless, for repairing, abandonment, or sidetracking purposes, casings need to be milled to 
small chips which are flushed out of the borehole by the drilling mud. Additionally, mature 
fields across the globe contain a significant amount of un-swept hydrocarbon reserves, which 

1506



Petroleum and Coal 

                         Pet Coal (2024); 66(4): 1506-1518 
ISSN 1337-7027 an open access journal 

operators are increasingly making efforts to access and produce by utilizing sidetracking tech-
nology, a more economically viable option than traditional drilling [1]. The casing milling op-
erations are full of challenges and pose issues. One of the common challenges is the growth 
of the so-called chip nests around the milling string due to producing long chips as shown in 
Fig. 1(b). This could restrict the annulus flow area and affect the chip removal in boreholes, 
and even can end up with the milling string getting stuck in the boreholes resulting in long-
time fishing jobs. If a chip nest cannot be removed by a long flushing period, the entire drill 
pipe must be tripped out of the borehole to get the nest removed. The process of removing 
the sharp-edged chips from the drill pipe has a high injury risk [2-4]. In addition, due to the 
harsh working environment and unsuitable operation parameters for the milling tool, it can 
wear rapidly which ends up with a time-consuming round-trip for a milling tool replacement. 
Furthermore, if a piece of the casing breaks off before it is fully milled and properly processed 
as shown in the Fig. 1(a), it could lead to jamming in the borehole and can obstruct the drilling 
fluid circulation, which is supposed to carry the chips to the surface. Those issues in the milling 
process can prolong the non-productive time that leads to increased operational cost. 

Namuq et al. found in their research study on casing milling operations in the laboratory 
that the operating parameters (mill RPM and forward velocity) have a significant influence on 
the generated chip shapes and sizes, as well as on the insert wear [3]. Murchie et al. stated 
that efficient milling requires an optimal bit design coupled with optimized milling parameters, 
for instance weight on mill, torque and RPM [5]. 

 
Fig. 1 (a) Casing fragments [source: EMPG], (b) Removal of a chip nest around a stabilizer [source RWE 
DEA], modified [3-4]. 

Stowe and Ponder claimed that savings of five days in average per well in the North Sea 
are achieved by carefully tailoring the cutter geometry and carbide chemistry to the downhole 
environment [6]. In 2012, Guidry and Thomas presented a method using inhouse-created drill-
string dynamics finite element analysis (FEA) software for designing the milling BHA with the 
aim to reduce its operational bending stresses and to increase its fatigue life [7]. MacZura et al. 
presented the use of a memory sub for monitoring downhole forces applied when performing 
post frac milling operations to have a better understanding of the forces that are actually 
transmitted from the tools to the composite frac plugs in the actual wellbore environment [8]. 
Kocis et al. introduced the development and application of a technology based on electrical 
plasma for hard rock drilling and casing milling applications for well plug and abandonment 
operations [9]. Gajdos et al. also presented a milling technology which uses electrical plasma 
for material disintegration and claimed that the size distribution of cuttings produced during 
casing / tubing milling with the plasma-based tool is based on the major fraction in the range 
of 1-5 mm. This feature reduces the possibilities of intervention failures related to debris in 
the well [10]. 

An application of a hybrid section milling and under-reaming single-trip BHA with the aid of 
a time-based dynamic simulation system to remove a casing from the wellbore and under-
ream the well to the virgin formation for an operator in The Netherlands was presented by 
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Wang et al., in 2016 [11]. The dynamic simulation outcome was the creation of a pre-job 
planning roadmap to enable achieving the customer’s Plug and Abandonment (P&A) objectives 
and ensuring the optimal utilization of each component of the single-trip BHA. Haq et al. 
presented and discussed the design optimization of a dual string section milling technology 
using CFD to eliminate wash out issues and erosion prone areas in the tool during field runs. 
They claimed that the development of this technology resulted significant time savings for the 
operators versus using conventional methods, in one offshore field case, it resulted in more 
than 20 days of savings in milling time [12]. In 2018, Nelson et al., presented an approach for 
a ‘swarfless’ section milling system which mills a window in the casing by starting at the 
bottom of the interval and milling upwards the required length, mechanically moving and 
depositing the swarf in the rathole below. This approach was introduced as a solution for the 
key challenge faced when removing high volumes of casing while milling by circulating the 
generated steel cuttings/chips out of the well, and safely capturing and disposing them off [13].  

Suppes et al. investigated the application of the well-known MSE (mechanical specific en-
ergy) concept for rock drilling to casing milling in an attempt to optimize the ROP [14]. Wie-
senborn et al. highlighted design features of an automated wire line milling system. They 
claimed that the user can initiate the milling process by defining certain milling parameters. 
Then, the user can monitor progress in real time while the downhole robotic tool regulates the 
weight on bit and the milling motor [15]. Watson et al. introduced the deployment of a real-
time downhole telemetry in milling operations in the Western Canadian Sedimentary Basin. 
Downhole telemetry was utilized to better understand motor performance, decrease motor 
damage and identify the key factors in lost circulation events [16]. Rosli et al. presented the 
advantage of a milling operation case via an electric line in challenging well environments. 
The electric line tractor conveyed the camera at high angles to successfully identify and mill 
the obstruction in the well [17]. Eslinger et al. presented a wellbore cleanup toolbox, claiming 
that it combines and optimizes the benefits of jetting, milling and chemical dissolution tech-
niques. The system is used to clear obstructions from the wellbore [18]. Neema et al. presented 
a range of machine learning models which have been developed and evaluated using a training 
subset of field data from section-milling operations with main focus on improving the rate of 
penetration (ROP) in section-milling [19]. 

Yekta et al. showed that the real-time measurement of solids and flow rate monitoring 
enables the coiled tubing operator to make informed decisions throughout milling and cleanout 
operations. The acoustic monitor device is designed to measure the acoustic noise induced 
into the pipe wall as solids impact the inside wall of the pipe during milling operations. So, 
real-time solid measurement and return flow rate can be provided by utilizing the acoustic 
monitor and ultrasonic flow meter [20]. Zhou et al. developed a mathematical cutting model 
for hydraulic section milling operations and claimed that this study will serve as a theoretical 
basis for optimizing the structural and hydraulic parameters of hydraulic cutters and making 
further improvements in the cutting efficiency for the side-tracking and abandonment opera-
tions of old wells [21]. Noor et al. described the use of an electric line milling tool with a tractor 
and customized milling bit for a well in offshore East Malaysia which encountered a stuck 
wireline retrievable safety valve issue [22]. Fajardo et al. presented a coiled tubing milling 
operation case offshore at the coast of Louisiana showing that the combination of conventional 
milling techniques and real-time downhole measurement capabilities enabled rapid responses 
and adjustments to the actual downhole conditions throughout the operation. The real-time 
measurement was to remove common uncertainties that exist during coiled tubing operations 
including the question of whether the correct force was transmitted from the surface, the 
bottom hole assembly (BHA) was functioning correctly [23]. Namuq et al. presented the con-
cept for developing measurement while milling system in real time by utilizing the accompa-
nied acoustic emission signal to the casing milling process for determination of the formed 
chip class [4]. Elkasaby et al. presented an approach to improve the setting of a Whipstock 
followed by a window milling operation where the use of downhole weight, torque, bending 
moment, and 3-axis drillstring vibration measurements aimed to allow the drilling parameters 
to be constantly optimized without compromising the integrity of the downhole tools in an 
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Offshore Field in Norway. The positive-pulse telemetry system that was configured for a wide 
range of downhole flow and mud-weight conditions performed flawlessly across the complex 
operation with almost 100% data detection efficiency [24]. 

Most of previously mentioned studies tackled the hardware part of the milling tool to in-
crease ROP, coupling the milling process with a real time monitoring system, in order to over-
come or mitigate the challenges faced in the milling process. According to the available liter-
ature, there is no model focused on enhancing the milling process through forecasting the mill 
wear and/or the formed chip type. This research work concentrates on developing a model 
using ANNs to predict the chip class and insert wear under specific operation conditions. The 
available data in the literature for a laboratory experiment at the Technical University 
Bergakademie Freiberg in Germany has been used to train and validate the developed model. 
The data set simulates a wide range of the milling process. A good correlation has been found 
between the model prediction and those measured data in the lab with an R2 of more than 
90%. The model can serve as a tool for engineers seeking to determine operation parameters 
where the desirable range of chip types and mill wear will be expected for the milling process, 
as a result, achieving a continuous removal of the chips and minimizing round-trips. Further-
more, using of the proposed new model is very cost-effective in terms of reducing the number 
of experiments conducted. 

2. Case study: laboratory experimental test 

2.1. Lab description 

The available data set in the literature for the small-scale model casing milling test rig 
equipped with sophisticated measurement technology at the Institute of Drilling Engineering 
and Fluid Mining (IBF) of the Technical University Bergakademie Freiberg in Germany has been 
utilized for developing and testing the model. In this article, the laboratory experiment for the 
casing milling will be only shortly described, the reader is referred to the references [3-4,25] for 
more details of the test rig, conducted experiments, etc. The main aim of the test rig was to 
investigate and conduct basic research on the casing milling process in boreholes, see the Fig. 2. 

 
Fig. 2. Small scale test rig for performing casing milling test, (modified [3-4,25]). 
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The base plate (1) in the Fig. 2 is fixed to the lower side of the working chamber (2), this 
enables the collection of the produced chippings. The individual casing holder (3) is drafted 
and designed for each individual casing to fit the outside diameter (for instance; 48.26, 
60.325, 73.025 and 88.9 mm). The used cooling fluid (water) for the casing milling process 
flows through a tube (7), specifically, from the bottom of the working chamber into the casing 
sample (4) and leaves the working chamber through tubes (8). The insert holder (6) holds 
one insert. The advantage of a single bladed tool is that a defined contact of the insert with 
the chipping surface permanently exists. In order to use the insert holder (6) for different 
casing dimensions and wall thicknesses, an adapter or spacer is mounted between the insert 
holder (6) and the drilling rod (5) [3-4]. The inserts are held by a clamping and screw system, 
which is similar to common machines used in the metal processing industry. This provides 
easy access for mounting and/or replacement. 

2.2. Test data 

 
Fig. 3 The operating parameters for the casing 
milling process [3]. 

The available 72 test points have been 
collected from the literatures  [3-4,25], which 
simulate wide range of milling process con-
ditions. The data were gained at different ro-
tational speeds, which ranged from 40 to 370 
rpm, and different forward velocities be-
tween 0.04 mm/s and 0.4 mm/s (0.144 m/h 
to 1.44 m/h), see the Fig. 3 for explanation 
about the setting parameters of the casing 
milling test. 

For all collected test points, the type of in-
sert is kept constant, see Fig. 2 (a). Likewise, 
the casing type, L80 with OD of 60.325 mm, 
is also kept the same for all performed tests. 
Before conducting a test, the casing sample 
was prepared in pieces of approximately 100 
mm in length as shown in the Fig. 2 (b). For 
each test, new casings and inserts were 
used. The inserts were weighed before and 
after each test and the volume of milled cas-
ing was determined. The figure 2 (a, b, c, d) 
shows the insert and casing sample before 
and after the milling test. For each test the  

forward velocity and RPM were set to specific values. 
The chip type for each performed test was determined according to the table below which 

shows the existing chip shape classification starting from 1 (critical) to 8 (very preferred). Fig. 2, 
middle on the left side shows one of the tests with critical produced chips. In contrast, in the 
middle, on the right side the picture shows preferred produced chips achieved with another 
test. 

Table 2 below includes the test points which were used for developing and validating the 
ANNs model. Only chip shape class for 5 test points (66 to 70) were not available and docu-
mented in the available literature, therefore they left empty in the table below. 
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Table 1. Chip shape classifications according to Denkena and Tönshoff, (modified [26]) 

 
Table 2. Test data of the milling process for the laboratory case study, (modified [3-4,25]). 

Test point Rotational speed Vf 
(forward velocity) Chip shape class 

insert wear  
(in gm of insert per drilled 

casing volume in m3) 
No rpm mm/s Unitless gm/m³ 
1 40 0.05 6 2161 
2 75 0.05 6 1410 
3 75 0.1 6 3071 
4 75 0.15 6 6953 
5 75 0.2 6 5576 
6 110 0.05 6 2102 
7 110 0.1 6 3471 
8 110 0.2 5 4452 
9 110 0.3 7 3814 
10 110 0.35 7 4884 
11 110 0.4 7 5798 
12 110 0.15 5 4417 
13 110 0.25 7 6689 
14 110 0.05 6 1811 
15 175 0.05 3 12 
16 175 0.1 4 2224 
17 175 0.15 5 3959 
18 175 0.2 7 2916 
19 175 0.25 7 8930 
20 175 0.3 7 6763 
21 370 0.05 2 90 
22 40 0.05 6 2512 
23 75 0.1 6 5687 
24 75 0.15 6 5975 
25 75 0.05 6 4289 
26 75 0.2 7 13258 

Chip name Chip shape Chip shape 
classification 

Rating 

Ribbon chip 

 

1 
 

Critical 

Snarled chip 2 Critical 

 

Helical chip 

 

3 

 

Critical 

Cylindrical helical chip 4 Not 
preferred 

 

Discontinuous helical chip 
 

5 
 

Preferred 

 

Spiral chip 
 

6 Preferred 

Discontinuous spiral chip 7 Very 
preferred 

Discontinuous chip 8 Very 
preferred 
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Test point Rotational speed Vf 
(forward velocity) Chip shape class 

insert wear  
(in gm of insert per drilled 

casing volume in m3) 
27 110 0.05 7 3280 
28 110 0.15 7 5440 
29 110 0.1 8 14925 
30 110 0.2 7 9357 
31 175 0.15 6 3364 
32 175 0.2 5 4467 
33 175 0.1 8 6023 
34 175 0.05 8 2219 
35 175 0.05 8 3582 
36 175 0.1 7 2629 
37 175 0.15 7 6696 
38 100 0.16 8 5478 
39 100 0.14 8 11110 
40 100 0.12 8 9113 
41 100 0.1 7 15981 
42 100 0.08 8 9379 
43 100 0.06 8 3503 
44 100 0.04 8 2639 
45 125 0.16 8 11040 
46 125 0.14 8 14652 
47 125 0.12 7 8739 
48 125 0.1 8 25799 
49 125 0.08 8 5220 
50 125 0.06 8 5023 
51 125 0.04 8 2651 
52 150 0.16 7 3466 
53 150 0.14 7 3384 
54 150 0.12 6 2060 
55 150 0.1 7 1832 
56 150 0.08 7 3137 
57 150 0.06 8 142 
58 150 0.04 8 6385 
59 175 0.16 7 5631 
60 175 0.14 8 10017 
61 175 0.12 8 6253 
62 175 0.1 8 4653 
63 175 0.08 8 4704 
64 175 0.06 8 3887 
65 175 0.04 8 2332 
66 200 0.12  2972 
67 200 0.1  5524 
68 200 0.08  10145 
69 200 0.06  6466 
70 200 0.04  13121 
71 370 0.4 8 25799 
72 40 0.04 2 12 

3. ANNs model and results 

A wide range of machine learning algorithms have been applied to predict various petro-
leum engineering properties, including neural networks (ANN), random forests (RF), function 
networks (FNs), adaptive neuro-fuzzy inference systems (ANFIS), and support vector ma-
chines (SVM). Some researchers have combined different machine learning algorithms or in-
corporated additional techniques (e.g., calibrated bias) to enhance prediction accuracy [27-31]. 

Backpropagation is a supervised learning algorithm commonly used in artificial neural net-
works (ANNs). This is a method of training the network by adjusting its weights and biases to 
minimize the error between the predicted output and the actual target output. The quadratic 
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cost function is a popular choice for measuring the error between the predicted and actual 
outputs. It is defined as follows: 
J(w, b) = 1/2n * Σ(y^ - y)^2 (1) 

whereby: J(w, b) is the cost function; n is the number of training examples; y^ is the predicted 
output; y is the actual output. 

The cost function calculates the average squared difference between the predicted and 
actual outputs. By minimizing this cost function, the network learns to produce more accurate 
predictions. 
Backpropagation process includes: 
1. Forward propagation: 
o Input data is presented to the network. 
o The input is propagated through the hidden layers and finally to the output layer. 
o The network produces a predicted output. 
2. Error calculation: 
o The difference between the predicted output and the actual target output is calculated 

using the cost function. 
3. Backward propagation: 
o The error is propagated backward through the network, starting from the output layer and 

moving to the hidden layers. 
o At each layer, the error is used to calculate the gradient of the cost function with respect 

to the weights and biases. 
4. Weight and bias update: 
o The weights and biases are updated using gradient descent, adjusting them in the direction 

that minimizes the cost function. 
A gradient descent method was used in this study to optimize neural network performance 

by modifying the connection weights and computing the delta weight vector to minimize the 
cost function. In this study, a stopping criterion has been employed in the Artificial Neural 
Network (ANN) based on a fixed error threshold, a fixed number of allowable epochs, and the 
use of validation data. These criteria are highly sensitive to input parameters, and improper 
selection can lead to poor performance due to excessive training. Notably, the target output 
during training is typically scaled within the interval of 0 and 1 for the logistic function. During 
the learning phase, it is crucial to test the neural net's performance at each epoch. Therefore, 
we utilize the mean square error (MSE) as shown in Equation 2 to evaluate network perfor-
mance. 

 
(2) 

where: n1, n2 are number of training output neurons respectively; xp and yp are the target 
and calculated outputs, respectively. 

In this study, we used 72 data points to train and test the ANN model. The data set includes 
two crucial inputs: mill RPM and forward velocity as shown in Table 3. The output of the model 
is milling wear. 

Table 3. Statistics analysis of the input data. 

Parameter Mill RPM Vf (forward velocity) 
Max 370 rpm 0.4 mm/s 
Min 40 rpm 0.04 mm/s 
Standard deviation 49.832 0.0754 
Skewness 1.776 1.5459 
Mean 125 0.1 

The data set was divided into 70% for training and 30% for testing. The back propagation 
learning algorithm is used to minimize the error between actual and target outputs using the 
log sigmoid function. The results were exceptional, with an R² of 0.93 and MSE = 0.018 for 
training, see Figure 4, and an R² of 0.96 for testing, see Figure 5. In addition, a mathematical 

( )1 2

1 1

1 2.

n n
p px y

MSE
n n

−
= ∑ ∑
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correlation was produced, enabling the forecasting of milling wear using the aforementioned 
inputs. 

  
Fig. 4. The predicted drilling insert wear from ANN 
versus actual lab test data for training. 

Fig. 5. The predicted drilling insert wear from 
ANN versus actual lab test data for testing. 

The novel correlation generated using ANN for milling wear estimation is given by: 

2 1 , 1 2
1 1

tan
N J

i i j j j
i J

Wmn w sig w x b b
= =

  
= + +  

  
∑ ∑

 
(3) 

( )1, ,1 1, ,2
2 21

1

1

1 j j

N

i RPM w Forward Velocity w b
i

Wmn w b
exp− × + − × +

=

  
  = +

  +  
∑

 

(4) 

where: Wmn is the normalized milling wear; (w2,i) is the vector weight between the hidden layer 
and the output layer; (w1,j) is the vector weight connecting the input and the hidden layer; j 
is the neuron number; b1 is the biases vector for the input layer; and b2 for the output layer, 
x is the input values.  

The extracted insert wear equation can be attained by de-normalizing Wmn as follows: 
25790 12.433Wear Mill Wmn− = × +  (5) 

Table 4 shows the weights and bias for the correlation. The proposed correlation in equa-
tions 3, 4 and 5 can be used to estimate and predict the insert wear in gm per drilled casing 
volume in m3 using the above-mentioned inputs. 

Table 4. Weights and biases for the generated correlation Eq. (3, 4 and 5). 

Rotation per mi-
nute 

Vf  
(forward velocity) 

Hidden and out-
put layers weights 

Hidden layer bias 
(b1) 

Output layer bias 
(b2) 

W1 w2 b1 b2 
0.0307 -3.4453 -1.0886 2.73317 0.27389 
21.9378 16.1124 -14.545 -11.326  
-1.2504 -0.4627 -3.1987 0.79832  
-46.928 6.75571 7.38495 9.43607  
-8.4139 1.60616 -5.8863 3.57852  
-4.8563 0.82555 -4.3792 1.27401  
15.3817 47.4797 -13.202 24.7092  
-9.2422 -2.5325 6.6107 8.01124  
0.8409 12.9918 -5.8855 13.1274  
-22.925 12.7625 0.30938 -14.686  
-34.977 -18.814 3.45447 -16.771  
-37.696 -64.291 23.2134 9.36253  
-11.905 2.31116 -6.4949 5.06238  
-4.8606 19.8963 -13.396 17.3902  
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Rotation per mi-
nute 

Vf  
(forward velocity) 

Hidden and out-
put layers weights 

Hidden layer bias 
(b1) 

Output layer bias 
(b2) 

W1 w2 b1 b2 
-3.7139 0.73301 -3.627 0.36721  
89.1112 12.4903 -28.517 -22.84  
18.4229 92.3271 -22.266 -13.525  
-62.948 -5.0946 18.82 -21.753  
26.689 3.97058 -11.449 6.79291  
0.01582 0.62088 -3.187 -0.6104  

The correlation, as shown in equations 3, 4 and 5, demonstrates that the designed ANN 
model is reliable and significantly reduces computational time compared to traditional numer-
ical simulation models that require extensive mathematical knowledge. Table 4 provides the 
weights and bias for the correlation, and Figure 5 illustrates the excellent matching between 
the actual milling wear and the values extracted from the ANN model. This ANN model could 
offer substantial benefits in optimizing milling wear and enhancing computational efficiency.  

Furthermore, an ANN model has been also developed to predict the chip shape. The novel 
correlation generated using ANN for chip shape estimation is given by: 

2 1 , 1 2
1 1

tan
N J

i i j j j
i J

Chip norm w sig w x b b
= =

  
− = + +  

  
∑ ∑

 
(6) 

  

( )1, ,1 1, ,2
2 21

1

1

1 j j

N

i RPM w Forward Velocity w b
i

Chip norm w b
exp− × + − × +

=

  
  − = +

  +  
∑

 

(7) 

Where Chip-norm is the normalized chip shape, (w2, i) is the vector weight between the hid-
den layer and output layer.  (w1, j) is the vector weight connecting the input and the hidden 
layer, j is the neuron number, b1 is the biases vector for the input layer, and b2 for the output 
layer. Table 5 shows the weights and bias for the above correlations. The extracted chip shape 
equation can be attained by de-normalizing chip-norm as follows: 

6 2Chip shape Chip norm− = × − +  (8) 

Table 5. Weights and biases for the generated correlation Eq. (6, 7 and 8). 

Rotation per minute Vf (forward velocity) Hidden and output 
layers weights 

Hidden layer bias 
(b1) 

Output layer bias 
(b2) 

W1 b1 w2 b2 
1.067794 20.72991 -1.41183 17.35977 -0.83748 
34.93764 8.866616 -1.18537 26.05825  
-0.59949 36.95645 28.85683 18.26031  
-29.4868 4.465693 6.73186 -26.5945  
-1.21313 -28.3498 0.321753 -6.91178  
9.710554 -4.97784 1.135307 13.25349  
0.15881 -5.59526 -17.0261 -7.91511  
41.58512 -7.37958 23.99665 3.026729  
3.375249 -9.19744 -2.32869 13.12735  
-26.6029 -1.04889 -2.54007 -14.686  
1.984726 16.06158 -12.1216 -16.771  
-67.6983 16.85338 -1.65786 0.467006  
-3.27818 -4.20627 -4.81345 -27.6535  
3.268706 -6.75702 -19.79 -13.8914  
-2.90143 -15.7157 3.488522 -0.7415  
12.40072 -3.55453 -6.70464 -1.78684  
1.523479 0.164731 7.868523 12.11216  
26.65986 0.186135 -27.5616 7.670017  
-0.31873 5.933706 -10.1037 -0.16084  
12.40702 27.52302 32.66082 0.837634  
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The ANN model successfully predicted the chip shape with a high accuracy, as demonstrated 
by the R² values of 0.968 for training and 0.962 for testing. The Figures 6 and 7 likely provide 
visual comparisons between the predicted and actual chip shapes, further confirming the model's 
accuracy. The ability to accurately predict chip shapes using an ANN model could be valuable 
for enhancing the casing milling process and mitigating the issues associated with generating 
non-preferred chip shapes. 

  
Fig. 6. The predicted chip shape from ANN versus 
actual lab test data for training. 

Fig. 7 The predicted chip shape from ANN versus 
actual lab test data for testing. 

4. Conclusions and recommendations 

In this study, a model has been successfully developed using Artificial Neural Networks 
(ANNs) for predicting insert wear and chip shape class for the casing milling process with an 
attempt to tackle the challenges in the milling process. As a result, the overall casing milling 
performance is enhanced. The available lab test data for the exceptionally developed small-
scale laboratory prototype were used to train and also validate the effectiveness of the model. 
The model forecasting is in good agreement and correlation for those performed lab tests with 
the highest coefficient of determination (>90%) between the measured and predicted chip 
shape class and insert wear. 

The results and findings of the use of ANNs model are very encouraging. It seems that pre-
job predictable milling operations could be achieved through predicting the chip shape class 
and insert wear to work in the less challenging operation range. Therefore, it can be concluded 
that it is quite a viable and promising idea to have a pre-job adjustment for the operation 
parameters in order to avoid rapid mill tool wear, challenges with chip removal, blocking the 
circulation, and frequent round-trips. 

Due to the complexity of the milling process, it can, therefore, be suggested that further 
studies are required to cover wider milling operation conditions, even field cases, and to safely 
and thoroughly validate the existing findings. Such models will help in making pre-job deci-
sions and in providing clear guidelines for practical applications of the milling process, hence 
adapting the operation parameters accordingly. 
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