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Abstract 

Finding the best toolpath planning strategy for Computer Numerical Control (CNC) machining requires a trial-and-error 
approach. One needs to follow a number of steps, viz., generate the toolpath, perform simulations/machining, measure various 
parameters to quantify the quality of the toolpath, and then select the best toolpath. This conventional iterative approach is 
time-consuming and often error-prone. This paper presents a novel Machine Learning based system for choosing the best 
toolpath planning strategy for CNC machining (finishing) of complex freeform surfaces directly from the CAD model. Three 
tool path planning strategies are considered, viz. Adaptive planar, Iso-scallop, and Hybrid. At first, a novel toolpath analysis 
module is presented to evaluate the quality of the toolpath considering performance parameters such as the surface finish, 
toolpath length, and smoothness. The toolpath analysis module was extensively tested for robustness and accuracy. This quality 
measurement technique is then used to analyze and label a large number of CAD models to create a dataset for supervised 
learning for the three toolpath strategies. A Convolutional Neural Network (CNN) model is designed to predict the best toolpath 
planning strategy. Results show that the proposed data-driven model achieved 96.8% test accuracy. 
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1 Introduction 

Today, the manufacturing industry worldwide is witnessing 
a paradigm shift from mass manufacturing to mass 
customization. We need high-quality products in small batch 
sizes while achieving high productivity and shortened time 
to market for competitiveness. Computer Numerical Control 
(CNC) machines play a crucial role in the current 
manufacturing scenario due to their accuracy in producing 
physical parts from digital models. However, the effective 
utilization of the CNC machines to achieve these objectives 
is dictated by the availability of efficient CNC part programs, 
which are often produced by the Computer-Aided 
Manufacturing (CAM) software. A need thus exists to 
develop an efficient and robust intelligent toolpath planning 
system, which is the focus of research worldwide. 

2 Related Literature 

Literature reports several tool path planning strategies in 
research and commercial Computer Aided Manufacturing 
(CAM) systems such as Iso-planar, Iso-scallop, Spiral, etc. 
They facilitate the generation of CNC part programs from 
CAD models represented in parametric (NURBS), mesh 
(STL), and point-could (reverse engineered) formats. 
However, they do not provide any guidance on the best 
strategy to use. User needs to resort to the trial and error 
method, which is time-consuming, sub-optimal, and error-
prone. With the advent of artificial intelligence (AI) and 

machine learning (ML) techniques, the path planning for 
CNC machines can be made more reliable, intelligent, and 
efficient. AI is widely used for various manufacturing 
operations such as cutting parameter optimization [1], 
predictive maintenance [2], and cost estimation [3]. Nti et al. 
[4] reported that about 71% of work on AI and ML in 
engineering and manufacturing used supervised learning. 

For CNC toolpath planning, the AI has been used to 
perform three main tasks, viz. Automatic feature recognition 
(AFR), Computer-aided process planning (CAPP), and the 
choice of machining strategy. 

Various methods have been proposed over the years for 
AFR, such as syntactic pattern recognition [5], hint-based 
[6], rule-based [7], ANN [8], and attributed adjacency graph-
based [9][10]. Most recent studies use deep learning (DL) 
techniques due to their accuracy and versatility in 
recognizing features. Although significant progress has been 
made towards AFR, the methods are still constrained by the 
number of features they can recognize, and they cannot be 
generalized easily for end applications. 

The CAPP also saw many attempts to use ML for better 
results. Methods have been proposed based on the Genetic 
Algorithm [11], ANN [12], a combination of GA, ANN, and 
analytical hierarchical process (AHP) [13]. Besides process 
planning, ML techniques have been widely used in 
optimizing the toolpath parameters such as feed rate [14], 
depth of cut [15], machining direction [1], and stepovers 
[16]. All the above methods show wide adoption of ML for 
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machining and toolpath planning. 
Compared to the other two tasks, very few studies have 

been reported to predict the best strategy for machining a 
CAD model. Choosing the best strategy usually requires 
extensive experimentation, as done by Vila et al. [17]. One 
of the first works toward strategy prediction using AI was 
communicated by Balic and Korosec [18]. They used an 
artificial neural network (ANN) approach to predict the best 
toolpath planning strategy for a freeform surface and achieve 
acceptable accuracy. However, they only used surface 
quality to rank the toolpath. Klancnik et al. [19] further 
extended their work using a Self-organizing neural network 
(SOM). This approach required feature extraction from the 
CAD model and was also based on surface quality 
consideration only. Zavalnyi et al. [20] used CNN to perform 
binary classification of the T-spline surfaces for predicting 
the best out of the two toolpath planning strategies. They 
manually labeled the data and used augmentation techniques 
to generate sufficient data for deep learning. They achieved 
good accuracy, but the method was limited to only two 
strategies. Ülker et al. [21] used the Artificial immune system 
(AIS) to create a toolpath for the non-uniform rational B-
spline (NURBS) surfaces by selecting toolpath segments for 
interpolation based on the shortest distance. Zhao et al. [22] 
presented a comprehensive approach for classifying the part 
models for suitability towards a manufacturing process. They 
used part shape, quality, and material property as attributes. 
The models were classified for three manufacturing 
processes, viz., milling, turning, and casting. 

Literature shows that scant work is done to predict the best 
strategy for machining freeform surface CAD models. 
Choosing the best strategy is still done manually, either by 
extensive trial runs or by experts. Thus, there is a need to 
develop an intelligent prediction system that can choose the 
best strategy directly from the CAD model to create a smart 
CNC machining system. 

The work in this paper proposes a novel AI-based method 
in this direction. 

3 Methodology 

Figure 1 shows the comparison of the conventional approach 
and the proposed approach for choosing the best strategy for 
machining. The conventional method follows an iterative 
approach to finalize the toolpath planning strategy by 
continuously generating the toolpath and determining its 
quality. In comparison, our proposed method takes the CAD 
part model as an input and directly predicts the best strategy 
therefrom to machine the part using a data-driven deep 
learning network. 

In this work, we have used our three previously developed 
strategies to generate the toolpath denoted as S1: Adaptive 
Planar [23], S2: Iso-scallop [24], and S3: Hybrid [24]. In 
essence, the Adaptive planar toolpath selects the planar 
sidepaths according to the surface curvature to generate the 
toolpath. Iso-scallop determines the side path by calculating 

side cutter locations corresponding to each initial cutter 
location, thereby reducing redundancy at the cost of 
smoothness. The hybrid strategy generates the adaptive 
planar toolpath in high gradient regions and iso-scallop on 
the remaining portions to improve the smoothness. Details of 
the strategies are presented in the respective cited papers. The 
ML model developed herein predicts the best (optimum) out 
of these three strategies directly from the sparse height map 
of the CAD models. The various modules and procedures of 
the developed approach are presented in sections to follow. 

 

Fig.  1: Comparison of Conventional and Proposed 
approaches for finishing 

The paper is divided into two parts. The first part is on 
Toolpath analysis (Section 4), which ranks the toolpath for a 
particular CAD model. This module is then used to 
automatically label the dataset (Section 5) for the ML-based 
Strategy prediction system (SPS). The implementation and 
results are presented in Section 6, followed by the important 
conclusions of the work in Section 7. 

4 Toolpath Analysis 

The quality of a toolpath depends on various performance 
parameters. We propose a quantitative approach to assessing 
the quality of the toolpath. It is based on the three basic 
parameters: toolpath length, scallop height, and smoothness 
of the tool path (Abruptness). The computation procedure for 
these basic parameters is explained one by one. 

 Surface Finish: The scallop height is estimated by the 
algorithm developed in our previous work [25]. The 
algorithmic steps are as follows. The CNC program is 
directly interpreted to extract the CL points joined by 
straight lines (linear interpolation) in the toolpath. These 
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path lines are then sliced using the evaluation (slicing) 
planes perpendicular to the lay direction of the machined 
surface. The cutting tool impression at the intersection 
points on the slicing plane gives the surface profile. The 
waviness in the scallop profile thus obtained is filtered 
out to determine the scallop height. 

 Length of Toolpath: The second parameter is the length 
of the toolpath. The total toolpath length is the 
summation of all the linearly interpolated (connected) 
segments and the Ramp on/off movements of the tool for 
entry and exit. Ramps are (in/out) non-cutting portions 
and are not considered in the calculation of total length 
(Ltp), given by Eq. 1. 

𝐿𝑡𝑝 = ∑ √(𝑧𝑖+1 − 𝑧𝑖)2 + (𝑦𝑖+1 − 𝑦𝑖)2 + (𝑥𝑖+1 − 𝑥𝑖)2 𝑛
𝑖=1   (1) 

Where n is the total number of connected CL points in 
the toolpath, x, y, and z are the coordinates of the CL 
points.  

 Abruptness in Tool Path: The third parameter used to 
assess the quality of the toolpath is the smoothness of the 
path topology (Twists and Turns). An attempt has been 
made here to evaluate the abruptness in the tool path 
quantitatively. It is defined as the change in the toolpath 
direction (kinks), as shown in Fig. 2. Any sharp change 
in the toolpath direction indicates a point of variation in 
the direction of the velocity vector during interpolation 
that can lead to the variation of the feed velocity and 
forces. These may excite the vibrations of the feed drives 
at the corners (kinks) in the toolpath [26]. The frequent 
acceleration and deceleration would reduce the average 
feed rate. Abruptness can, thus, severely affect the 
machine surface quality and increase the machining 
time. In addition, it may lead to faster tool wear and 
higher loads on machine tool feed drives.  

In this work, the smoothness of the toolpath is 
quantified by defining a novel parameter termed as 
Abruptness Parameter (AP). Two instances (concave and 
convex turns) of toolpath abruptness are considered to 
encompass various situations.  These are shown in the X-

Y plane for a typical toolpath in Fig. 2. AP for one 
segment of a toolpath is the ratio of distance li,p over 
distance li,e. For example, consider instance '1' in Fig. 2, 
which shows three successive CL points Pi, Pi+1, and 
Pi+2. Here, li,p is calculated by finding out the 
perpendicular distance of Pi+1 from the line joining Pi 
and Pi+2, and li,e is taken as the Euclidean distance 
between Pi and Pi+2. The ratio of li,p, and li,e specifies the 
change in the direction of the toolpath in the X-Y plane 
for this segment, defined as AP. 

The total AP is the summation of the abruptness of 
all the toolpath segments and is given by Eq. 2. 

𝐴𝑃 = ∑  𝑙𝑖,𝑝
 𝑙𝑖,𝑒

𝑛
𝑖=0 = ∑  𝑙𝑖

 𝑙𝑖,𝑒 × |𝑠𝑖𝑛(∅𝑖 − ∅𝑗)𝑐𝑜𝑠(∅𝑖) |𝑛
𝑖=0  (2) 

Where n is the total number of toolpath segments. 

 

Fig.  2: Definition of AP 

4.1 Computation of overall Quality of the 

Toolpath 

Based on the above basic parameters, a new factor named 
Total Quality Factor (TQF) is devised to quantify the 
toolpath quality. It comprises three sub-factors, F1, F2, and 
F3, as enumerated below. 
F1: Average Scallop Factor 
F2: Toolpath Length Factor 
F3: Average Abruptness Factor 
These factors are explained one by one. 
i. Average Scallop Factor (F1): It specifies the 

closeness of average scallop height to the desired 
scallop height value. Theoretically, the factor F1 varies 
from 0 to 1, where '1' signifies that the average scallop 
height is equal to the desired scallop height. It is given 
by Eq. 3. Fig. 3 shows an example of F1 calculated for 
a sample toolpath. 𝐹1 = 1 − Closeness of avg. Scallop 

Desired scallop height= 1 − | ℎ̅ − ℎ|ℎ  

(3) 

Where ℎ̅ is the average scallop height, and h is 
the desired scallop height. 

 

Fig.  3: Example of Average Scallop Factor 

ii. Toolpath Length Factor (F2): This factor gives the 
normalized toolpath length. It is calculated by dividing 
the total toolpath length by the minimum achievable 
toolpath length for a projected surface area.  

Consider a freeform surface in Fig. 4 (a). If we 
generate the toolpath on the projected flat surface Ps to 
achieve the desired scallop height h, it would be the 
shortest possible toolpath on the given freeform surface 
Fs. The maximum possible sidestep on a flat surface to 
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achieve scallop height h is given by ssm (Fig. 4 (b)). 
Thus, the minimum toolpath length would be the ratio 
of the area of the Ps (Aw) and maximum side step (ssm). 
The toolpath length factor F2 is given by Eq. 4. 

 𝐹2 = min 𝑡𝑜𝑜𝑙𝑝𝑎𝑡ℎ 𝑙𝑒𝑛𝑔𝑡ℎ𝑇𝑜𝑜𝑙𝑝𝑎𝑡ℎ 𝐿𝑒𝑛𝑔𝑡ℎ= 𝑆𝑢𝑟𝑓𝑎𝑐𝑒 𝑎𝑟𝑒𝑎 𝑜𝑓 𝑊𝑜𝑟𝑘𝑝𝑖𝑒𝑐𝑒𝑀𝑎𝑥𝑖𝑚𝑢𝑚 𝑠𝑖𝑑𝑒 𝑠𝑡𝑒𝑝 × 𝑇𝑜𝑜𝑙𝑝𝑎𝑡ℎ 𝐿𝑒𝑛𝑔𝑡ℎ    = 𝐴𝑤𝑠𝑠𝑚 × 𝐿𝑡𝑝                                                  (4) 

                Where, 𝑠𝑠𝑚 = √4(2𝑟ℎ − ℎ2) 

 

Fig.  4: Illustration for Toolpath Length Factor 

iii. Average Abruptness Factor (F3): The abruptness 
factor is the average abruptness per segment given by 
Eq. 5. 𝐹3 = 𝐴𝑃𝑛  (5) 

Where n is the total number of segments. 
The Total Quality Factor (TQF) is a weighted quality 
measure of the factors mentioned above (F1, F2, and F3) 
given by Eq. 6. 𝑇𝑄𝐹 =  ∑ 𝑤𝑖𝐹𝑖3

𝑖=1  (6) 

𝑆𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜:  𝑤𝑖 ≥ 0;        ∑ 𝑤𝑖 = 13
𝑖=1  

Weightage vector [w1, w2, w3] is user-definable and can be 
chosen based on the user shop floor requirements. Based on 
the importance of various factors, two formations were tried 
out.  
i. [1/3, 1/3, 1/3]: In this formation, equal weightage was 

given to all the three sub-factors (F1, F2, F3). It 
provides a measure to determine the best toolpath by 
considering the equal importance of the three factors. 

ii. [0.3, 0.3, 0.4]: In this formation, the scallop height 
factor F1 and toolpath length factor F2 were given 
equal weightage. And the Abruptness Factor (F3) was 
given more weightage than the other two factors. 

These weightage schemes were tried out on 50 samples that 
were ranked manually to check the conformance of the TQF 
to the desired toolpath quality. It was found that scheme 2 
with W = [0.3, 0,3, 0.4] gives better results than scheme 1 in 

recognizing the better-quality toolpath strategy. This is 
because abruptness is a more significant factor. As noted 
earlier, it provides discontinuity in the velocity vector, which 
causes frequent acceleration and deceleration during 
interpolation. A larger weightage for the abruptness factor 
would thus reduce the smoothness and surface quality, and 
increases machining time. Hence, scheme 2 was finalized, 
the final formula is given by Eq. 7.  𝑇𝑄𝐹 =  0.3 ∙ 𝐹1 + 0.3 ∙ 𝐹2 + 0.4 ∙ 𝐹3 (7) 

For illustration purpose, three base models are shown 
below (Fig. 5). These models are clearly distinguishable for 
specific strategies. Model 1 (Fig. 5 (a)) is suitable for 
Adaptive planar, Model 2 (Fig. 5 (b)) is suitable for Iso-
scallop, and Model 3 (Fig. 5 (c)) is suitable for Hybrid 
strategy. The toolpath generated using the three strategies for 
these three models were analyzed using the toolpath analysis 
module. 

 

Fig.  5: Base models for determining weights 

Table 1 shows the calculated factors. As can be seen, the 
chosen scheme (Scheme 2) of weights made sure that all 
three base models were categorized correctly. 
 

Insert: [Table 1: Toolpath analyses factors for Base 
models], Placed at the end of MS for review 

Any other weightage scheme can be defined by the user to 
suit the specific purpose and importance. It should be 
uniformly used on the full dataset to rank them. In the present 
work, Eq. 7 mentioned above has been used. 

5 ML-based Toolpath Strategy Prediction System 

This section presents the data-driven prediction model that 
directly gives the best toolpath planning strategy based on the 
ML technique. The various modules of the intelligent 
Strategy Prediction System (SPS) are explained one by one. 

5.1 Development Pipeline of SPS 

The suitability of a toolpath planning strategy to optimally 
machine a part depends on the location, size, and the number 
of spatial features present on the freeform surface CAD 
model. Choosing an ML framework that can effectively 
identify these spatial features is critical. In the current work, 
Convolutional Neural Network (CNN) is used because it is 
computationally fast, can explicitly make use of the spatial 
structure of the problem, and is capable of multi-scale 
learning. 

The development pipeline of the SPS to predict the best 
strategy is proposed as under (Fig. 6). 
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Fig.  6: Development pipeline of the SPS 

 

 

Fig.  7: An illustration of the Flow diagram of the Strategy Prediction System 

i. Create a dataset of CAD models, and voxelize them 
[23]. 

ii. Generate the toolpath for each strategy using voxel 
based CAD models and analyze the generated toolpath 
for Labeling the CAD models. 

iii. Build a CNN architecture that can be efficiently 
trained on the Surface map of CAD models. 

iv. Test and tune the performance of the trained model. 

A sample flow diagram to predict the best strategy for a 
CAD model using trained CNN is shown in Fig. 7. It takes a 
CAD model as input and pre-processes it to generate a sparse 
surface map (Z-map) of array size 100×100. The surface map 
is then given as input to the trained CNN that predicts the 
best strategy for machining the part model. Finally, the 
toolpath can be generated using the suggested toolpath 
planning strategy (S1, S2, or S3)  

The steps involved in the development pipeline are 
explained one by one. 

5.2 Dataset Preparation 

Preparing a dataset is an extremely important step in 
supervised learning. The dataset preparation includes the 
generation of several CAD models with varying 
complexities. This work used a Bezier surface patch to 

generate CAD models of free form surfaces given in Eq. 8. 
Fig. 8 shows a typical surface patch in R3 space [27]. 

P(u, v) =  ∑ ∑ Bi,m(u)n+1
j=1

m+1
i=1 Bj,n(v)Pij          ∀𝑢, 𝑣 ∈ [0,1]  (8) 

Where Bi,m(u), Bj,n(v) are the Bernstien basis functions given 
by Eq. 9 Bi,m(u) = 𝐶𝑖𝑚𝑢𝑖(1 − 𝑢)𝑚−𝑖 Bi,n(u) = 𝐶𝑗𝑛𝑢𝑗(1 − 𝑢)𝑛−𝑗 

(9) 

To design the surface patch, a mesh of (m+1) × (n+1) 
control points (Pij) is created. In this work, m and n are taken 
to be 5, giving a mesh of 6×6 control points. The following 
variations were introduced in the patch to create a large 
number of unique freeform surfaces: 

i. Random number of features (peaks and valleys) by 
varying the number of control points with non-zero Z 
height. 

ii. Random locations of features by varying X and Y 
locations of the non-zero Z. 

iii. Random heights of features by varying the Z value of 
control points at the chosen random locations. 
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Fig.  8: Modelled Bezier Surface Patch 

As observed in [24], the hybrid strategy could be more 
desirable if there is a steep feature in the freeform surface. 
Inclined islands were thus, created to introduce steep features 
on the models, as shown in Fig. 9. The following variations 
in steep features were included. 
i. Random dimensions (length and breadth of the top 

surface of steep feature), heights, and steepness of 
features  

ii. Varying number of features and their random 
placement 

 

Fig.  9: Bezier Surface Patch with Steep feature 

5.3 Analyses and Labelling of CAD models 

After obtaining the freeform surface CAD models, the 
toolpaths were generated using three developed strategies 
(Adaptive (S1), Iso-scallop (S2), and Hybrid (S3)). For a given 
CAD model, an optimal toolpath may depend on the 
direction of the master cutter path (MCP). Thus, to make the 
classification model more encompassing, we generated the 
toolpath from the four main directions, namely, +X, +Y, -X, 
and -Y. Consequently, a total of 12 toolpath (3 strategies) 
were generated per CAD model.  

The next task is to analyze each toolpath and label the 
CAD models. All the toolpaths were examined for their 
performance parameters, viz. toolpath length, surface 
quality, and abruptness, using the framework presented in 
section 3.1. The CAD models were labeled based on the TQF 
of their corresponding toolpath by a number [1, 2, or 3], 
where 1: Adaptive, 2: Iso-scallop, and 3: Hybrid strategy.  

As the CNN requires a large dataset, it was essential to 
automate the whole process. The data generation modules 
were, thus, combined and automated in MATLAB. A total of 
13000 models were generated. As a result, 156000 toolpath 
were obtained and analyzed, giving a labeled set of 3160 

models for Adaptive planar, 6889 for Iso-scallop, and 2951 
for Hybrid Strategy. To create a balanced dataset, 2951 
models were randomly picked from both the Adaptive and 
Iso-scallop sets, making a total of 8853 models. Few sample 
synthetic CAD models are shown in Fig. 10. 

 

Fig.  10: Sample models suitable for Adaptive Planar, Iso-
scallop, and Hybrid Strategies 

5.4 Pre-processing of Surface Maps 

The CAD models were represented as 100×100 surface map 
images (Si) with each pixel giving the height of the surface 
point. CNNs are better at dealing with floating-point numbers 
between 0 and 1 [28]. Hence, the height values need to be 
normalized before they are fed into the input layer of the 
CNN. Converting pixel values to floating-point values 
between 0 and 1 is called normalization or min-max scaling 
given by Eq. 10. Si = Si − min(Si)max(Si) − min(Si)  (10) 

5.5    The architecture of CNN 

Designing a CNN involves deciding the number and type of 
layers (i.e., input, hidden, and output layers) in the network, 
choosing activation functions and optimizers, and 
determining the hyperparameters. These parameters are 
based on the application and determined using extensive 
experimentation. The number of parameters in the CNN must 
be in a fixed proportion of the amount of training data since 
having a lot of parameters will result in overfitting, and a few 
parameters will result in loss of accuracy [29]. The structure 
of the CNN used in this work is composed of the following 
components. 
i. Input layer: The input to the network is a height map 

(image) of the CAD model of size 100 × 100. The 
input layer is a 2D convolutional layer defined by the 
number of filters, filter size, strides of convolution, 
and the activation function. These parameters are 
finalized using parametric studies in Section 5.6. The 
data from this layer is passed onto the hidden layers. 

ii. Hidden layers: These layers take input from the 
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previous layer, perform a suitable operation on the 
input, and pass output to the next layers. The basic 
structure of the hidden layers in this work consists of 
a convolutional layer, followed by a batch 
normalization layer and a max-pooling layer. The 
batch normalization layer prevents internal covariance 
shift and improves the speed, performance, and 
stability of CNN [28]. And max-pooling downsamples 
the input 2D spatial data along its height and width 
using the window size of 2×2 and strides equal to 2. 
The output from this set of layers is flattened and 
passed into a fully adjacent layer of 512 nodes. A 
dropout layer with a probability of 0.3 is applied 
before feeding it to the output layer. A dropout layer 
is used to induce randomness by randomly making a 
few neurons 0. It increases accuracy during testing 
(inference phase) [28]. 

iii. Output layer: It is a fully connected layer with 3 
nodes. The Softmax function is used in this layer to 
give the probability of the predicted output labels for 
classification. 

The network formed by these layers needs to be trained with 
the generated dataset. The training is performed in small 
batches for multiple iterations (epochs). The CAD models 
(represented as a surface map image) and their expected 
labels are given as input for training the model. The designed 
network is evaluated using a loss function that calculates the 
difference between the network output and the expected 
(given) output. The weights are updated using 
backpropagation. As the current problem is a multi-class 
classification problem, the categorical cross-entropy function 
is used as a loss function. Minimizing the cross-entropy loss 
function ensures that the output of the model is as close to the 
corresponding label as possible. It is denoted as the negative 
of the log-likelihood function (Eq. 11).  𝐿(𝜃 = (𝑊, 𝑏), 𝑋 = 𝑋𝑖  ) = − ∑ 𝑦𝑖𝑗𝑀

𝑗=1 log(𝑝𝑖𝑗) (11) 

for the ith data, pij is the corresponding probability prediction, 
and M is the number of classes it classifies into, in this case, 
M = 3 (the three strategies). 

5.6 Parametric Studies on CNN Architecture 

Designing the CNN architecture involves deciding and 
tuning the hyperparameters to obtain the most efficient 
neural network. Extensive parametric studies were carried 
out to finalize the following components: 

i. CNN Architecture  
ii. Activation Function (ReLU, tanh, Sigmoid)  

iii. Optimizer 
iv. Learning Rate 

The metric taken into consideration is the test accuracy/test 
loss. Effect of the CNN architecture, Activation function, 
Optimizer, and Batch size is discussed. 

Choosing the right architecture involves a lot of trial and 
error in selecting the convolutional layer and its size. Table 2 

shows the tested model configurations and their accuracies. 
The first bracket of the "Trial Configurations" shows the 
number of nodes in each layer, and the second bracket gives 
the activation functions specified for each layer. It was seen 
that the test accuracy for the deeper network was less than for 
smaller networks. This could be because the deeper network 
tries to pick more complex features. If the data is mutually 
exclusive and has well-defined boundaries, it may be better 
to use deeper networks. But in our application, we need to 
observe the overall structure of the spatial features. The 
freeform surfaces are not mutually exclusive, and they 
consist of similar features with different gradients, 
curvatures, and locations. Hence, network architecture 
number 6 of Table 2 was chosen in the present work. 

Three main activation functions were tried out with 
different combinations of layers, viz. tanh, Sigmoid, ReLU. 
It was seen that the sigmoid function for the first layer and 
ReLU for the remaining layers gave the best result. It may be 
because our application needs to recognize islands as well as 
valleys, and it must not discard negative gradient values in 
the first layer, which would be the case if we use ReLU in the 
first layer. 

After finalizing the number of layers, three optimizers 
were tried out, namely, Stochastic Gradient Descent (SGD) 
with momentum, Adam, and RMSprop [29]. It was seen that 
the SGD with momentum gave the best test accuracy and thus 
was chosen as the optimizer in the present work. 

An adaptive learning rate was used in the present work 
with an initial value of 0.01. The learning rate was reduced 
by a factor of 0.8 if it showed no improvement for 10 
consecutive epochs. The architecture finalized after all the 
experimentation is shown in Fig. 11. 

 
Insert: [Table 2: Trial Network Architectures] 

6 Implementation and Testing 

The CNN architecture was implemented using the 
TensorFlow-Keras in Python 3 on a system with Ubuntu 
20.01. The system had an Intel i7 processor and 16 GB RAM 
with an 8 GB Nvidia RTX 2070 GPU. 

 

Fig. 11: Final CNN Architecture 
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Fig. 12: (a) Model accuracy curve, (b) Model loss curve (c) Confusion Matrix 

The dataset of the part models was divided into training 
and test sets in the ratio of 80%-20%, respectively. As 
mentioned earlier, SGD with momentum and reduce on the 
plateau was used as an Optimizer, and the initial learning rate 
was set to 0.01. The network was trained using the 
categorical cross-entropy loss function with the softmax 
function on the last layer. The softmax function normalizes 
the predicted probabilities into three classes giving a feature 
vector of size 1×3. The maximum probability out of the three 
signifies the predicted class of the toolpath. The network was 
trained using 7082 CAD models. The trained network was 
then tested on 1771 models. The learned CNN yielded a 
training and test accuracy of 98.5% and 96.8%, respectively, 
for classifying a CAD model and suggesting the best 
machining strategy. The variation of the loss function and 
accuracy with epochs is shown in Fig. 12.  

The test performance was further analyzed using a 
confusion matrix to check classification accuracy. Fig. 12 (c) 
shows that almost all the models suitable for hybrid strategy 
were correctly predicted. There was some confusion between 
the Adaptive planar and Iso-scallop toolpath. This is because 
the difference between TQF for Adaptive planar and Iso-
scallop toolpath is less for a relatively simple model. In such 
a case, Iso-scallop should be chosen because it gives constant 
scallop height throughout the surface. 

A comparison of the developed architecture was also 
carried out with ANN, and CNN with SVM as shown in Fig. 
13. The test accuracy of ANN, and CNN with SVM were 
92.7% and 95.7%, respectively. It is seen that our proposed 
model (CNN) is more accurate than the other two models.  

 

Fig.  13: Comparison of different models 

7 Conclusions 

This paper reported a novel toolpath analysis and data-driven 
strategy prediction system. The toolpath analysis method is 
unique, showing a very good agreement with the simulation 
results. It gave a common metric (TQF) for rating the 
toolpath by including various performance parameters of the 
toolpath topology. This method was further used to 
automatically label the dataset to develop the ML-based 
strategy prediction system (SPS). The results showed that the 
trained CNN performs adequately well on test cases with an 
accuracy of 96.8% for predicting the best strategy out of three 
toolpath planning strategies. The developed CNN-based 
system is, thus, a novel data-driven method to predict the 
optimum strategy to manufacture a part directly from the 
CAD models. 
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Table 1: Toolpath analyses factors for Base models 

Factor 
Model 1 Model 2 Model 3 

S1 S2 S3 S1 S2 S3 S1 S2 S3 

F1 0.9727 0.9916 - 0.9036 0.9760 - 0.9583 0.9742 0.9897 

F2 0.8947 0.8880 - 0.8712 0.8926 - 0.5107 0.6161 0.5869 

F3 0.9808 0.9802 - 0.9902 0.9894 - 0.9969 0.9684 0.9808 

TQF 0.9673 0.9559 - 0.9285 0.9562 - 0.6779 0.8192 0.8334 

 
 
 
 
 

Table 2: Trial Network Architectures 

S. no. Trial Configurations Test Accuracy 

1 (100, 75, 50, 25, 512, 3) and (ReLU, ReLU, ReLU, ReLU, ReLU, Softmax)   85.2 

2 (75, 50, 30, 10, 512, 3) and (ReLU, ReLU, ReLU, ReLU, ReLU, Softmax)   85.4 

3 (75, 50, 30, 10, 512, 3) and (tanh, tanh, tanh, tanh, tanh, Softmax)   82.2 

4 (75, 50, 25, 512) and (Sigmoid, ReLU, ReLU, Softmax) 92.3 

5 (50, 25, 512, 3) and (ReLU, ReLU, ReLU, Softmax)   95.4 

6 (50, 25, 512, 3) and (Sigmoid, ReLU, ReLU, Softmax)   96.8 

Learning Rate: 0.1, 0.01, 0.001 

Optimizer: Adam, SGD with momentum, RMSprop 
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