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Abstract: Industry 4.0 and the rise of predictive maintenance have led to increased interest in developing efficient and accurate methods for 

detecting tool wear in manufacturing processes. In this work, we investigate the use of machine learning techniques, specifically Long Short-

Term Memory (LSTM) networks, for the detection of tool wear using NASA Milling Data Set. We first preprocess the raw milling data and 

extract relevant features using signal processing techniques. Then, we train and evaluate the performance of the LSTM network for detecting 

tool wear in the milling process. Our results demonstrate the effectiveness of the LSTM network for detecting tool wear, achieving high 

accuracy and recall scores. Additionally, we compare our results to those obtained using traditional statistical process control methods and 

highlight the advantages of using machine learning techniques for tool wear detection in the context of Industry 4.0 and predictive 

maintenance. Our work provides a practical example of how machine learning techniques can be applied to manufacturing processes to 

improve efficiency and reduce downtime. 
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1. Introduction 

The rapid development of the manufacturing industry has 

resulted in necessity to incorporate intelligent technologies for 

monitoring of the machine's performance. Tool condition 

monitoring (TCM) is an essential component of implementing 

intelligent perception and decision-making technology to the 

process, as it plays critical role in production efficiency and final 

product quality. It reduces the risk of workpiece failure, minimalize 

machine unscheduled downtime, and save costs that can be 

generated by preventive maintenance. In order to detect and prevent 

failures even more efficiently, traditional condition monitoring 

started to be combined with data science and machine learning 

techniques.  

Therefore, some of the newest solutions, that were proposed in 

recent articles concerning tool wear detection, are to be presented 

below: 

 Autoencoders, Variational Autoencoders, Stack Sparse 

Autoencoders 

The feature learning process is that the encoder maps the 

input layer data to the hidden layer, and the decoder decodes 

the hidden layer features to the output layer. Autoencoders 

"learn" to reconstruct their inputs. As a result, "feeding data 

into an autoencoder that is very different from what the 

autoencoder was trained on will produce large reconstruction 

errors. Feeding similar data will produce lower 

reconstruction errors" [10]. By monitoring the size of the 

reconstruction error, it can be decided how abnormal the data 

is. The Variational Autoencoder (VAE) has a similar 

structure to traditional one. What differs it from a traditional 

autoencoder is "that the VAE is both probabilistic and 

generative"[10] – outputs are partly random. The sparse AE 

model adds sparsity restrictions to the hidden layer (data that 

does not contain the actual values of features is excluded), 

"so that it can learn the best samples and reduce the 

dimensionality of the input information"[1]. 

 Self-Organizing Maps (SOM) 

This approach represents the clustering concept by grouping 

similar data together. "It is an unsupervised learning neural 

network that maps high-dimensional input data onto a lower-

dimensional grid of neurons"[2] (while preserving the 

topological structure of the data) and displays similarity 

among data, which makes it particularly useful for analyzing 

and high-dimensional data. 

 ELM, KELM, TAKELM 

AI models, such as KELM, were proven to be very effective 

even with a small sample size. KELM extends the ELM 

algorithm (machine learning algorithm for training single-

hidden-layer feedforward neural networks) by introducing 

kernel functions. Kernel functions are used to transform the 

input data into a higher-dimensional feature space, this 

makes KELM capable of handling nonlinear and non-

separable data. "The improved kernel extreme learning 

machine (TAKELM) employs a two-layer network structure 

and an angle kernel function"[3]. This approach overcomes 

the drawbacks of KELM underperforming in terms of 

learning the features of complex nonlinear data and avoiding 

the need for preselecting the kernel function and its 

hyperparameter. "In comparison with KELM, two-layer 

angle KELM has a higher prediction accuracy"[4]. 

 GSA-BP 

A GSA-BP prediction model is established by a BP (Back 

Propagation - error is propagated backward through the 

network to calculate the gradients of the weights and biases) 

“neural network in which the weights and thresholds are 

optimized through the gravitational search algorithm 

(GSA)"[5]. GSA is an optimization algorithm inspired by the 

law of gravity and the behavior of celestial bodies. It 

simulates the interaction between masses in a gravitational 

field to find the optimal solution to a given problem (by 

iteratively adjusting the positions and masses of the 

particles). The test results show that the prediction results of 

the GSA-BP model are in good agreement with the actual 

wear, and the prediction accuracy is higher than that of the 

traditional BP neural network model. 

The satisfying accuracy of the above solutions has proven that 

by using machine learning techniques, especially deep learning, tool 

wear detection has been led to the next level. Therefore we decided 

to evaluate the effectiveness of another AI method – Long Short-

Term Memory Network. 

LSTM is a type of recurrent neural network that is considered to 

be appropriate for processing sequential data, such as time series, 

which is suitable for measurements from milling process. LSTMs 

were introduced to overcome the limitations of traditional RNNs in 

capturing long-term dependencies in sequential data. They achieve 

this by incorporating memory cells and gating mechanisms that 

control the flow of information within the network. The memory 

cells enable LSTMs to selectively remember or forget information 

over extended time intervals, making them well-suited for tasks that 

require modeling long-term dependencies [8, 9]. 

 

2. Data 

Data comes from open source dataset called NASA Milling 

Dataset [10]. Data set was obtained from runs on a milling machine 

under various operating conditions. The cutting speed was set to 

200 m/min, measurements were conducted for two depths of cut: 

1.5mm and 0.75mm, two feeds: 413mm/min and 206.5mm/min and 
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two types of material, cast iron and stainless steel J45. All 

experiments were done a second time with the same parameters 

with a second set of inserts. That, in the end, gives 16 cases with 

varying number of runs (what was dependent on the degree of flank 

wear, that was measured between runs at irregular intervals up to a 

wear limit and sometimes event beyond it). Data sampled by three 

different types of sensors: acoustic emission sensor, vibration 

sensor, current sensor, were acquired at several positions. All of 

those parameters were measured for both spindle and a table. 

 

 

 

 

  

3. Data Pre-processing 

Flank wear measurements were made in irregular intervals, 

therefore this parameter is lacking in great majority of runs. To 

replenish those gaps, on the existing VB data it has been applied 

interpolation, which gives us the idea what the real value of the 

parameter was. Also the threshold for the tool wear was set: it is 

commonly stated that maximum useful tool parameter value is not 

higher than 0.2 mm. [6, 7] We divided then our data into 2 classes 

(Tab. 1).: 

- healthy: VB ≤  0.2mm 

- worn: VB > 0.2mm 

 

In this study, the data for anomaly detection in worn milling 

tools was normalized to values between 0 and 1, ensuring consistent 

scaling across features (Tab. 1). The neural model was trained 

exclusively using data labeled as "healthy," enabling it to learn 

patterns associated with normal operating conditions. By employing 

data normalization and training with healthy data, the study aimed 

to develop a robust anomaly detection system. It is crucial to 

evaluate and validate the model's performance using separate 

datasets containing both healthy and worn tool data to assess its 

generalization and effectiveness in real-world scenarios. So testing 

dataset consists of data labeled both as “healthy” and “worn”. 

4.  Model Structure 

First LSTM Layer: This layer has 10 LSTM units. It takes input 

with the given shape, which corresponds to the time steps and 

features of your input data. The return_sequences parameter is set to 

pass the sequence output to the next layer. It also uses L2 

regularization with 0.01 value to prevent ovefitting 

Second LSTM Layer: This layer has 5 LSTM units and also 

uses return_sequences  to pass the sequence output to the next layer. 

Third LSTM Layer: This layer also has 5 LSTM units and 

return_sequences to pass the sequence output. 

Fourth LSTM Layer: This layer has 10 LSTM units and 

return_sequences to pass the sequence output. 

Fifth layer is dropout layer with value equal to 0.5. It sets 50% 

of values to zero. It also prevents overfitting. 

Next layer is wrapped in the TimeDistributed wrapper, which 

applies a dense layer to each time step of the sequence 

independently. The Dense layer has 6 units, which corresponds to 

the number of features in the output sequence. 

The resulting model has a deep LSTM structure (Fig. 2). with 

multiple layers to capture temporal dependencies in the input data. 

The TimeDistributed layer allows for independent prediction at 

each time step, which can be useful for sequence-to-sequence tasks 

or multi-step prediction. 

The model was configured by compiling it with the Adam 

optimizer, which dynamically adjusts the learning rate during 

training, and the mean squared error (MSE) loss function, which 

measures the average squared difference between predicted and 

target values. The training process involves iteratively presenting 

the training data to the model over a specified number of epochs. 

The data is divided into batches to improve efficiency, and a 

validation split of 20% is used to assess the model's performance on 

unseen data. Throughout the training, the model's progress is 

monitored, and callback functions were implemented to save model 

progess during learning. The goal is to optimize the model's ability 

 

 

Fig. 1 Comparison of the data from first and last run. 

 

State Number of 

samples 

Part of 

dataset 

Healthy 1600 39 % 

Worn 2525 61 % 

 

 

. 

Table. 1 Values of healthy & worn tool 
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to reconstruct the input data accurately and detect anomalies in the 

worn milling tool dataset. Learning lasted for 50 epochs (Fig. 3). 

Fig. 2 Model of neural network 

Fig. 3 Chart of Training & Validation Loss 

 4.  Anomaly Detection 

 After training, the model is used for anomaly detection. The 

trained model is applied to the training set, and the mean absolute 

error (MAE) loss between the predicted output and the original 

input is calculated. This provides a measure of reconstruction error 

for each data point in the training set. Then mean value of an error 

for every time instance is calculated. The mean MAE loss from the 

training set is selected as the threshold for anomaly detection. 

The trained model is applied to the testing set, and the mean of 

MAE loss between the predicted output and the original input is 

calculated. Anomalies are detected by comparing the MAE loss of 

each data point in the testing set to the threshold. 

5.  Results 

The recall value of 94.62% means that the model correctly 

identified 94.62% of the anomalies (positive samples) in the dataset 

(Tab. 2). It indicates a high ability of the model to detect anomalies, 

minimizing the number of false negatives (missed anomalies). 

The accuracy value of 78.30% represents the overall proportion 

of correct predictions, considering both healthy (negative) and 

anomaly (positive) samples (Tab. 2). It is important to note that 

accuracy can be misleading in imbalanced datasets where the 

majority of samples are healthy, as the model may perform well in 

classifying healthy samples but struggle with identifying anomalies. 

The F1 score of 83.62% balances precision and recall and 

provides a measure of overall model performance (Tab. 2). It 

considers both the ability to detect anomalies (recall) and the 

accuracy of anomaly predictions (precision). 

The precision value of 74.92% indicates the proportion of 

correctly classified anomalies (true positives) out of all predicted 

anomalies (Tab. 2). A high precision implies a low rate of false 

positives, meaning that most of the predicted anomalies are indeed 

true anomalies. 

Based on the results, the model demonstrates a relatively high 

recall and F1 score, suggesting its effectiveness in identifying 

anomalies. However, it is essential to consider the specific 

requirements and characteristics of the problem domain, as well as 

the potential impact of false positives and false negatives on the 

application of the model. 

6.  Conclusions 

In this study, we developed an LSTM-based anomaly detection 

model to identify worn milling tools using the NASA milling 

dataset. The model exhibited notable performance, as evidenced by 

its high recall and F1 score. These results indicate its proficiency in 

correctly identifying instances of worn tools, thereby facilitating 

predictive maintenance and reducing the likelihood of tool failures. 

Nevertheless, it is crucial to acknowledge the contextual factors 

that influence the model's applicability. The specific requirements 

 Value [%] 

Recall 94.61697722567288 

Accuracy 78.30303030303031 

F1 83.62305580969809 

Precision 74.91803278688525 

 

 

 
Table. 2 Computed results 
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of the milling process, such as cost considerations and the impact of 

false positives and false negatives, need to be carefully evaluated. 

False positives may result in unnecessary tool replacements and 

increased maintenance costs, while false negatives can lead to tool 

failures and production delays. 

To ensure the successful implementation of the LSTM-based 

anomaly detection model in real-world scenarios, domain-specific 

considerations should guide decision-making processes. By 

accounting for the trade-off between false positives and false 

negatives, and aligning the model's performance with the specific 

requirements of the milling process, the benefits of predictive 

maintenance and effective tool wear detection can be maximized. 

Overall, this research provides valuable insights into anomaly 

detection techniques for detecting worn milling tools. The findings 

contribute to the advancement of Industry 4.0 strategies and 

highlight the significance of predictive maintenance in enhancing 

manufacturing efficiency and reducing downtime. Future research 

can focus on refining the model's performance and exploring 

additional datasets to further validate its efficacy in different milling 

environments. 

 Based on these results, the model demonstrates a relatively 

high recall and F1 score, suggesting its effectiveness in identifying 

anomalies. However, it is essential to consider the specific 

requirements and characteristics of the problem domain, as well as 

the potential impact of false positives and false negatives on the 

application of the model. 
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