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In machining operations, dynamometers are typically used to directly measure the forces acting on cutting tools. However,
their high cost and complex setup restrict their use to laboratory environments, making them unsuitable for real-time
monitoring in general production settings. To overcome this limitation, this study proposes an autoencoder-based learning
model for estimating cutting forces using only spindle vibration signals acquired during milling. The model features a deep
neural network (DNN) that takes processed spindle vibration signals as input and predicts latent features derived from
cutting force signals through an autoencoder. These predicted latent features are then fed into a pretrained decoder to
reconstruct the corresponding cutting force signals. To enhance the model's accuracy and robustness, the raw vibration
signals sampled at 20 kHz were filtered with a bandpass filter that spans the effective frequency range of 20-2500 Hz,
effectively removing irrelevant noise. For validation, an accelerometer was mounted on the spindle head of a milling
machine, and vibration data were collected during cutting. The estimated cutting forces were compared to ground truth
measurements obtained from a dynamometer. The model achieved a Pearson correlation coefficient of 0.943,
demonstrating that reliable cutting force estimation is achievable using only low-cost vibration sensors.
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Fig. 1 Architecture of autoencoder
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Fig. 4 Experimental setup: (a) Sensor placement on the 5-axis
machining center and (b) Data acquisition system used for
force and vibration signal measurement

Table 1 Data acquisition system specifications

List Specifications
Dynamometer Range Fx, Fy -5to SkN
(9257B & 5167A81 Sensitivity 7.5 pC/N
Kistler) Analog output -10tol0 V
Vibration sensor Range -50 to 50
(356A15, PCB) Sensitivity 100 mV/g
Data acquisition Analog input -10tol0 V
(SIRIUS-HS-8xACC, ADC resolution 16 Bit
DEWESoft) Sample rate Max 1MS/s
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Fig. 6 Cutting force reconstruction using the autoencoder
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