
DATA DESCRIPTOR 1 

3D topographies and vibration signals of end-milling states 2 

including stable, forced vibration and chatter 3 

Abstract 4 

Vibration significantly impacts precision machining processes, adversely 5 
affecting surface quality, dimensional accuracy, and tool durability. 6 
Analyzing 3D topography of machined surface enables the identification and 7 
quantification of vibration information, essential for machining 8 
optimization. To support such investigations, a milling dataset was created 9 
in this study, comprising detailed 3D surface topography from end milling 10 
of 7075 aluminum alloy under diverse cutting conditions, including varying 11 
feed rates, spindle speeds, and machining states (stable cutting, forced 12 
vibration, and chatter). High-resolution surface data were acquired using 13 
white-light interferometry alongside synchronized acceleration signals 14 
collected during machining, which has seldom been reported in previous 15 
literature. These signals underwent frequency-domain analysis using Fast 16 
Fourier Transform (FFT) to determine peak frequencies, amplitudes, and their 17 
distributions, effectively characterizing vibration intensity and dynamic 18 
behavior. The dataset provides critical insights into relationships between 19 
machining parameters and process stability, establishing foundational 20 
knowledge for targeted improvements. The milling dataset thus facilitates 21 
research into machining stability, aiding in the development of precise 22 
control and optimization strategies. 23 
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 31 

Background & Summary 32 



Vibration in machining is commonly classified into free, forced, and self-excited forms1,2, each 33 

requiring distinct suppression strategies3. To identify the source and nature of vibration, a 34 

fundamental and widely adopted approach is time–frequency analysis4-8. In the time domain, 35 

global trends and abrupt changes are examined4,8, whereas in the frequency domain Fast Fourier 36 

Transform (FFT)5,9-12 is applied to extract spectral features—such as dominant frequencies and 37 

bandwidths—that reveal periodic vibration patterns6. Classical techniques, however, have 38 

limited capability when handling non-stationary signals and may fail to capture more complex 39 

characteristics1. To extract such features, several advanced algorithms have been introduced. 40 

McIntyre et al. proposed Short-Time Fourier Transform (STFT) segments the signal to reveal 41 

frequency variations over time13; Empirical Mode Decomposition (EMD) combined with the 42 

Hilbert–Huang Transform (HHT)14,15 which was proposed by Huang et al. decomposes strongly 43 

nonlinear signals into intrinsic mode functions16, from which instantaneous frequency and 44 

energy can be derived. In addition, modern machine-learning methods—such as long short-45 

term memory (LSTM) networks17-20 and attention-based models21-25—have been widely 46 

employed, because they can detect correlations within long sequences and therefore better 47 

highlight factors that induce vibration. Vashisht et al. improved the cutting-dynamics equations 48 

to simulate CNC ball-screw drive-current sequences and used them to train an LSTM network, 49 

thereby enabling on-line chatter detection in milling without additional sensors; an 50 

experimental accuracy of 98 % was reported26. 51 

Most existing studies rely heavily on time-series signals such as acceleration or acoustics and 52 

often require stability-lobe diagrams to assess system stability9,27-29. This practice is 53 

disadvantageous for chatter—an especially harmful self-excited vibration—because stability 54 

lobes merely indicate whether chatter occurs and cannot quantify its severity30. Consequently, 55 

parameter selection in actual machining remains ambiguous, and empirical or conservative 56 

strategies continue to dominate. 57 

Given that the ultimate objective is the workpiece surface, intermediate signals such as 58 

vibration, force, and sound are merely investigative tools rather than final targets. Guided by 59 

an end-to-end philosophy, recent research has focused on direct surface monitoring31-33; for 60 

example, Wu et al. developed a ToolWearNet convolutional-neural-network34 model that was 61 

first pre-trained with a convolutional auto-encoder and subsequently fine-tuned by back-62 

propagation with stochastic gradient descent; in on-line machine-tool experiments, the method 63 

achieved 96.20 % accuracy in classifying tool-wear types and limited the mean absolute 64 

percentage error of wear-value estimation to 4.76 %, thereby demonstrating high efficiency and 65 

practical applicability. Xiao et al. introduced an end-to-end CNN-BiTCN-Attention model35 66 

that integrates a convolutional neural network, a bidirectional temporal convolutional network, 67 

and an attention mechanism. On the public ACF dataset, the proposed approach achieved a 68 

mean absolute percentage error of 0.79 % and a coefficient of determination of 99.81 % for 69 



surface-roughness prediction, outperforming existing methods by a considerable margin. With 70 

this motivation, the 7075milling dataset was collected, providing surface morphology produced 71 

under diverse milling parameters for 7075 aluminum alloy. Three-dimensional surface maps 72 

were acquired with a surface profilometer and compiled into high-resolution point-cloud data 73 

that reveal fine surface details. The dataset offers paired information on surface topography and 74 

synchronized spindle-acceleration signals for various machining states, comprising 1 160 sets 75 

of 3D topography and corresponding acceleration data. Dominant frequencies in the 76 

acceleration signals were extracted via FFT. 77 

In previously released datasets, topography is often obtained by laser scanning36, whose 78 

resolution is lower than that of white-light interferometry and may obscure surface details, 79 

while many studies disclose only acceleration data without surface information. 7075milling, 80 

by contrast, delivers finer 3D surface detail. In the work of Zhou et al.37, these surface maps 81 

were used to train a CNN capable of identifying and quantifying chatter features; the resulting 82 

metrics enabled selection of more efficient cutting parameters without compromising quality. 83 

Moreover, the classification accuracy of this method is 100% based on experimental data, 84 

which is higher than that of 𝐺𝑎(97.7%), APSD(79.5%), and OV (97.7%) methods. Zhu et al.38 85 

employed the dataset to separate self-excited and forced vibration components—phenomena 86 

that differ in origin, energy, and mitigation measures. Energy analysis quantified each vibration 87 

mode’s influence on the surface, and several spatial-frequency components combined with 88 

acceleration signals were used to approximate the overall surface profile, although detailed 89 

reconstruction remained elusive—again underscoring the importance of retaining raw surface 90 

data. 91 

Method 92 

Introduction.  The Methods section is structured as follows: first, the experimental 93 

platform used for data acquisition is introduced; then, the machining procedures and data 94 

collection methods are described; finally, the preprocessing steps applied to ensure temporal 95 

alignment and to extract valid data segments are presented. 96 

The Experimental Setup.  As shown in Figure 1, experiments were conducted on a 97 

EUMA DU810 vertical machining center using 8 mm diameter two-flute carbide end mills with 98 

a 40 mm overhang. Slot milling was performed on 7075 aluminum alloy workpieces (150 mm 99 

× 150 mm) under varying process conditions: spindle speed (3000–10000 rpm), feed rate (300–100 

2000 mm/min), axial depth of cut ap = 1 mm, and radial depth of cut ae = 8 mm. Fifty-eight 101 

unique parameter combinations were tested. 102 



Data Acquisition. 103 
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 Acceleration Data Acquisition. Acceleration data were recorded at 25.6 kHz using a PCB 176 

triaxial piezoelectric accelerometer connected to an LMS SCADAS Mobile 05 DAQ 177 

system. Signal preprocessing involved noise removal, temporal alignment, and 178 

segmentation based on effective cutting intervals. Surface data were also denoised by 179 

filtering extreme Z outliers caused by surface contaminants or measurement artifacts. 180 

 Coordinate System Setup. Since a fixed coordinate system is required during machining, 181 

measurement, and signal acquisition, this study defines a global coordinate system as 182 

follows: the y-axis points opposite to the feed direction during machining, the x-axis lies 183 

within the machining plane and is perpendicular to the y-axis; and the z-axis is 184 

perpendicular to the machining plane. 185 

 186 

Figure 1. Experimental platform: (a) EUMA DU810 vertical machining center; (b) worktable; (c) LMS 187 

SCADAS Mobile 05. 188 



 189 

Figure 2. Surface topography measurement platform: (a) RTEC 3D surface profilometer; (b) worktable. 190 

 191 

Figure 3. Definition of the global coordinate system: (a) Representation of the global coordinate system 192 

during surface data acquisition; (b) Representation of the global coordinate system during machining 193 

and acceleration signal acquisition. 194 



 195 

Figure 4. Microscopic view of the machined surface: (a) chatter surface; (b) forced vibration surface; 196 

(c) stable surface. 197 

 198 

Spindle speed n 

range (rpm) 

Spindle speed step 

(rpm) 

Feed rate f range 

(mm/min) 

Feed rate step 

(mm/min) 

3000-6000 1000 300-1300 100 

7000, 10000 / 300-2000 100 

11000, 12000 / 300, 1300, 1800 / 

Table 1. Machining parameters used in the experiments 199 

The raw data collected during the experiments, including surface topography and acceleration 200 

signals, required cropping and alignment before being used for subsequent research, as it would 201 

otherwise be impossible to determine temporal correspondence between datasets. To achieve 202 

alignment, the acceleration signals were first segmented according to the actual cutting process, 203 

retaining only the valid portions. During surface data acquisition, 20 surface profiles were 204 

obtained from each slot-milled groove, and the distance from each acquisition point to the 205 

groove start was recorded. Given the known feed rate, the machining time corresponding to 206 

each surface profile could be calculated, enabling synchronization with the acceleration signal 207 

at the same time point. The surface data were also denoised by removing extreme outliers in Z-208 

values, which typically resulted from residual contaminants or accidental scratches. 209 

The resulting 3D surface topography is shown in the corresponding figure. Likewise, the 210 

acceleration signals acquired during each experiment are displayed. In Figure (a), the raw 211 

acceleration data are shown. The actual machining duration is enclosed between two bold 212 

dashed lines, while the regions outside correspond to idle noise recorded during non-cutting 213 



periods. From the valid acceleration signal, 20 equally spaced segments were extracted, each 214 

aligned with one of the 20 surface profiles collected per slot. Thus, each marked point on the 215 

acceleration signal corresponds to a specific surface profile acquired at that time. 216 

Signal preprocessing involved noise removal, temporal alignment, and segmentation based on 217 

effective cutting intervals. Surface data were also denoised by filtering extreme Z outliers 218 

caused by surface contaminants or measurement artifacts. 219 

In the 7075milling dataset, the maximum spindle speed used in the experiments is 12000 rpm, 220 

which corresponds to a tooth-passing frequency of 400 Hz for the two-flute milling tool. 221 

Specifically, the frequency range most influential to surface characteristics in these experiments 222 

lies within a few hundred hertz. Consequently, the primary focus is on frequencies below 1000 223 

Hz. 224 

 225 

Figure 5. 3D topography of the machined surface: (a) chatter surface; (b) forced vibration surface; (c) 226 



stable surface. 227 

 228 

Figure 6. Acceleration signals during the machining process: (a) raw acceleration data; (b) FFT-229 

processed acceleration data. 230 

Data Record 231 

The structure of the 7075milling dataset is depicted in Figure 6. The root directory contains all 232 

data files together with visualization scripts for surface topography and vibration-acceleration 233 

signals. These scripts serve as basic templates, enabling users to explore and interpret the 234 

dataset in detail. Each filename includes an index in the format   3-1,”   5-7,” and so forth: 235 

the numeral before the dash (3–7) denotes an individual workpiece, whereas the numeral after 236 



the dash (1–10) identifies a specific slot-milled surface on that workpiece. In addition, the root 237 

directory houses EXP20211020Data_path.mat, a file that consolidates all database information 238 

to facilitate convenient data access. 239 

AccSeg.  The AccSeg folder contains the trimmed vibration-acceleration signal 240 

segments. Each segment corresponds to one 3D surface-topography record. This 241 

correspondence is established via the index numbers in the filenames: files sharing the same 242 

index and sequence number constitute a complete pair of surface and acceleration data. The 243 

signals were sampled at 25.6 kHz (time increment ≈ 3.90625 × 10⁻⁵ s), yielding 368 907 244 

samples that span approximately 1.72691 × 10⁻⁵ s to 14.4104 s. Acceleration is reported in units 245 

of g; both hardware and user voltage ranges are ± 10 V with a zero bias of 0 g, and the data are 246 

stored as real numbers. Three channels represent acceleration components at the same 247 

measurement point along +X (C1), –Y (C2), and –Z (C3) directions, with sensitivities of 10.59 248 

mV ∙ g⁻¹, 10.42 mV ∙ g⁻¹, and 10.13 mV ∙ g⁻¹, respectively. 249 

FFTSeg.  The FFTSeg folder contains the FFT results of the trimmed vibration-250 

acceleration signals. Each file comprises three columns—frequency, amplitude, and phase. The 251 

amplitude represents the energy intensity of the corresponding frequency component in the 252 

original signal (conversion to a power spectrum requires squaring or other normalization), 253 

whereas the phase indicates the time-zero phase offset at that frequency component. 254 

EXP20211020Data_path.mat.   The file contains a table-type variable named 255 

EXP20211020Data_path, which stores all experimental parameters as well as the paths to the 256 

raw data files. Embedding the raw data themselves would slow down the program, so only path 257 

indices are provided; the accompanying scripts can then use these paths to access every raw 258 

data file with ease. 259 

three_dimension_topography.  three_dimension_topography contains the 3D 260 

surface topography data of the machined workpieces. Each row in a matrix corresponds to a 261 

horizontal scan across the measurement grid (960 sample points), and each column corresponds 262 

to a vertical scan (600 lines). As a result, each matrix is a 600×960 array storing only the Z-263 

values representing surface height. 264 

update_path_prefixes.m.  change_file_path.m is a MATLAB script used to update 265 

all file path references in the dataset so that they point to the user's current working directory. 266 

EXP20211020Data_path.mat.  EXP20211020Data_path.mat stores all data related to 267 

the 7075milling dataset, including experimental parameters and corresponding results. This file 268 



contains a variable named EXP20211020Data_path, which is of table type. Each column in this 269 

table stores a specific type of data, as detailed in the accompanying documentation. One of the 270 

columns, real_surf, contains nested table-type variables, where each subtable includes multiple 271 

columns representing detailed attributes associated with the surface topography and 272 

corresponding acceleration segments. 273 

visualize_3D_topography.m.  This program is used to visualize the surface 274 

topography. The resulting output includes both 2D and 3D images. 275 

visualize_acc_fft_seg.m.  This program is used to visualize the acceleration 276 

segments and their corresponding FFT segments. 277 

 278 



 279 

Figure 7. Structure of the dataset. 280 
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Table 2. Description of each column in EXP20211020Data_path 281 

 282 

Column Name Description 

path_to_surf_data File path to the original white-light matrix 

data 

position Surface profile location identifier 

start Milling start time (s) 

end Milling end time (s) 

path_to_acc_seg File path to corresponding segmented 

acceleration data 

path_to_fft_seg File path to corresponding FFT of 

acceleration data 

ra Measured surface roughness Ra (m) 

Table 3. Description of each column in real_surf 283 

Technical Validation 284 

To demonstrate the feasibility and novelty of interpreting machining processes directly from 285 

surface data using the 7075milling dataset, data‐quality verification is performed from several 286 

perspectives. First, the surface topography is transformed into the frequency domain through 287 



two-dimensional Fast Fourier Transform (2D-FFT) and power spectral density (PSD) analysis; 288 

the dominant spatial frequency is then extracted to determine whether it matches the machining 289 

parameters39,40. 290 

The rationale for validating parameter consistency via the dominant spatial frequency is as 291 

follows. A surface map from the dataset is selected, and the global mean of the raw signal is 292 

shifted to zero to eliminate offsets introduced by instrument drift or large-scale form error. The 293 

mean value is calculated using Eq. (1), 294 

𝜇 =
1

𝑁𝑥𝑁𝑦
∑  

𝑁𝑥

𝑥=1

∑  

𝑁𝑦

𝑦=1

𝑍(𝑥, 𝑦) (1) 295 

then differencing is applied to eliminate any residual bias as Eq. (2). 296 

𝑍bias removed (𝑥, 𝑦) = 𝑍(𝑥, 𝑦) − 𝜇 (2) 297 

To ensure that peak detection and energy comparison across different samples are performed 298 

on a consistent scale and remain unaffected by absolute amplitude, the bias-corrected signal is 299 

further normalized by division by its standard deviation. 300 

𝜎 = √
1

𝑁𝑥𝑁𝑦
∑  

𝑥,𝑦

  (𝑍bias removed (𝑥, 𝑦))
2

, 𝑍norm (𝑥, 𝑦) =
𝑍bias removed (𝑥, 𝑦)

𝜎
(3) 301 

Windowing was subsequently applied by multiplying the bias-corrected image with Hamming 302 

(Hann) windows in the horizontal and vertical directions, thereby generating a two-303 

dimensional window function 𝑤(𝑥, 𝑦) that provides smooth transitions at the image 304 

boundaries and maximally suppresses spectral-leakage effects. The windowed image, 305 

𝑍𝑤(𝑥, 𝑦) = 𝑍(𝑥, 𝑦) ∙ 𝑤(𝑥, 𝑦), was subjected to a two-dimensional Fast Fourier Transform 306 

(2D-FFT); a Fourier-shift operation was then performed to relocate the DC component to the 307 

centre of the spectrum, yielding a symmetrically distributed frequency map. The magnitude of 308 

this complex spectrum was squared to obtain the power-spectral-density matrix PSD(𝑢, 𝑣), 309 

which quantitatively describes the energy distribution of each spatial-frequency component. 310 

Regional-maximum detection was subsequently conducted on the PSD image to identify local 311 

maxima; peaks at the global mean level were discarded, and a subset of candidate peaks 312 

representing significant periodic surface structures was retained. 313 

For each detected peak, the offset between its pixel coordinates (𝑢𝑖 , 𝑣𝑖)  and the spectrum 314 

centre (𝑢0, 𝑣0)  is normalised and converted into the spatial frequency (cycles · pixel⁻¹) as 315 

√((𝑢𝑖 − 𝑢0)/𝑁𝑥)
2

+ ((𝑣𝑖 − 𝑣0)/𝑁𝑦)
2
 . Using the known pixel-to-physical scale (960 px 316 

corresponding to 1.92 mm), the spatial frequency in cycles · mm⁻¹ and its reciprocal wavelength 317 



can be derived. Given the feed rate 𝑓mm/min, the spatial wavelength divided by the feed speed 318 

is converted into the temporal frequency (Hz). This procedure yields a complete spatio-319 

temporal spectral characterisation of the periodic surface features produced during machining. 320 

By comparing these calculated features with those expected from the machining parameters, 321 

surface consistency can be quantitatively evaluated. 322 

Figure 7 presents the 2D-FFT output and the associated power-spectral-density (PSD) map; the 323 

extracted wavelengths are annotated in panel (a). To verify the consistency between the surface-324 

profile data and the machining process, the analytically calculated tooth-passing frequency was 325 

compared with the tooth-passing frequency extracted from the PSD of the 7075milling dataset. 326 

The results indicate that 80 % of the samples exhibit relative errors below 25.52 % . As 327 

illustrated in Figure 8, the portion to the left of the black dashed line represents the share of 328 

groups whose errors fall within this range, confirming good agreement between the 3D surface 329 

measurements and the experimental parameters. The first five harmonic orders derived from 330 

the surface morphology are shown in Figure 9. 331 

After applying a Fast Fourier Transform (FFT) to the acceleration signals, the frequency 332 

spectrum and corresponding amplitudes were obtained, and the five leading frequency 333 

components below 1 kHz were extracted. To validate the consistency between surface 334 

topography and acceleration data, these five frequencies were compared with the chip-passing 335 

frequency derived from the surface measurements. Within a ±10 %  error margin, an 336 

accuracy of 81.03 %  was achieved, meaning that 47 of the 58 groups were mutually 337 

consistent; the Pearson correlation coefficient reached 𝑟 =  0.93. Figure 10 illustrates this 338 

comparison: the bars represent tooth-passing frequencies extracted from the surface topography, 339 

whereas the orange line denotes those obtained from the acceleration signals, clearly 340 

demonstrating strong agreement between the two datasets. 341 



 342 

Figure 8. Periodic surface features extracted via 2D-FFT. (a) Raw surface data with the extracted 343 

wavelength annotated; (b) 3D surface topography; (c) Power spectrum of the original surface; (d) 344 

Profile of power spectral density curve as a function of frequency radius in each direction. 345 

 346 

Figure 9 Relative error between the tooth-passing frequency extracted from the surface data and the 347 

theoretical tooth-passing frequency calculated from the machining parameters. (a) Histogram; (b) 348 

Cumulative Distribution.  349 



 350 

Figure 10. The top 5 dominant spatial frequencies extracted from each milled slot surface. 351 

 352 

Figure 11. Correlation between the tooth-passing frequency extracted from the acceleration signals and 353 

that obtained from the surface data. 354 

To validate the suitability of 7075milling for studying chatter—a vibration phenomenon of 355 

considerable interest in machining—and its manifestation in surface topography, an energy-356 



based metric was developed. This metric incorporates the total vibration energy and can be 357 

decomposed into forced-vibration energy and self-excited-vibration energy38,41. It is extracted 358 

from the acceleration signals and compared with surface-roughness information derived from 359 

the topography, thereby assessing the dataset’s effectiveness for chatter research. 360 

The procedure is as follows. A one-dimensional convolutional neural network (1D-CNN) is 361 

employed to predict three parameters from the acceleration signal—amplitude 𝐴 , spatial 362 

frequency 𝜉 , and phase offset 𝜑 —that characterise the forced and self-excited vibration 363 

energies. With these parameters, the machined surface profile can be reconstructed, and the out-364 

of-plane (Z-direction) height 𝑧(𝑥, 𝑦) at each surface coordinate can be calculated by Eqs. (4)–365 

(6). 366 

𝑧𝑖 = 𝐴𝑖 ⋅ sin(2𝜋 ⋅ 𝜉𝑖 ⋅ (cos(𝜑𝑖) ⋅ (𝑥 − Δ) + sin(𝜑𝑖) ⋅ 𝑦)) (4) 367 

Δ = 𝑟 − √𝑟2 − 𝑦2 (5) 368 

𝑧 = ∑ 𝑧𝑖

3

𝑖=1
  (6) 369 

The out-of-plane height values, z, can be directly converted into the energy associated with 370 

forced and self-excited vibrations. In a machining system, the cutting tool is commonly 371 

modelled as an axial spring–mass system, whose elastic potential energy is expressed as 𝐸 =372 

1

2
𝐾𝑥2 where 𝐾 is the overall stiffness and 𝑥 is the tool-tip displacement. Because the 373 

displacement at the tool tip is faithfully recorded in the milled surface profile, the 374 

reconstructed height 𝑧 may be substituted for 𝑥 to compute 𝐸. The overall stiffness is the 375 

sum of the tension-induced stiffness (𝐾T) and the bending stiffness (𝐾B) of the cutter, as given 376 

in Eqs. (7, 8). In these expressions, 𝐸mdenotes the Young’s modulus of the tool material, 377 

while 𝐷 and 𝐿 represent the tool diameter and overhang length, respectively. 378 

To remove the influence of differing surface dimensions and resolutions, the vibration energy 379 

is normalised by 1 / 𝑁, where 𝑁 (=  𝑛 ×  𝑚) is the total number of grid points in the 380 

surface map. All calculations employ SI units: length in metres (m), spatial frequency in 381 

cycles per metre (cycles m⁻¹), Young’s modulus in pascals (Pa), and energy in joules (J). 382 

𝐸 =
1

𝑁
×

1

2
𝐾 ∑ ∑ 𝑧𝑖𝑗

2
𝑚

𝑗=1

𝑛

𝑖=1
  (7) 383 

𝐾T = 𝐸m ×
𝜋𝐷2

4𝐿
(8) 384 

𝐾B =
3𝐸m ⋅ 𝐼

𝐿3
;  𝐼 =

𝜋𝐷4

64
(9) 385 



The one-dimensional CNN architecture used for prediction is illustrated in Figure 11. After 386 

energy separation, the results were compared with roughness values obtained from the 387 

measured surface topography; as shown in Figure 12, strong agreement is observed between 388 

the acceleration-based and surface-based estimates for both total energy and forced-vibration 389 

energy. 390 

 391 

Figure 12. The structure of 1D-CNN 392 



 393 

Figure 13. Correlation between vibration energy 𝐸, 𝐸𝑓 , 𝐸𝑐 and surface roughness squared 𝑅𝑎2 394 

Usage Notes 395 

The 7075milling dataset is valuable for studying the stability of milling processes. It is 396 

particularly well-suited for applying machine learning methods to model the relationship 397 

between machining parameters and process stability. Given the complexity of how machining 398 

conditions affect final outcomes, such modeling enables the acquisition of insights into process 399 

optimization at low technical cost. In addition, the 7075milling dataset can be used for purely 400 

theoretical research. However, users should note that the surface morphology is also affected 401 

by the material properties of both the workpiece and the tool—an aspect that is not extensively 402 

addressed in this dataset. While the chatter-induced surface patterns observed in this dataset are 403 

generally consistent with Grossi's principle, subtle differences may arise depending on the 404 

specific machining system. Users are encouraged to consider such factors before application. 405 

The 7075milling database offers a rich source of data for the fields of machining, chatter, and 406 

surface topography. It is freely available to users under the applicable license, and any questions 407 

may be directed to the corresponding author to maximize the utility of this dataset. 408 
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