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This paper presents visual vibrometry as a new video camera-based vibration measuring technique for machine
tools. Pixels within images from recordings of the vibrating machine are treated as motion sensors to detect and
track vibrating edges. Modal parameters are extracted from the measured pixel-displacement time series data
using output-only mass-change methods. Methods are experimentally demonstrated on a small milling machine,
on a slender boring bar, and on a regular end mill. Modal parameters extracted using visual vibrometry agree
with those extracted using experimental modal analysis procedures. Moreover, visual vibrometry aids shape visu-
alization andmaintains advantages of other non-contact measurement techniques.
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1. Introduction

Machine tool performance is governed by its dynamics. Knowl-
edge of the dynamics helps in diagnostics, condition monitoring,
structural design optimization, design of control strategies, and in
the design of chatter-free machining strategies [1,2]. Hence, correctly
measuring dynamics remains important.

Machine tool dynamics are usually measured using experimental
modal analysis (EMA) procedures. EMA procedures involve using a
load-cell instrumented modal hammer or shaker to excite the
machine tool. Response is usually measured with contact type accel-
erometers and/or non-contact type laser Doppler vibrometers (LDV).
Measured input-output time series data decomposed to the fre-
quency domain results in frequency response functions (FRFs) that
are processed to extract modal parameters, i.e., the natural frequen-
cies, damping ratios, and mode shapes [3]. Though these methods
have become routine, the added mass of the accelerometer may
influence the measurements. It can also be sometimes difficult to
decouple the interaction of the shaker with the machine. Moreover,
experiments with expensive LDVs remain difficult to instrument. Fur-
thermore, global shape analysis is tedious since it requires measure-
ments at many discrete data points by roving the sensor or the
actuator. Newer methods using 3D scanning LDVs and tracking inter-
ferometers [4], though quicker, are prohibitively expensive.

To address some of the above articulated challenges, this paper
presents visual vibrometry as a new video camera-based vibration
measuring technique for machine tools. By treating pixels within
images from recordings of the vibrating machine as non-contact
motion sensors, and by applying image processing techniques to
detect and track vibrating edges, we extract the modal parameters of
interest from the measured spatially dense full-field motion � which
also makes shape analysis easier than other EMAmethods.

Vision-based measurements also offer other advantages. Meas-
urements need just a camera, a lens sometimes, and a computer with
simple processing tools. Sophisticated data acquisition systems are
also not required. For these reasons, vision-based measurements
have found use across domains such as in transportation, experimen-
tal mechanics [5], material science [6], damage detection and non-
destructive evaluation [7,8], modal testing of beams and cymbals
[9�11], and in civil structural health monitoring of buildings, bridges,
and cables [7,8,11].

In the context of machine tools, vision-based measurements have
been used for tool condition monitoring and workpiece surface quality
inspection [12,13]. Other exemplary work has used high-speed imaging
techniques to study deformation mechanisms in machining [14,15] and
to detect chatter [15]. However, machine tool modal parameter estima-
tion using vision-based vibrationmeasurements remains unreported yet.

The key technical contribution of this paper is to demonstrate the
extraction of modal parameters of machine tools using vision-based
measurements. Methods are illustrated with three examples. One
example is that of a small milling machine, another is that of a slender
boring bar mounted in a CNC lathe, and the third is that of an end mill
mounted in a CNC milling machine. We impact the machine/tool to
make it vibrate. All measurements are done for non-rotating tools and,
for when machines are stationary. We use a high frame-rate camera to
record high-frequency cutting tool vibrations and leverage the capabili-
ties of modern smartphones to separately record lower-frequency tool
and structural vibrations. Sampling in all cases respects the Nyquist cri-
terion. Experimental setups and considerations are detailed in Section 2.

Detection and tracking the vibrating edge across images to obtain
a sense of the motion is discussed in Section 3. Due to its robustness
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to image noise and ease of implementation, we prefer the Canny edge
detector [16] over other or digital image correlation techniques [7,8],
or optical flow-based schemes [9�11].

Extraction of modal parameters from the pixel-displacement time
series data is discussed in Section 4. Since synchronizing sampling
and triggering of camera recordings with the input force measure-
ments is difficult, inputs are not measured, and modal parameters
are estimated using output-only methods. We prefer the robust
time-domain Eigensystem Realization Algorithm [17], although other
modal identification methods may work as well [3,9]. Since the input
was not measured, the eigenvector estimated was unscaled. And,
since estimation of tool point FRFs requires mass-normalized eigen-
vectors, we propose a scheme based on the mass-change method
[18] to correctly scale the eigenvector.

Modal parameters extracted from the vision-based measurements
are benchmarked against results from the EMA approach in Section 5.
The paper is concluded in Section 6.
Fig. 2. Overview of the edge detection and tracking scheme.
2. Setups for video camera-based vibration measurements

Experimental setups to record videos are shown in Fig. 1. The small
machine, the slender boring bar, and the end mill were excited using
repeated impacts. Videos to record the resulting motion of the boring
bar and the end mill were sampled at 5400 frames per second (fps)
using a Photron FASTCAM SA 1.1 camera with a pixel resolution of
1024£ 1024. The camera was fitted with a 100mm focal length lens.
Distance between the lens and the tools was 100mm. The field of view
for the tools was 20mm £ 20mm, resulting in 20mm pixels. Motion of
the boring bar was also separately recorded using a OnePlus 7 smart-
phone-based camera placed 200mm away from the boring bar, sam-
pling at 480 fps with a resolution of 720£ 1280 and a field of view of
36mm £ 64mm, with a poorer per pixel resolution of 50mm. Motion
of the small machine was also recorded with the same phone camera
sampling at 240 fps with a resolution of 1080£ 1920 and a field of view
of 756mm £ 1344mm, resulting in a poor per pixel resolution of
0.7mm. Distance between the camera and the machine was 1m.
Fig. 1. Experimental setups for video camera-based measurements.

Fig. 3. Overview of the eigensystem realization algorithm.
A DC light and a white background was used in all measurements
to avoid flicker and ambiguities during edge detection. We do not use
separate markers but use the objects’ own features during detection.
Since the displacement signal is only well defined at edges in the
video and only in the direction perpendicular to the edges, only in-
plane motion was measurable using a single camera setup shown in
Fig. 1. Separate setups were hence necessary to record motion in dif-
ferent directions using the single camera.

Motion using the high-frame rate camera was captured for »1 s,
and each frame/image was saved in an uncompressed grayscale TIFF
format using the Photron FASTCAM camera’s software interface.
Smartphone-based recordings lasted »5 s. The smartphone’s camera
records videos in colour and in the MP4 format. Individual frames
from these videos were read using the VideoReader function in MAT-
LAB and converted to grayscale using the rgb2gray function. All
images were further processed in MATLAB to extract displacements.
Please cite this article as: M. Law et al., Modal analysis of machine too
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3. Extracting displacements by detecting and tracking edges

The edge of the vibrating object is first detected and then the
same edge is tracked across successive frames to obtain a sense of its
motion. An overview of this procedure is summarized in Fig. 2 for the
representative case of the slender boring bar.
We detect edges using the Canny edge detector [16], which we
implement in MATLAB using the edge function. Detection involves
finding pixels within images with sharp changes/discontinuities in
their intensity gradients. This is preceded by convolving a Gaussian
kernel/filter with the image to remove image noise. Edges are then
marked at the maxima in gradient magnitude of a Gaussian-
smoothed image.

All images were cropped to retain only the edge(s) of interest. The
edge(s) of interest include the top edge of the boring bar, any of the
side edges of the end mill, and all outer edges of the small milling
machine. Cropped images retain between 100 and 300 pixels. Motion
of these pixels is averaged for every frame, and the procedure is
repeated for the next frame to finally result in the averaged pixel-dis-
placement time series data.
4. Modal parameter extraction and FRF reconstruction

Natural frequencies, damping ratios, and unscaled mode shapes
are extracted from the measured pixel-displacement time series data
using the Eigensystem Realization Algorithm (ERA) [17]. The shapes
are then scaled using mass-change methods [18].

4.1. Eigensystem realization algorithm for parameter extraction

An overview of main steps in the ERA is provided in Fig. 3. From
the measured response, we first construct the Hankel matrix, H0.
Next, we perform a singular value decomposition (svd) of H0 and
select only the physical modes of the system by ordering the singular
ls using visual vibrometry and output-only methods, CIRP Annals -
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values. We then reorder the system matrices and construct a trun-
cated observability matrix and a shifted Hankel matrix, H1. On
obtaining the discrete system realization of the system matrix, ~Ad,
we obtain eigenvalues (Ld) and eigenvectors (cd) of ~Ad. Conversion
of the complex modes to real modes, and discrete time to continuous
time, results in the natural frequencies (vj), damping ratios (zj), and
unscaled mode shapes (cj).
Fig. 5. Y-directional shapes and modal parameters of the small machine.
4.2. Scaling eigenvectors using the mass-change method

Unscaled eigenvectors extracted from the ERA are scaled using the
mass-change method [18] that requires additional visual vibrometry
experiments with local changes in the mass distribution (Dm) of the
tool(s) to cause a discernible change in the natural frequencies, and
no perceptible change in the mode shapes of the mass-modified tool.
Natural frequencies and unscaled eigenvectors of the original tool (vj,
cj) are used together with the natural frequencies and unscaled
eigenvectors of the mass-modified tool (v̂j; ĉ j) to obtain a scaling fac-
tor, aj. An overview of this approach is shown in Fig. 4. Following rec-
ommendations in [18], a mass of »42 g was placed at the anti-node
(s) to result in a »8% shift in vj and no discernable change in cj.
Fig. 4. Overview of procedure to correctly scale eigenvectors.
4.3. Reconstructing FRFs from extracted modal parameters

The tool point FRFs are reconstructed from the extracted modal
parameters (vj, zj, fj) for mmodes of interest using:

h vð Þ ¼
Xm

j¼1

f2
j

�v2 þ 2izjvvj þ v2
j

: ð1Þ
Fig. 6. Comparison of tool point FRFs of the slender boring bar.

Table 1
Comparison of modal parameters for the slender boring bar.

Visual Vibrometry EMA

vn [rad/s] z [%] f vn [rad/s] z [%] f

1st mode 2p ¢ 225.9 0.77 1.32 2p ¢ 226.5 0.50 1.19
2nd mode 2p ¢ 1232.1 0.94 1.65 2p ¢ 1235 0.65 1.55
5. Experimental results

The visual vibrometry methods outlined above include estimating
displacements by detecting and tracking the vibrating edge(s) of the
structures of interest followed by modal parameter extraction using
the ERA, followed by scaling of the shapes as required. Modal parame-
ters extracted from the visual vibrometry (VV) methods are compared
here with parameters obtained from the traditional experimental
modal analysis (EMA) procedures. All measurements for EMA were
processed using CutPRO�’s data acquisition and modal parameter
extraction modules. We first discuss results for the small machine tool,
followed by results for the boring bar, and then the end mill.

5.1. Visual vibrometry for a small machine tool

To demonstrate the ease with which full-field global mode shape
analysis can be performed with VV, vibrations of the small machine
tool were recorded with the smartphone camera by impacting the
machine on its spindle. Since machine tool structural modes are typi-
cally of lower frequencies, the smartphone recording video at 240 fps
is enough to capture the global modal behaviour. For the EMA
method, a roving accelerometer was used to obtain response at 27
discrete locations by separately exciting the machine on the spindle
for every measurement. Analysis discussed herein is limited to the
machine’s first global mode in the Y direction. As a first level analysis,
the shape obtained using VV was left unscaled, and was magnified
using motion magnification techniques [10] that involve band pass-
ing the video around the natural frequency to amplify motion for bet-
ter visualization. The magnified shape is compared with the scaled
Please cite this article as: M. Law et al., Modal analysis of machine too
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shape obtained from EMA in Fig. 5� which also lists the extracted
modal parameters. As is evident from the comparison in Fig. 5, the
modal parameters and shape obtained with VV compare well with
the EMA results.
5.2. Visual vibrometry for a slender boring bar

The slender cantilevered boring bar that has a diameter of 25mm,
and a slenderness ratio of 12.5 was impacted at its free end, and its
vibrations were measured with the high-frame rate camera as well
as the smartphone camera. VV measurements were also conducted
with and without the additional mass needed to scale the mode
shapes. EMA was conducted using an instrumented modal hammer
and a small single-axis piezoelectric accelerometer mounted on the
tool tip. Tool point FRFs reconstructed with VV using the extracted
modal parameters and correctly scaled shapes are compared with
FRFs obtained using the EMA approach in Fig. 6. Analysis herein is
limited to representative measurements only in the machine’s Y
direction.
As is evident from Fig. 6 and Table 1 that lists the extracted modal
parameters, FRFs and parameters obtained with both methods com-
pare well. Since the high-frame rate camera samples at 5400 fps,
FRFs reconstructed using parameters identified from the camera-
based response can faithfully capture the »225 Hz low-frequency
mode as well as »1235 Hz higher-frequency mode. However, since
the smartphone camera samples at 480 fps it cannot measure the
»1235 Hz high-frequency tool mode.
ls using visual vibrometry and output-only methods, CIRP Annals -
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Since the smartphone-based measurements cannot estimate the
higher-frequency mode, Table 1 lists only the modal parameters
extracted from the high-frame rate camera-based measurements. As
is evident, though the natural frequencies compare very well, damp-
ing ratios and scaled eigenvectors estimated using VV are slightly
higher than those estimated by the EMA procedures.

Visual vibrometry also facilitates the easy evaluation of mode
shapes, and Fig. 6 shows the shapes associated with each mode which
were obtained using separate far-field VV experiments. These shapes
were scaled using motion magnification techniques to aid visualiza-
tion [10]. The low-frequency mode is the classical first bending mode
of a cantilevered tool, and the higher-frequency shape corresponds
to the second bending mode. This example also demonstrates how
the VV method can effectively estimate modal parameters for sys-
tems with multiple modes.

5.3. Visual vibrometry for a milling tool

Vibrations of a 16mm diameter end mill held in a hydraulic
expansion toolholder mounted in a milling spindle with an overhang
of 225mm from the spindle nose were recorded with the high-frame
rate camera. Separate VV and EMA setups were necessary to measure
dynamics in the X and Y directions. In both cases the tool tip was
excited using impacts, which were measured for EMA, and remained
unmeasured for VV. For EMA measurements, the response was mea-
sured with a small accelerometer mounted on the tool tip. VV meas-
urements were also conducted with and without the additional mass
needed to correctly scale the eigenvectors. Tool point FRFs were
reconstructed using the extracted modal parameters using two sepa-
rate methods for the two different measurement techniques. Recon-
structed FRFs are compared in Fig. 7. End mill dynamics had only a
single dominant mode in the X and Y directions in the frequency
range of interest, i.e., from 20 � 3000 Hz. Extracted modal parameters
are listed and compared in Table 2.
Table 2
Comparison of X and Y directional modal parameters for the end mill.

Visual Vibrometry EMA

vn [rad/s] z [%] f vn [rad/s] z [%] f

X 2p ¢ 574.6 3.24 1.01 2p ¢ 574 3.20 0.90
Y 2p ¢ 606.2 2.64 1.05 2p ¢ 612 2.50 0.96

Fig. 7. Comparison of X and Y directional tool point FRFs for the endmill.
As is evident from Fig. 7 and Table 2, the modal parameters and
the FRFs are in very close agreement. The peak amplitudes of the
FRFs reconstructed with the VV approach are slightly higher than the
results obtained with EMA due to the eigenvectors estimated with
VV being slightly higher. The damping ratios compare rather well,
and there are negligible differences in the natural frequency esti-
mates using both methods. Fig. 7 also shows the associated mode
shapes for the X and Y directional modes. As was done for the small
milling machine example, and for the slender boring bar, separate
Please cite this article as: M. Law et al., Modal analysis of machine too
Manufacturing Technology (2020), https://doi.org/10.1016/j.cirp.2020.04
far-field visual vibrometry experiments were performed on the end
mill and motion magnification techniques [10] were adopted to aid
visualization of the tool deflection shapes. The shapes make clear the
combined bending motion of the tool and the tool holder in different
directions. Such shape analysis is simpler with the VV approach than
it is with the EMA approach.

6. Conclusions

This paper introduced a new method to extract machine tool
modal parameters to reconstruct tool point FRFs using vision-based
vibration measurements. A high-frame rate camera and a smart-
phone camera were used to record videos of a vibrating milling
machine, a slender boring bar, and an end mill. Motion was detected
and tracked using image processing techniques. Modal parameters
were identified using output-only mass-change methods, and were
found to agree with the parameters extracted from the traditional
experimental modal analysis (EMA) methods. Mode shape analysis
was shown to be much simpler using visual vibrometry methods
than it is with EMAmethods.

Visual vibrometry using output-only mass-change methods
necessitate additional measurements to correctly scale the eigenvec-
tor. This can be avoided by synchronizing sampling and triggering of
the camera recordings with the input � which needs to be addressed
systematically. Furthermore, addressing potential uncertainties in
edge detection and tracking is also warranted.
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