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a b s t r a c t   

Cutting tools can vibrate with frequencies of up to a few kHz with amplitudes ranging from a few µm to 
hundreds of µm. To characterize these vibrations using vision-based modal analysis methods, video of 
vibrating tools must be acquired at high speed and resolution. High speed acquisition will ensure modes are 
temporally resolved without aliasing, whereas high resolution acquisition ensures that the pixel size is 
small enough to resolve small motion. However, since most digital cameras trade speed for resolution, 
estimating small motion of high frequency modes becomes difficult. To address this issue, this paper 
presents new methods to estimate small motion from video of vibrating cutting tools. Two methods are 
illustrated on a video of a slender end mill. One is hardware-based, and the other is software-based. In the 
hardware-based method, we use combinations of extension tubes and a reverse ring fitted with a standard 
lens to achieve a pixel size of as less as 1.3 µm. In the software-based method, we leverage the capability of 
intensity- and phase-based motion registration methods to detect small subpixel level motion, even when 
the pixel size is 83 µm. In both methods we use the object’s own features to detect and register motion, thus 
overcoming the limitation of digital image correlation schemes that need markers for target tracking. Modal 
parameters evaluated from motion estimated with both methods are found to agree with those extracted 
from twice integrated accelerations. Since methods proposed herein proffer new ways to register small 
oscillatory motion, we believe that our findings will further help leverage the adoption of vision-based 
modal analysis methods in machine tool systems as an alternative to the more traditional experimental 
modal analysis procedures. 

© 2022 CIRP.    

Introduction 

Vision-based modal analysis methods offer several advantages  
[1–3]. Since the method is non-contact, it avoids pitfalls associated 
with potential mass-loading due to measurement transducers used 
in more traditional experimental modal analysis (EMA) procedures. 
Moreover, since every pixel is a virtual sensor, full-field mode shape 
analysis is possible with fewer video recordings than having to rove 
the sensor or the actuator over a measurement grid as is required in 
traditional EMA procedures. Furthermore, measurements need just a 
digital camera, and analysis requires a computer running image 
processing algorithms. Sophisticated and expensive multi-channel 
data acquisition systems together with modal measurement and 
analysis software packages are hence not required. These advantages 
make vision-based modal analysis a promising alternative to the 

more traditional EMA procedures for modal analysis of machine tool 
systems [4–7]. However, their true potential can only be realized 
when motion to be estimated from video is properly resolved in 
space and in time. 

Characterizing cutting tool vibrations using vision-based 
methods requires videos to be acquired at high speeds and resolu-
tions. This is necessary since cutting tools can vibrate with fre-
quencies of up to a few kHz with amplitudes ranging from a few µm 
to hundreds of µm. High speed acquisition will ensure modes are 
temporally resolved without aliasing, whereas high resolution ac-
quisition will ensure that the pixel size is small enough to resolve 
small motion. However, since most digital cameras trade speed for 
resolution, high frequency small amplitude tool response may either 
be temporally aliased, spatially aliased, or both. This makes it diffi-
cult to estimate small motion of high frequency modes. 

Proper temporal resolution requires respecting the Nyquist rate. 
This is possible with use of high-speed cameras [4,5,7]. And, for 
measurements using inexpensive digital cameras that may or not be 
able to acquire images at rates to avoid aliasing, true modal 
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parameters may still be recovered from potentially aliased signals 
using measurements that are fractionally uncorrelated [8,9]. How-
ever, whether temporally aliased or not, if modes are dynamically 
stiff, motion might be small and of the subpixel level, making motion 
spatially ill-resolved and hence not observable. 

It has been suggested that like there is a Nyquist rate at which 
data must be sampled to avoid aliasing, likewise there is also a 
Nyquist criteria to avoid spatial aliasing which requires that motion 
should span at least two pixels within a frame for it to be resolved  
[10]. However, even with resolutions of 1080 × 1080 pixels, the per- 
pixel resolution can be of the order of ~37.5 µm, as was shown in 
prior work [4–6,8,9]. As such, respecting the Nyquist spatial criterion 
would require motion of the order of 75 + µm for it to be properly 
resolved. And, though some cutting tool modes may indeed have 
motion of the order of hundreds of µm, dynamically stiffer modes 
usually vibrate with amplitudes of only a few µm, and motion for 
such modes might remain undetected. 

To address the issue of and need for estimating subpixel level 
small motion from video recordings of vibrating cutting tools, this 
paper proposes two solutions. One is hardware-based, and the other 
is software-based. Registering motion using these two methods is 
the main new technical contribution of this paper. 

In the hardware-based method, we show how combinations of 
extension tubes and a reverse ring fitted with a standard lens can be 
used to achieve a pixel size of as less as 1.3 µm. The size of the pixel 
without these tubes and/or rings is 83 µm. The extension tubes 
hence change the imaging-system resolution from being camera/ 
detector limited to lens limited. This multi-fold increase in the 
magnification beyond the resolution of the original lens is like an 
‘empty magnification’. Since these tubes contain no optics there is 
no distortion of the image and/or added detail or contrast in the 
image. The tube simply acts as a spacer between the lens and the 
camera body. By moving the lens away from the body, the extension 
tube adjusts the focal point and allows focusing on subjects closer to 
the camera. More than one extension tube can be stacked together 
as necessary. A macro lens serves the same purpose as that of ex-
tension tube, albeit at higher costs. Due to their magnification po-
tential, extension tubes and/or macro lenses have been used in many 
shape, photogrammetry, displacement, and strain measurement 
applications that needed to resolve small features [11–13] and dis-
placements [10,14,15]. 

Though extension tubes and/or macro lenses have been used in 
other applications, there are no reports of using them to measure 
small motion of vibrating objects. As such, our experimental de-
monstrations through this paper are the first such reports showing 
how this method can be leveraged to detect small oscillatory motion. 
Moreover, prior work that used tubes to estimate small displace-
ments did so using digital image correlation subpixel motion regis-
tration schemes that need markers and/or speckle patterns for target 
tracking and motion estimation [10,14,15]. Placing markers and/or 
making speckles on tools is not feasible since it may damage the 
coating and render the tool unusable. As such, we use the tool’s own 
features to detect and register motion using edge detection and 
tracking schemes [5]. Even though the edge detection and tracking 
scheme is not strictly a subpixel level motion registration method, 
since the method averages the spatial location of the edge over 
several pixels within the region of interest, it sometimes can register 
motion smaller than the pixel size [5]. 

In addition to being the first to report on the use of extension 
tubes to estimate small oscillatory motion, our use of a reverse 
ring as an alternate method to magnify the image to detect small 
oscillatory motion is also the first such report. In this method the 
lens is simply connected backwards with the aid of a lens-spe-
cific mount. Since the lens and its optics are reversed in this 
setup, the image gets magnified. Magnification can be further 
enhanced by placing one or more extension tubes between the 

camera body and the reverse mounted lens, as will be shown in 
this paper. 

Though there is a trade-off in the loss of depth of field with the 
use of extension tubes and reverse rings, since we are in any case 
only interested in the motion of the cutting edge(s), the shallow 
depth of field is not of major concern in our application of interest. 
Moreover, since use of extension tube(s) and/or reverse rings 
changes the effective focal length and the aperture, and since less 
light falls on the image sensor, adjusting the intensity of the light 
becomes necessary for every measurement. And, since the focal 
length, aperture, and illumination are all correlated, optimally 
tuning these parameters can sometimes become difficult. As such, 
we also discuss software-based methods to detect subpixel level 
small oscillatory motion. 

In the software-based methods, we leverage the capability of 
optical flow motion registration methods [16–18] to detect subpixel 
level small motion for when the video is recorded only with a 
standard lens mounted on the camera. In this case too we use the 
tool’s own features to register motion. Within the family of optical 
flow methods, we prefer to use the intensity-based method as well 
as the phase-based method. Intensity-based optical flow approaches 
are based on the optical flow equation that can provide velocity in 
the direction of the intensity gradient. Displacements are estimated 
by monitoring pixel intensities between pairs of images by assuming 
that brightness is conserved [5,16,17]. Since intensity-based optical 
flow methods are susceptive to noise and a change in illumination, 
we also explore the use of phase-based methods that determine the 
displacements by tracking the constant phase contours of the 
images. Phase contours are relatively insensitive to photometric 
deformations that may result from changes in lighting conditions 
and as such are more robust than intensities [18,19]. Our use of the 
phase-based motion registration scheme to detect small cutting tool 
motion is also the first such report in the context of machine tool 
systems. 

We demonstrate methods to estimate subpixel level small mo-
tion from video for a representative end mill mounted in a 3-axis 
CNC machine. The setup to do so along with the setups with the 
extension tubes and the reverse ring are described in the next sec-
tion. Following which we describe methods to estimate motion 
using software-based methods. Estimates of motion using the 
hardware and software-based methods are contrasted thereafter and 
benchmarked with twice integrated accelerations. That section in-
cludes a discussion on the modal parameters estimated from regis-
tered motion. We conclude the paper by discussing how our findings 
can further facilitate adoption of vision-based modal analysis 
methods in machine tool systems. 

Detecting small motion using extension tubes and a reverse ring 

The experimental setup to measure vibrations is shown in  
Fig. 1(a). We measured the response of a 16 mm end mill with four 
flutes mounted in a power chuck type tool holder with a HSK63 
interface that was held in the spindle of a 3-axis vertical CNC milling 
machine. The overhang of the tool from the spindle nose was kept at 
36 mm. We excited the tool with a modal hammer (make: Dytran; 
model number: 5800B4) and measured the impulse-like response 
using a Chronos 2.1 monochrome high-speed camera that records 
video at 2142 frames per second. The tool has a dominant mode at 
~619 Hz as confirmed by measurements with an accelerometer 
(make: Dytran; model number: 3035B1G) mounted at the tool tip. 
As such, the frame rate for recording video respects the Nyquist 
criterion and ensures that the response is not temporally aliased. The 
resolution at this frame rate was 720 × 1280 pixels. With a standard 
18–55 mm focal length lens mounted on the camera body – shown 
in Fig. 1(a), the per-pixel resolution was 83 µm. To achieve smaller 
per-pixel resolutions by magnifying the image, we experimented 
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with seven additional and different combinations of extension tubes 
and a reverse ring. We experimented with three different extension 
tubes of length 13 mm, 21 mm, and 31 mm. These tubes are shown in  
Fig. 1(b). We also experimented with the lens mounted backwards 
on the camera with a reverse ring that is shown in Fig. 1(c). With the 
reverse ring, we conducted three additional experiments with the 
three different extension tubes. 

For all experiments, the aperture was kept wide open, the shutter 
speed was adjusted to be 460 µs, and the ISO setting was 2000. The 
acquisition rate was kept fixed at 2142 frames per second, and the 
resolution was 720 × 1280 pixels. Since less light falls on the de-
tector when using tubes and/or the reverse ring, a 100 W DC light 
(make: Godox; model number: SL100D) with adjustable intensity 
settings was used to illuminate the tool. All measurements were 
conducted with a white background to minimize the influence of 
background noise and blur. Each experiment was conducted at least 
twice, and measurements were observed to be repeatable. 

The single camera setup shown in Fig. 1(a) can only record in- 
plane motion in the direction perpendicular to the edge of the tool. 
As such, measurements are illustrated herein with the excitation and 
response being in the Y-direction. Out of plane motion for in plane 
excitation is expected to be small and is ignored. 

A summary of the eight experiments is shown in Fig. 2. The figure 
shows a schematic of each experimental setup. The lens and the size 
of the extension tube is listed in Fig. 2. Since the focal point changes 

with every combination of lens and extension tube, the distance 
between the lens and the tool is adjusted accordingly, and that 
distance too is listed in Fig. 2. We keep the distance between the DC 
light and the tool to be fixed and adjust only the light’s intensity to 
obtain better contrast in the image. That intensity setting in terms of 
the percentage of the full intensity of 100 W is also listed in the 
figure. Also shown in Fig. 2 is one representative frame from every 
recorded video to show the field of view with the region of interest 
highlighted. The regions of interest are the edges that are tracked in 
every frame to extract displacements using the edge detection and 
tracking algorithm [4,5]. Since the field of view is known for every 
image, as are the tool’s dimensions, the per-pixel resolution is easily 
estimated and those too are listed in Fig. 2 for each of the different 
setups. 

As is evident from Fig. 2, the use of extension tubes and/or the 
reverse ring with and without the extension tubes allowed us to 
move the camera system closer to the tool than with just using a 
lens. This in turn increased the magnification. The field of views also 
make it evident that with the introduction of additional tubes be-
tween the lens and the camera body, there is a greater magnification 
of the image. Since the camera system with tubes and/or the reverse 
ring is closer to the tool, less light falls on the detector, and as such, 
the intensity of the light is increased to obtain a sharper image with 
better contrast for these cases. Yet, even with the increased light 
intensity, the images with tubes appear darker than those without. 

Fig. 1. (a) Experimental setup showing the camera with a standard 18–55 mm lens, the tool, and the DC light, (b) three extension tubes and (c) the reverse ring.  
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Also evident is that the images with tubes are less defined than 
those without. This is thought to be due to the low-pass spatial fil-
tering effect with tubes that tends to filter out sharper features in 
the image [10]. 

Introducing one 13 mm extension tube between the 18–55 mm 
lens and the camera body improves the per-pixel resolution from 
83 µm to 16.4 µm. Introducing another 21 mm tube to this combi-
nation further improves the per-pixel resolution to 8.8 µm. And, with 

the 13 mm, the 21 mm, and the 31 mm tubes all stacked together and 
in between the 18–55 mm lens and the camera body, the per-pixel 
resolution was found to improve to 5.3 µm. This improvement is not 
insignificant. However, experiments with the 18–55 mm lens 
mounted backwards with a reverse ring further improve the per- 
pixel resolution to 2.7 µm, suggesting that reversing the lens might 
be better than adding three tubes to a lens mounted in the usual 
forward fashion. Introducing the 13 mm tube with the reverse ring 

Fig. 2. Summary of the eight different experimental configurations with the lens connected to the camera body with and without extension tubes and a reverse ring.  
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setup makes the per-pixel resolution 2 µm. Adding the 21 mm tube 
to this configuration makes the per-pixel resolution 1.6 µm. And all 
three tubes stacked and sandwiched between the camera body and 
the lens mounted backwards results in a per-pixel resolution to 
1.3 µm. Changing size of pixels for different combinations of lens 
mountings and tubes is summarized in Fig. 3. 

This reduction in the per-pixel resolution from 83 µm for the 
18–55 mm lens to 1.3 µm using a combination of extension tubes and 
the lens mounted backwards is significant. It is expected that small 
tool motion will be easily resolved with this and other such small 
pixel sizes – as is discussed in the section after next that compares 
motion extracted using vision-based methods with those obtained 
by twice integrating accelerations. 

Intensity and phase-based optical flow methods to detect 
subpixel level motion 

This section outlines procedures to estimate subpixel level small 
motion from recorded video. For this we use only the video acquired 
using the 18–55 mm lens connected to the camera body and with 
which the per-pixel resolution was found to be 83 µm. To estimate 
motion that is potentially smaller than this pixel size, at first, we 
outline the intensity-based method, implementation of which fol-
lows reports in [5,16,17]. Those discussions are followed by outlining 
the phase-based method, implementation of which follows report in  
[18,19]. For extracting displacements in both methods, we decom-
pose the video into its individual grayscale frames and then apply 
the scheme of interest. And, though we are only interested in motion 
along the direction of excitation, i.e., the Y-direction, the formula-
tions presented below are kept generalized for the projection co-
ordinates being x and y. 

Intensity-based optical flow 

An overview of the procedure to extract tool displacements from 
the intensity-based optical flow-based motion tracking scheme is 
summarized in Fig. 4. This implementation is based on our prior 
work [5], which had detailed the main steps. As such, we provide 
only a brief overview herein, and direct the reader to [5] for details. 

In the first step, we crop all images to retain regions at or near 
the cutting edge(s) of the end mill. We then convolve every frame by 
a Gaussian kernel that has a standard deviation of one to filter the 
influence of any potential noise in the image. The second main step 
involves estimating displacements by monitoring pixel intensities 
between pairs of images using the gradient-based optical flow-based 
scheme. 

The intensity-based optical flow method assumes brightness 
constancy, such that the light intensity (I) of a point on the tool in 
the image x y( , )i j that moved by a small amount to another location 
( + +x x y y, )i j in a short sample time t is constant: 

= + + +I x y t I x x y y t t( , , ) ( , , ).i j i j (1)  

Assuming small motion, the image intensity function can be 
approximated by a first order Taylor expansion as: 

+ + +
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For small motion and for short time intervals, the optical flow 
equation from Eq. (1) and Eq. (2) becomes: 
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at some time t in Eq. (3) is the change in intensity at a 
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Eq. (3) can be rewritten as: 
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To compute gradients in Eq. (4), instead of using the Horn- 
Schunk kernel [20] as recommended in the standard implementa-
tion, we prefer to use the Sobel kernel that was shown to work 
better [5]. Since intensities (I t( ) and +I t t( )) are known, and the 
gradients I x/ and I y/ can be determined, Eq. (4) has two un-
knowns in x and in y, and to solve for these, usually an additional 
smoothness constraint is introduced [20]. However, since displace-
ments are of interest only in the direction of the intensity gradients,  
Eq. (4) can be rewritten as: 

= +I M x y t I x y t I x y t t| | ( , , ) ( , , ) ( , , ),i j i j i j (5) 
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is the intensity gradient, 

and M is the displacement in the direction of the intensity gradient. 
Since tool displacements are assumed to be small, the displacements 
are evaluated by monitoring pixel intensities between the reference 
image I x y( , )i j0 and subsequent images I x y t( , , )i j : 

=M x y t
I x y I x y t

I
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| |i j
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wherein I| |0 is the intensity gradient matrix computed with respect 
to the reference image. 

The image derivates required to evaluate intensity gradient in Eq. 
(6) is given by Eq. (7). The gradients are normalized with respect to 
the kernel size such that the magnitude of the mean pixel intensity 
remains the same in the resultant image gradient matrix: 
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Fig. 3. Per-pixel resolutions changing with different combinations of lens mountings 
and extension tubes. 
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wherein Gx and Gy are Sobel gradient kernels in the X and Y direc-
tions, and Gsum(| |)x and Gsum(| |)x represents the sum of the 
absolute entries, and p represents the size of the kernel matrix. 

Since the resulting motion matrix, M contains motion estimated 
for each pixel in the frame which may be influenced by background 
noise, we convolve the motion matrix with a Sobel edge detector, to 
result in the tool’s averaged displacement over the detected tool’s 
edge as: 

= M
I

Iy t t( ) ( )*
1

nnz(edge( ))
edge( )

t (8) 

wherein the edge( ) operator represents the Sobel operator and 
nnz( ) represents number of non-zero entries in an input matrix. The 
displacements thus obtained from every pair of images are averaged 
over the region of interest in the third step, and the procedure is 
repeated for every successive pairs of images to finally extract tool 
motion in the final step. 

Phase-based optical flow 

We estimate the phase-based optical flow field of an image se-
quence in five steps. These steps are outlined in Fig. 5. The first step 
remains the same as that in the intensity-based scheme in which we 
crop all images to retain regions at or near the cutting edge(s) of the 
end mill. And, even though the phase-based scheme is said to be 
more robust to noise and potential changes in illumination than the 
intensity-based scheme, we still filter every frame with a Gaussian 
blur with a standard deviation of one. This is done to minimize the 
influence of noise. In the second main step, we spatially filter every 
frame with a set of quadrature pairs of the Gabor filter and compute 
their local phase responses. To do so, we convolve the intensity of 

every spatial location with a Gabor filter kernel such that we obtain 
the local amplitude and local phase information as: 

= +A x y t e G iH I x y t( , , ) ( )* ( , , )i x y t( , , )
2 2 (9) 

wherein A x y t( , , ) is the local amplitude and x y t( , , ) is the local 
phase of the complex output of the filter measured for location (x y, ) 
at frame corresponding to time t . The Gabor filter has a real (G2) and 
an imaginary component (H2) representing orthogonal directions 
and that forms a quadrature pair which differs in phase by 90⁰. 

For the Gabor filter to work effectively, it must be tuned for the 
image sequence of interest. The filter can be thought of as a sinu-
soidal signal of a particular frequency and orientation, modulated by 
a Gaussian wave [21]. The parameters that control its shape, size, 
and performance are its orientation ( ), its wavelength and its 
bandwidth. Since the tool’s motion of interest for us is horizontal, 
the orientation is kept zero, i.e., = 0. For the video that resulted in 
83 µm pixels, we tuned the Gabor filter to have a wavelength of 10 
pixels per cycle and a bandwidth of three octaves. This resulted in a 
kernel size of ×69 69 pixels. 

In the phase-based approach, the contour of the local phase is 
assumed to be constant and its motion through time corresponds to 
the displacement signal [18]. Displacements are extracted from the 
motion of constant contour of local phase in time, which is ex-
pressed as [19]: 

=x y t( , , ) c (10) 

wherein c denotes some constant. Differentiating Eq. (10) with re-
spect to time gives: 

=x y t u v( , , )·( , , 1) 0 (11) 

Fig. 4. Overview of the intensity-based optical flow scheme to register subpixel level motion.  
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wherein =x y t( , , ) ( , , ),
x y t

and u v, denotes the horizontal 
and vertical velocity of the local phase contours moving between the 
first frame and subsequent frames. Making use of the fact that 

y/ 00 and x/ 090 , we can write: 

+ = = + =

=

u
x t

u
x t

v
x t

v

x t

0 , 0

.

0 0 0
1

0 90 90

90
1

90

(12)  

Integrating Eq. (12) with respect to time, we obtain the dis-
placements as: 

= =d t u d
x

x y t x y( ) ( ) [ ( , , ) ( , , 0)],x
t

0
1

= =d t v d
y

x y t x y( ) ( ) [ ( , , ) ( , , 0)].y
t

90
1

(13)  

Spatial gradients in Eq. (12) are obtained by convolving the phase 
with Sobel kernels. This convolution operation forms the third main 
step in obtaining displacements. Furthermore, since only displace-
ments in regions with sufficient contrast are treated as reliable, we 
use an amplitude threshold to retain only those pixels with in-
tensities beyond the assigned threshold. For the frame sequence of 
interest herein, the amplitude threshold is set as the median of 
amplitude of 60 pixels with the largest amplitude in the reference 
frame. Thresholding also forms part of step three. Though Eq. (13) 

results in a point displacement, the displacement in every frame is 
averaged over the region of interest to result in a scalar value. This 
forms part of step four. The final step involves repeating steps two to 
four for all subsequent frames to result in an estimate of the full 
displacement vector within the region of interest. 

The intensity-based and the phase-based methods can both 
register motion at the subpixel level. It has in fact been suggested 
that the per-pixel resolution of these methods is governed by the 
intensity depth in bits [16]. For the Chronos 2.1 camera in use, since 
the camera is of the 12-bit intensity type, the intensity values in 
pixels may take any value between 0 and 4095 ( =2 409612 ), giving a 
1/4095 or ×2.4 10 4 pixel-displacement resolution. And, since the 
pixel size with which these subpixel motion registration schemes 
are to be used was evaluated to be 83 µm, the pixel resolution be-
comes sub-micrometers. Small motion is thus expected to be esti-
mated correctly using these methods. 

Comparative analysis of motion and modal parameters 

This section compares response estimated using the different 
hardware setups as well as the software-based methods. Modal 
parameters evaluated from the registered motion are also compared. 
Response for the hardware-based experiments that each resulted in 
a different per-pixel resolution was estimated using a standard edge 
detection and tracking scheme. The parameters thus evaluated are 
compared with those evaluated from responses estimated using the 
intensity-based and phase-based methods applied to video recorded 

Fig. 5. Overview of the phase-based optical flow scheme to register subpixel level motion.  
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using the standard forward mounted 18–55 mm lens without ex-
tension tubes that resulted in 83 µm pixels. All modal parameters 
and responses are benchmarked against those evaluated from twice 
integrated accelerations that were measured concurrently while 
recording the video. To make comparisons meaningful, the input 
force for all impulse-like excitations with a modal hammer was kept 
at the same level of ~250 N. And, though the input force was mon-
itored, it was not measured to be synchronized with video. And as 
such, the eigenvectors if estimated would not be mass normalized. 
Hence, for comparisons herein, only the natural frequencies and 
damping ratios are estimated from a run of the standard eigen-
system realization algorithm (ERA) [22,23]. 

Motion estimated from 11 different measurements together with 
modal parameters evaluated from that registered motion are shown in  

Fig. 6. Modal parameters are also tabulated in Table 1. The 11 different 
responses comprise of one measured using the accelerometer – see  
Fig. 6(a). Another response is estimated from the edge detection and 
tracking scheme applied to the video recorded with the 18–55 mm 
lens mounted in the usual forward fashion – see Fig. 6(b). Three more 
responses correspond to introducing different sets of extension tubes 
in between the camera body and the forward mounted lens – see  
Fig. 6(c-e). Another response corresponds to the lens mounted back-
wards – see Fig. 6(f). Three more responses correspond to different 
combinations of extension tubes together with the lens mounted 
backwards – see Fig. 6(g-i). And two responses correspond to those 
evaluated using the intensity-based scheme (see Fig. 6(j)) and the 
phase-based scheme (see Fig. 6(k)) applied to the video recorded with 
the 18–55 mm mounted in the usual forward fashion. 

Fig. 6. Response estimated from (a) twice integrated accelerations and video recorded with: (b) 18–55 mm lens, (c) 18–55 mm lens and a 13 mm extension tube, (d) 18–55 mm 
lens and 13 mm and 21 mm extension tubes, (e) 18–55 mm lens and 13 mm, 21 mm, and 31 mm extension tubes, (f) 18–55 mm lens mounted backwards, (g) 18–55 mm lens 
mounted backwards and a 13 mm extension tube, (h) 18–55 mm lens mounted backwards and 13 mm and 21 mm extension tubes, (i) 18–55 mm lens mounted backwards and 
13 mm, 21 mm, and 31 mm extension tubes, (j) 18–55 mm lens and using the intensity-based scheme, (k) 18–55 mm lens and using the phase-based scheme. 
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The response of the end mill is characterized by a single domi-
nant mode at =f 619Hzn that has a damping ratio of = 0.013. 
These parameters were obtained from a run of the ERA on twice 
integrated accelerations that were sampled at a rate of 51.2 kHz 
using a NI-9234 analog to digital convertor together with a NI-9171 
chassis. 

For vision measurements with just the 18–55 mm lens with 
which the per-pixel resolution is 83 µm, no perceptible motion is 
registered using the edge detection and tracking scheme as can be 
observed from Fig. 6(b), and as such no modal parameters are esti-
mated. This suggests that the motion has amplitudes less than that is 
easily resolvable with the per-pixel resolution of 83 µm. Displace-
ments obtained from twice integrated accelerations shown in  
Fig. 6(a) indeed show the response amplitude for the first few cycles 
to be as low as ~5 µm. This response appears partially resolvable 
with the hardware setup with one extension tube that makes the 
per-pixel resolution 16.4 µm. The natural frequency estimated from 
this response shown in Fig. 6(c) was evaluated to be 611 Hz, i.e., a 
difference of ~1.2% from the ‘true’ natural frequency estimated from 
accelerations. Though frequencies match up well, there is a large 
difference in the estimate of the damping ratio. The difference is 
damping estimates can be attributed to the edge detection and 
tracking scheme not being strictly a subpixel level motion registra-
tion scheme, i.e., despite averaging response over several pixels in 
the region of interest, since the per-pixel resolution in this case is 
greater than the response amplitude for the first few cycles, the true 
decaying nature of the response is not characterized correctly – as is 
evident from Fig. 6(c). 

Results with two extension tubes with which the per-pixel re-
solution was 8.8 µm were found to be like those with one extension 
tube – as can be seen in Fig. 6(d). For the case of three extension 
tubes sandwiched between the camera body and the lens that 

results in a smaller per-pixel resolution of 5.3 µm, results for which 
are shown in Fig. 6(e), the error in natural frequencies and damping 
ratios surprisingly increase to become ~3.5% and ~123%. Since 
sandwiching more extension tubes results in less light falling on the 
image detector even with the DC light intensity being cranked up, 
the image becomes dull. And, since the edge detection and tracking 
algorithm works best with sharp intensity gradients across the tool’s 
edge, even though the per-pixel resolution was reduced to 5.3 µm 
with the help of three extension tubes, this does not translate to 
better motion registration. 

With the lens being flipped to be mounted backwards using a 
reverse ring, response estimated with a per-pixel resolution of 
2.7 µm is shown in Fig. 6(f). The natural frequency evaluated from 
this response differs by ~2% when compared to the benchmark. 
Damping in this case too is overestimated. This setup results in a 
smaller per-pixel resolution than with three tubes sandwiched to-
gether with the lens mounted forwards. And, since the tool is nearer 
to the image detector in this case, motion is better resolved. In-
troduction of one, two and three extension tubes with the reverse 
ring setup, results for which ae shown in Fig. 6(g-i), further reduces 
the per-pixel resolution to 2 µm, to 1.6 µm, and to 1.3 µm, respec-
tively, and that in turn brings the differences in natural frequencies 
to be less than 0.2%. Differences in damping estimates remain high, 
ranging between 40% and 50%. As is obvious from observations from  
Fig. 6(a-i) and Table 1, use of extension tubes in combination with a 
backward mounted lens results in better motion registration and 
modal parameter estimates than the use extension tubes with the 
lens mounted in the usual forward configuration. 

Though the use of the edge detection and tracking scheme was 
unable to resolve motion with per-pixel amplitudes of 83 µm, when 
the intensity-based and phase-based subpixel level motion regis-
tration schemes are applied to the same video, the motion is easily 

Table 1 
Modal parameters evaluated from response estimated from different methods.        

Motion registration method Schematic Per-pixel 
resolution [µm] 

Natural 
frequency [Hz] 

Damping ratio  

Accelerometer  – 619 0.013 
Edge detection and 

tracking 
With 18–55 mm lens 83 – – 

With 18–55 mm lens + 13 mm extension tube 16.4 611 0.019 

With 18–55 mm lens + 13 mm + 21 mm extension tubes 8.8 609 0.017 

With 18–55 mm lens + 13 mm + 21 mm + 31 mm 
extension tubes 

5.3 597 0.029 

With 18–55 mm lens mounted backwards 2.7 606 0.02 

With 18–55 mm lens mounted backwards + 13 mm 
extension tube 

2 611 0.019 

With 18–55 mm lens mounted backwards  
+ 13 mm + 21 mm extension tubes 

1.6 618 0.018 

With 18–55 mm lens mounted backwards  
+ 13 mm + 21 mm + 31 mm extension tubes 

1.3 618 0.019 

Optical flow With 18–55 mm lens using the intensity-based scheme 83 617 0.019 

With 18–55 mm lens using the phase-based scheme 83 619 0.016 
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resolvable – as is evident from the responses shown in Fig. 6(j-k). 
The natural frequency evaluated from motion estimated from the 
intensity-based scheme differs by less than 0.3% compared to the 
benchmark, and for the case of the phase-based scheme, the natural 
frequency is estimated correctly, with no error. The difference in 
damping too evaluated from motion registered with the phase- 
based scheme differs by 23% in comparison to the benchmark. This is 
less than the difference as compared to the intensity-based scheme 
and is also better than all the hardware-based experiments. This is 
likely due to the phase-based scheme being more robust to changes 
in illumination and noise. 

Conclusions and outlook 

This paper discussed methods to resolve subpixel level small 
motion from video recordings of cutting tools. We demonstrated that 
it is possible to estimate small motion using hardware-based as well 
as software-based techniques. In the hardware-based techniques, we 
showed that it was possible to improve the per-pixel resolution to as 
less as 1.3 µm using combinations of extension tubes sandwiched 
between the camera body and a standard lens mounted backwards. 
This reduction was more than what was possible with different 
combinations of extension tubes sandwiched between the camera 
body and the lens mounted in the usual forward fashion. In general, 
we found that the use of extension tubes significantly reduced the 
per-pixel resolution from being 83 µm with just a standard lens to a 
few µm. This reduction made it possible to use the established edge 
detection and tracking scheme to register small cutting tool motion 
with small pixel sizes. Amongst the software-based approaches we 
found the phase-based optical flow scheme to fare better than the 
intensity-based optical flow scheme in registering subpixel level small 
motion even with pixel sizes of 83 µm. Modal parameters evaluated 
from motion estimated using both methods agreed with those eval-
uated from twice integrated accelerations. 

Since methods proposed herein proffer new ways to register 
small oscillatory motion, we believe that our findings will further 
help leverage the adoption of vision-based modal analysis methods 
in machine tool systems as an alternative to the more traditional 
experimental modal analysis procedures. Furthermore, methods 
proposed herein are equally applicable to vision-based modal ana-
lysis for micro tooling systems that will likely vibrate with smaller 
amplitudes than the macro tool geometry discussed herein. Methods 
we have proposed can also easily be applied to study material de-
formation mechanisms during cutting. Methods are also generalized 
for use across other engineering domains. 
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