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Abstract
Motion blur often affects the ball image in photographs and video frames in many
sports such as tennis, table tennis, squash and golf. In this work we operate on a
single calibrated image depicting a moving ball over a known background, and show
that motion blurred ball images, usually unwelcome in computer vision, bear more
information than a sharp image. We provide techniques for extracting such information ranging from low-level image processing to 3D reconstruction, and present
a number of experiments and possible applications, such as ball localization with
speed and direction measurement from a single image, and ball trajectory reconstruction from a single long-exposure photograph.
Key words: ball motion recovery, ball trajectory from streak, motion blur, contour
detection in motion-blurred images, canal surface, single-image 3D reconstruction

1

Introduction

When a moving object is photographed by a still camera, its image is often
motion blurred because its position changes during the exposure time. If the
exposure time is not short enough, the object leaves a visible “trail” or “streak”
in the image, and its contours blend with the background confusing most
computer vision systems; for example, a moving ball loses its characteristic
circular (elliptic in perspective images) shape, and appears as an elongated
semitransparent object, whose boundaries are difficult to locate. Traditional
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Fig. 1. Trails left by a moving balls; if the exposure time is long enough, a curved
trajectory can be seen (rightmost image).

methods for finding the 3D position of a sphere from a single calibrated image,
which require to fit an ellipse to its projection, fail in this scenario.
In this work, we study a motion blurred image of the ball and provide techniques for accurately determining its characteristics and contours. Surprisingly, in a calibrated image this information allows not only to reconstruct
the ball’s 3D position, but also its motion direction and speed (up to a sign
ambiguity) even if a single video frame or photograph is given; this task can
not be achieved with a single sharp image. Moreover, we show that a single
long-exposure photograph allows the 3D shape of a curved trajectory to be
reconstructed.
The study of ball motion is an interesting problem that has a number of
applications in sport event analysis: annotating video footage in order to understand and analyze playing techniques, detecting fouls 1 and verifying the
referee’s decisions are only few examples. A precise estimation of the ball trajectory is also significant in many sports where the ball motion is not always
parabolic, such as table tennis, baseball (e.g. the “knuckleball” pitch) and
Volleyball (for example, “floater” serves).
Handling motion-blurred images is difficult since object geometries and contours are not well-defined; moreover, a nonuniform background apparently
complicates the problem, and naive background subtraction is usually not
enough for retrieving contours with sufficient accuracy for ball localization.
In this article, we assume that the background is known: interestingly, in our
framework a nonuniform background actually helps in extracting relevant information from the streak.
In other works such as ([1–3]), the trajectory of a moving ball is obtained by
tracking the ball’s position through the frames of a video sequence; however,
this approach requires the ball to be visible in multiple synchronized cameras,
whose corresponding frames are analyzed in order to triangulate the ball’s
position. [4] shows how the ball trajectory can be reconstructed from a single
1

e.g., in table tennis and volley the ball must traverse the plane of the net inside
a given area
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video sequence by analyzing its shadow, provided that it is present and recognizable – which is a rather strict requirement in many scenarios. In [5,6],
a physics-based approach is proposed, which assumes a parabolic trajectory
in order to extrapolate its parameters from an image sequence; this approach
is not applicable if the ball has significant spin, since in this case the ball
trajectory is not parabolic. Moreover, in this work, which extends the preliminary results presented in [7], we reconstruct the trajectory from a single
image rather than from an image sequence; this has the significant advantage
of enabling the use of cheap, high-resolution consumer digital cameras, which
currently provide a much higher resolution than video cameras costing many
times more.
There are several works in literature that deal with motion blur; most of
them ([8,9]) aim at removing blur artifacts (“deblurring”), which greatly improves visual effectiveness of images and performance of object classification
algorithms. However, this hardly permits exact measurements needed for 3D
reconstruction. Our work, on the contrary, takes advantage of the motion blur
effect, which summarizes the trajectory of the ball; in [10] we also developed
a complementary approach, which is used for the localization and velocity
reconstruction of slightly-blurred balls, whereas this paper considers longer
exposures.
Other works exploiting motion blur ([11,12]) estimate the speed of a moving
object, but do not reconstruct its trajectory or motion direction. Recently, interesting related applications have also been proposed in [13], where rotational
blur estimation is the basis for a visual gyroscope, and in [14], which exploit
motion blur to obtain depth information from a single blurred image. Also, in
[15] motion blur is used for joint reconstruction of geometry and photometry
of scenes with multiple moving objects. In general, these applications take
advantage of the additional information that a single motion blurred image
incorporates about the scene structure, which can not be extracted from a
single still image.
The main contribution of the present paper is three-fold:
• after presenting basic considerations about motion blur, and deriving a
model for the motion-blurred image of a moving ball (section 2), we show
how the streak of a moving ball in a single image can be analyzed with image
processing techniques in order to accurately determine its lateral boundaries
and its transparency (section 3). In this analysis, we consider a non uniform
but known background, and assume that the ball surface has a uniform
color.
• Building upon recent theoretical results ([16]) about shape-from-contour
reconstruction of canal surfaces from a single calibrated perspective image
(section 4), we show how the streak’s accurate lateral contours and trans3

Fig. 2. The motion blurred image (right) can be conceived as the average of many
still images (left).

parency can be exploited in order to compute the ball position, motion
direction and speed (section 5).
• In section 5 we also generalize the previous results by providing a technique for computing the ball’s trajectory encompassed in a long exposure
calibrated photograph.
Section 6 validates our approach with several experiments, whereas section 7
concludes the paper and presents ongoing and future works.
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The image of a moving ball

During the camera exposure period e, a moving ball projects to a moving
ellipse changing in size. The final image C is obtained as the summation of
infinitely many sharp images, each exposed for an infinitesimal portion of
e. An equivalent interpretation, which is more meaningful in this setting, is
considering the motion-blurred image as the average of infinitely many sharp
images It , each taken with the same exposure time e but with the scene frozen
at a different t ∈ e (see figure 2); this technique is also implemented in many
computer graphics packages for rendering accurate motion blurred scenes.
Because the background is static, its pixels are of constant intensity in each
It ; conversely, if during a time period p ⊆ e the ball image overlaps with a
pixel, that pixel belongs to the ball’s streak.
In the following, we assume that the ball surface has a uniform color, and that
lighting is constant over time.
A pixel Cxy belonging to the streak has the background intensity Bxy in some
of the It images, and the intensity of points belonging to the ball image in
others. If the ball image was of uniform intensity F , the streak color in C
would be a convex linear combination of the ball and background intensities,
weighted p/e = α and (e − p)/e = 1 − α respectively. In other words, the
pixel intensity in the final image depends on the fraction of the exposure time
4

Fig. 3. Left to right: ball image and its trajectory during e; actual photograph; α
values along the highlighted profile and best fitting semi-ellipse (dashed).

in which the ball image overlaps with the pixel; we call this value α recalling
its meaning in the well-known alpha compositing equations (see [17]), since it
indicates in what degree the streak appears opaque.
If the ball is shaded, the ball image is composed by darker shadow pixels as
well as lighter ones. Let Fxy be the average of the intensities at all points of
the ball image projecting to the considered pixel during the exposure time.
Then:
Cxy = αFxy + (1 − α)Bxy
(1)
We proceed in the analysis by considering a profile l overlapping the streak,
perpendicular to its direction and not intersecting either the image of the ball
at the beginning of the exposure, or the image of the ball at the end of the
exposure (therefore, we implicitly require that the streak is at least twice as
long as it is thick). We assume that the part of the ball trajectory which
affects the considered profile can be approximated by a rectilinear, uniform
speed motion; this is reasonable since it is a short trajectory portion, rarely
longer than 4 ÷ 5 times the ball radius. We also assume that, in the same
trajectory portion, the ball image has fixed shading and size.
Let y be the coordinate along l. The value α in (1) at point l(y) is directly
proportional to the time the ball image overlaps with point l(y) during the
exposure period. Since the ball moves with constant speed, under the previous
assumptions we can derive:

αl(y) =



0

if −r < y − c < +r
q
1

k ·
r2 − (y − c)2 elsewhere
r

(2)

The function describes a semiellipse 2 centered on y = c (the center of the
2

counter-intuitively, this holds not only if the ball image is assumed circular but
also if the generic elliptic projection of the sphere is considered
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trail), with an horizontal axis of radius r, and a vertical axis of radius k =
αl(c) ≤ 1. The profile does not need to be exactly perpendicular to the trail 3 .
k represents the fraction of the exposure time e during which the ball image
overlaps with l.
Consider all sharp images It in which the ball image overlaps with the considered profile. Under the current assumptions, each shows the ball image
translating with constant speed over the background; therefore the intensities
contributing to F in (1) for a point l(y) are only those along a rectilinear
profile on the ball image. In particular, Fl(y) is the average of the ball image
pixel intensities along a profile parallel to the streak direction.

3

3.1

Retrieving accurate streak contours

Why traditional algorithms do not work

Consider a streak on a dark background, and assume that the ball image is
uniformly white: then the intensity along a profile has the semielliptic shape
described by (2). Since the theoretical intensity gradient has maxima at the
real position of the streak boundary, we would expect that, at least in this
simplified scenario, gradient-based edge detection algorithms such as Canny’s
edge detector ([18]) returned correct results; simple experimentation (see figure 4) shows that this is not true, and that these algorithms return contours
systematically displaced several pixels towards the center of the streak.
These errors are caused by the smoothing phase performed before the gradient is computed. Since intensity profiles perpendicular to the contour have
a semielliptic instead of step-like shape, as soon as they are convolved with
a gaussian function their gradient’s maxima are displaced towards the center
of the streak. There is no workaround for this, since, because of image noise,
smoothing is necessary in order to compute a meaningful gradient. In practice, a contour displacement of few pixels results in important errors in the
localization of the ball. Therefore, we elaborated an alternative approach for
contour localization, which fits this unusual scenario.

3

the α values describe the elevation of a right cylinder in the image plane (scaled
in the direction of the intensities): therefore, the α values along any profile have a
semi-elliptic shape, albeit with different radii and scale factors.
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Fig. 4. The Canny edge detector returns contours biased towards the center of
the streak; this effect is mitigated by reducing the smoothing parameter σ, but this
generates irregular edges. Red pixels: contour points found by Canny algorithm with
σ = 10; purple: σ = 5; blue: σ = 3. Yellow line: smooth spline contour returned by
our approach

3.2

Our approach

We detect the edges of the trail by taking advantage of relation (2): we consider
α values along profiles roughly perpendicular to the streak direction and fit a
vertically scaled ellipse to them, estimating the three unknown parameters c,
r and k by nonlinear least-squares minimization; then, the two points l(c − r)
and l(c + r) along the profile are marked as edge points. The procedure is
iterated on many adjacent profiles, independently finding two contour points
and an opacity measure k for each.
Unfortunately, α values are not readily available, unless a black background
and a ball image of uniform intensity is considered. Otherwise, α values in the
streak must be retrieved by means of equation (1), where α is unknown. In
particular, we consider three cases: ball image with uniform intensity; known,
shaded ball image; unknown, generic shading in a color image.

3.2.1

No shading

If the image of the ball is approximated as a circle with uniform, known intensity, F in equation (1) is constant and known, then αl(y) , is the only unknown
and can be directly computed at any pixel as αl(y) = (Cl(y) −Bl(y) )/(F −Bl(y) ).

3.2.2

Known shading

If a sharp image of the ball is given, and we assume that shading does not
vary significantly along the ball trajectory, the average intensity F of the ball
image along any line at any angle can be computed easily with a technique
recalling the Radon transform [19] (see figure 5).
7

Fig. 5. For each profile at any angle, the average intensity of the ball image can be
computed easily. Right chart: the gray values obtained as the average along profiles
at different positions (y) and angles (θ).

In practice, the streak boundaries are reconstructed by considering profiles
perpendicular to the streak direction. For each profile, for a given c, r and
k, the ball shading information allows us to composite the streak over the
background. We estimate c, r and k as the parameters defining the best match
to the observed profile in C.

3.2.3

Unknown shading in a color image

In a color image, (1) holds for each of the three channels:


r


Cl(y)



g

Cl(y)





 b

r
r
= αl(y) Fl(y)
+ (1 − αl(y) )Bl(y)
g
g
= αl(y) Fl(y)
+ (1 − αl(y) )Bl(y)

(3)

b
b
Cl(y) = αl(y) Fl(y)
+ (1 − αl(y) )Bl(y)

For each of the image pixels, we have three equations and four unknowns (α,
F r , F g and F b ).
In [20], we show that α can be easily retrieved by exploiting knowledge about
the pigmentation of the ball surface, which is not even constrained to be uniform. In particular, if the ball surface is pigmented with only two known colors,
and possibly their combinations and darker shades (including black), F can
be constrained to lie on a known plane in RGB space; this holds regardless of
shading (provided that there’s no mixed lighting), and even after motion blur
mixes the ball colors toghether. This constraint makes (3) exactly determined,
and allows us to compute α at each image point.
8

4

Geometry of ball streaks

In this section we show that the motion-blurred streak is the image of a canal
surface, and recall a geometric technique for reconstructing it from its lateral
contours. Then, we detail how this translates into practice in our context.

4.1

Canal surfaces

First, we define the object of the study:
Definition 1 A canal surface can be defined as the envelope surface of a family of spheres with constant radius R, whose centers lie on a space curve called
axis, such that, at any axis point, the axis curvature radius is strictly larger
than R.
A technique for reconstructing the shape of a canal surface from its lateral
contours in a single calibrated perspective image has been recently proposed
in [16,21].
First, an equivalent definition of canal surface is provided: a canal surface is
equivalent to the union of circumferences with radius R, called cross sections,
such that each cross section is centered on the axis. An axis point and the
cross section centered on it are said to be associated. A cross section has a
supporting plane perpendicular to the tangent to the axis at its associated
point.
A core concept in the reconstruction technique for canal surfaces is that of
coupled points: two contour points are said to be coupled if and only if they
are the image of two points belonging to the same cross-section.
Once a pair of coupled points on facing contours are identified, the associated
cross section in space can be uniquely reconstructed, provided that its radius
its known.
In particular, the orientation of the cross section is found as the direction
identified by vanishing point vh (see figure 6): vh is the intersection of the
tangents to the contours (c1 and c2 ) at the coupled points (p1 and p2 ). Likewise,
the position of the cross section is uniquely determined as soon as its radius
R is known.
Note that a scaled version of the canal surface can be reconstructed by using
an arbitrary value for the canal surface radius R.
9

Fig. 6. Cross section reconstruction geometry.

Since a pair of coupled points allows us to reconstruct the related cross section,
we need to detect pairs of coupled points along the canal surface contours. This
is possible by means of the following property:
Property 1 Let c1 and c2 be two facing contours on the image; let t1 (t2 ) be
the tangent to c1 (c2 ) at point p1 (p2 ), and let vh be the intersection between
t1 and t2 .
−−→
−−→
The points p1 and p2 are coupled only if the angle formed by Op1 and Ovh
−−→
−−→
coincides with the angle formed by Op2 and Ovh , where O is the camera
viewpoint.
This allows us to identify a large number of coupled point pairs on the canal
surface lateral contours: from each pair, the related cross section is reconstructed. If a sufficient number of cross sections is available, the shape of the
canal surface (and, equivalently, its axis) can be reconstructed as well.

4.2

Canal surfaces and moving ball trails

The shape of the trail left by a moving sphere in a long-exposure image can
be mathematically modeled as the image of a canal surface (see figure 7),
provided that the considered trajectory section has curvature radius strictly
larger than the ball’s radius R.
This follows directly from definition 1: in this context, the axis represents the
trajectory of the center of the ball; any of the axis points is the position of
the center of the ball at a t ∈ e; any of the spheres which compose the canal
10

Fig. 7. The trail left by the moving ball is the image of a canal surface, which is
reconstructed.

surface represent the ball at a t ∈ e.
By using the technique we summarized for canal surface reconstruction, if the
two lateral contours of the ball trail are given, the trajectory of its center can
be retrieved.

5

Recovering ball motion

First, we summarize how the theoretical results described in the previous
sections are combined for retrieving the ball position, movement direction and
speed from a single image in which the ball is blurred to an almost rectilinear
streak.
Profile analysis: We accurately compute the streak contour points by means
of the technique presented in section 3.
Fitting: Depending on the number of available contour points and on the ball
curvature, the contours are approximated with the best fitting line or the
best fitting 2-nd order polynomial. Also, we average k (considered constant
throughout the streak) over all considered profiles.
3D reconstruction: A point on a contour is considered, along with its tangent line; we look for the coupled point on the facing contour, then reconstruct the corresponding cross section as detailed in section 4; this identifies
the position of the ball and its motion direction (identified by the vanishing point at the intersection of the tangents to the contours at the coupled
points).
Speed measurement: e · k represents the time that the ball has been in
contact with the interpretation plane of the considered profile. Together with
the ball movement direction, this allows us to compute the speed of the ball:
11

Fig. 8. Reconstruction procedure. Left to right: the trail and its contours localized;
coupled points identified and reconstruction of the axis; 3D view of reconstructed
cross sections (the orientation errors at the top are due to border effects)

let β be the angle between the movement direction and the interpretation
plane of the profile; 2R tan(π/2 − β) is the distance traveled by the ball in
time e · k. Note that there is an ineliminable ambiguity in the sign of the
speed.
When operating on a longer-exposure photograph, in which the streak has a
curved appearance, the presented technique is adapted by fitting a smooth
spline to the contour points, then reconstructing multiple cross sections along
the streak, which allow us to localize the ball position at different points of
its trajectory. The speed of the ball at each point is computed as we did
previously; obviously we let k change along the trajectory, by approximating
its value along the streak with a smooth curve. This allows us to reconstruct
both the trajectory and the speed of the ball at each point.
Note that, before 3D reconstruction, we reduce the streak to its lateral contours only, which is the only information we can find with sufficient accuracy.
The extremities of the streak, which would be an useful hint for estimating
the ball speed, are ignored since they blend with the background and can not
be localized with sufficient precision.

6

Experimental results

We tested our approach on a number of photographs taken by a tripodmounted 2Mpixel compact digital camera, as well as a 6Mpixel reflex digital camera; both cameras allow the exposure time and ISO sensitivity to be
manually set. Exposure times from 1/100 to 1 second were experimented: the
main goal is to have a visible ball trail without overexposing the background.
We used white and colored table-tennis balls (with small text printed on a
12

Fig. 9. Left to right: ball trail on a difficult background; trail highlighted by background subtraction with contours localized; detail on a part of the contour. Single
contour points detected in each of the profiles (blue circles) are displaced by several
pixels, but error is not systematic. If many profiles have been analyzed, the contour
is accurately found by fitting a smooth spline (yellow).

side), and photographed their trajectory with limited usage of zoom, since
perspective effects are necessary for the canal surface reconstruction procedure. Various distances between the camera and the moving ball were experimented, ranging from 15 to about 200 centimeters; we did not setup any
special illumination.
We found that the reconstruction accuracy is in general not acceptable if the
lateral contours of the trail are found using traditional edge-detection methods, especially on nonuniform background; on the contrary, our own approach
to the detection of the trail contours, which we described in section 3, has
been found to be vastly superior in this context, especially when the streak is
narrower than 50 ÷ 100 pixels.
When operating on synthetic images, contour points are affected by an average
error less than half a pixel even before computing the approximating smooth
spline; the average error reduces to less than 1/15 pixel when the streak width
is 120 pixels; in the same images, the Canny algorithm with hand-optimized
parameters returned contours systematically displaced towards the center of
the canal surface by at least 2 pixels.
In real images with a streak width of 60 ÷ 70 pixels and length of 300 pixels,
we achieved subpixel contour accuracy after fitting an approximating spline to
edge points computed on 200 different profiles. When applying our approach,
we observed significant errors in contour point estimation along each profile
(see figure 9): this is mainly caused by the background image not matching
perfectly (for example because of image compression), and by nonuniform
color of the ball’s surface. However, these errors are not biased: since tens or
even hundreds of profiles can be computed, and the contour is smooth, the
final fit achieves subpixel accuracy along at least 90% of the contour length,
in all considered images.
13

Fig. 10. Left to right: ball trail, trail highlighted by background subtraction, and our
contour localization technique at work in the central parabolic section; reconstructed
trajectory portion. Exposure time e = 1 second; camera-ball distance is 1m (about
50 times the ball radius): the streak width is seen, from the camera viewpoint,
within an angle of about 4 degrees.
Image resolution

Relevant part

Streak width (px)

Average error

100%

3008x2000

1200x1000

150 ÷ 130

0.126 · R

75%

2256x1500

900x750

112 ÷ 97

0.130 · R

50%

1504x1000

600x500

75 ÷ 65

0.152 · R

25%
752x500
300x250
37 ÷ 32
0.240 · R
Table 1
Average reconstruction error (fraction of the ball radius R) w.r.t. image resolution.

The results of the trajectory reconstruction procedure have also been evaluated. We observed that the reconstruction is free of systematic errors, provided
that the contours are accurate: this is in accordance with the results obtained
with solid canal surfaces (see [16]). Errors mainly affect the direction connecting the camera viewpoint to the ball center: streak contour localization errors
reflect to larger localization errors as the contours are seen from the camera
viewpoint within a shorter angle.
We studied the effect of image resolution on the localization error of the ball
trajectory in real images: since we do not have ground truth, we reconstruct
part of the streak left by a bouncing table tennis ball without significant spin
(see figure 10). In order to evaluate the reconstruction error, we measure how
well a vertical plane can be fit over the reconstructed trajectory 4 . Table 1 reports the average distance between such vertical plane and the points on the
reconstructed trajectory, for the original image and for scaled-down versions;
the plane used for measuring the error in trajectories reconstructed from resized images is the same plane computed with the full-resolution image. We
also measured by what extent the reconstructed trajectory fits to a parabola
on such vertical plane, but we consider the resulting error negligible (consistently less than 1/20 of the ball radius), and possibly partly caused by the
4

We also measured that the generic plane fitting to the reconstructed trajectory
forms a 0.94 deg angle with the vertical line
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effects of air viscosity on the ball motion.
In the current hybrid Matlab/Java implementation, computational requirements would not allow the system to run in real-time, at least if curved streaks
are considered: reconstruction time depends linearly on the length of the streak
and on the image resolution, and is dominated by the contour localization step;
depending on the number of considered profiles (many are needed if the image
quality is poor), the complete reconstruction of a 300-pixel long and 60-pixel
wide curved streak requires from 5 seconds (20 profiles) to over one minute
(300 profiles). Reconstructing rectilinear streaks requires less computational
effort; although our implementation is not yet optimized for speed and still requires several seconds, we believe that in this case the ball position, speed and
movement direction could be reconstructed in fractions of a second, especially
if the ball shading is known a priori.
Most cameras apply a logarithm-like transfer function to the pixel intensity
values returned by their sensors, which invalidates our analysis since we assume
a linear transfer function. This manipulation of the sensor data can be avoided
by using digital cameras with RAW shooting mode, or by compensating it
by applying the inverse camera response function (see [22]). This problem is
common to many systems exploiting radiometry.
For practical applications in real-world scenarios, an useful extension is automatically beginning the photo exposure on a specific event, such as a ball
kick in soccer, or serve in tennis or table tennis. In particular, one of simplest
approaches consists in a sound-based trigger.
Since the camera is assumed still, an image of the background may be easily
captured just before or after the actual exposure; often, a single background
image may be sufficient for many measurements. On the contrary, if the background is not static (for example, when it is cluttered of moving players or
audience), capturing a sufficiently accurate background image may be impossible. Alternative camera angles, offering easier backgrounds, may be used in
this case (e.g. the sky is often an excellent choice as background, provided
that camera settings are tuned to avoid overexposure). In some particular situations, a separate image is not even needed: with uniform or very regular
backgrounds, known image inpainting algorithms may be sufficient.

7

Conclusions and future work

We presented techniques for extracting information from a single motionblurred ball image; if the image is calibrated, the background is known and
the streak is longer than twice its width, accurate localization and analysis
15

of the streak contours allows us to reconstruct the ball 3D position, direction
and speed (up to a sign ambiguity), or even its trajectory if the exposure is
sufficiently long.
This ball localization problem has several interesting practical applications,
and has been recently challenged with a number of different approaches; unlike previous work, we only require a single image and a known background,
without using any additional information such as shadows; however, physicsaware extensions of our work are possible in order to improve the accuracy of
the results.
The experimental results presented here convey the validity of our approach.
We are now using our streak analysis techniques to artificially enhance its
visibility in video frames. Moreover, we are investigating how the streak left
by color patterns on the ball surface could be analyzed in order to recover the
spin of the ball.
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