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Abstract

This paper addresses the research behind monocular 3D
reconstruction and it’s application to baseball. Given a
video of baseball player swinging a baseball bat, we at-
tempt to reconstruct the 3D coordinates of the bat path as
the bat moves through space. After training a YOLOvS
model on a large sample of baseball bats in various an-
gles and states, we attempt to detect the bounding box of
the baseball bat, and further dissect the area within the
bounding box to further carve out the shape of the bat us-
ing methodologies such as Gaussian Blurring, Canny Edge
Detection and Hough Line Transforming. A fully connected
neural network that is trained on biomechanical swing data
obtained through OpenBiomechanics released by Driveline
Baseball [9] is then introduced to estimate the 3D position
of the 2D trajectory of the swing path.

1. Introduction

In almost every sport these days, we are able to cap-
ture every movement that happens on the field, court or
ice, through optical tracking and vision processing systems
that are implemented throughout venues across the world.
Implementing these systems is an expensive endeavor, in
which only organizations with viable means such as profes-
sional sports organizations or large universities are able to
implement. In this paper, I outline my attempt to bring the
reconstruction of captured sport movement, in this case a
baseball swing, to the everyday user through monocular 3D
reconstruction. A lot of research has been done over recent
years to reconstruct golf swing mechanics [3] [7] [1]. [8]
Found pairs of parallel line segments to detect golf club
and utilized dataset from CMU to make educated guesses
on how the golfer will move. They then utilized a least
squared approach to refine guesses throughout the motion of
the swing. Utilizing the 3D motion data of swings is some-
thing that I also explore, except using baseball swing data
and instead using a deep learning approach. Similarly [1]
utilized canny edge and hough line transformation to de-
tect lines, and use position of hands to detect the golf club

head. This is instructive in my research, as I detect hand
locations to approximate both the bat knob and bat head
locations. Once swing paths are generated, 3D lifting is
needed to create 3D swing trajectories. [6] explored 3D po-
sition estimation based on 2D images as it relates to soc-
cer ball trajectories. The research explores a deep learning
approach in terms of calculating relative sizes and position
of soccer ball to estimate 3D position. Leveraging relative
positions of the bat throughout the trajectory of swing is
something I explored in the model I introduce as well. Even
though it is not an approach I ended up going with, utiliz-
ing their approach for using relative positions in a model to
estimate depth is something that I ended up implementing
as well. [5] also described a 2D to 3D lifting approach as
it pertains to human pose estimation. While it is ultimately
a different problem they are trying to solve by attempting
to create more robust deep learning 3D lifting techniques,
it helped shape my understanding of the different routes I
can take to model a 3D baseball swing by only using 2D
information.

2. Problem Statement

The first piece of being able to reconstruct a baseball
swing from a single video is to understand where the bat
is located in each frame of the video. There has been a
lot of research done in the sport of golf to reconstruct golf
paths [3] [7] [1]. I will apply similar methodologies, as
well as introduce YOLO detection in order to further im-
prove the ability to detect where the bat lies on the image,
while distilling the reconstruction of the 3D bat path to just
the detected area. In order to predict the location of the bat
throughout the video, I would need a large sample of base-
ball bat images to train a model on. Detecting the baseball
bat could come in a few different forms. Similar to pose
estimation, where joints are points on the body that are es-
timated and connected to one another, it can be argued that
a bat is also made of two points:

1. Bat Knob

2. Bat Head
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Connecting these two points theoretically make up that
bat, or atleast the part of the bat we are interested in, which
is just the straight line coordinates. However, detecting a
bat from a single video is more challenging when trying to
estimate bat heads and bat knobs. As can be seen in figure
1, rarely do bat knobs or bat heads show up cleanly in im-
ages, and thus make it difficult to detect. In monocular bat
tracking, it seems rather unlikely that one can estimate a bat
from a video by attempting to detect both the bat head and
bat knob individually.

Figure 1. Displayed difficulty of determining bat head/bat knob in
Front View

Another approach is polygon segmentation. A baseball
bat has a rather unique shape, and being able to capture
the body of the bat without worrying about filtering out the
background is ideal for accurate detections. However, carv-
ing out polygons is a time consuming process, and while it
could potentially lead to more accurate results in the future,
it seems unlikely that the amount of images that would be
required to carve out polygons would be beneficial in the
scope of this project given the number of images that would
be needed to manually segmented. There are a few different
publicly available datasets online with labeled bat images
for object detection purposes. Ideally the dataset chosen for
this project has bat labeled images from a variety of differ-
ent angles, captured via different mediums. I've landed on
utilizing data from [2] which has over 8000 labeled bat im-
ages, captured either via broadcast television, social media,
or mobile phone.

Detecting the bounding box where the bat is located is
only the first step of the process. Figure 2 illustrates the
general pipeline I utilized for this process. Each piece will
be touched on in more depth in the technical approach sec-
tion.

3. Technical Approach

The technical approach I'm proposing is hierarchical
by nature, in terms of first detecting a region of interest
within an image frame, and from there further dissecting
the bounding box to retrieve the coordinates of interest. In
the scope of this project, I will mainly be focusing on the
front view angle which is represented in figure 2, given its
the angle that’s the most useful for a hitter to analyze with
regards to swing path. In this section I will go deeper into
the methodology behind each step of the pipeline.

o
e Vi
Read Frame Gaussian Blur Yolo Detection Filter Image || Canny edge
o] e e |
Hough Line Find longest line LI":"?::::‘)" Line Averages Ex;sz:;i;ﬁ:sto

Figure 2. Bat Detection Pipeline 12(1)
182
3.1. YOLO Object Detection Model 183
The first step as mentioned above, is detecting areas on 1:2
each frame of the video where a bat is located. In the midst 186
of a swing, a baseball bat is represented in various angles. 187
To detect a bat, I used a labeled dataset [2] which has la- 188
beled boxes on roughly 8000 images spanned across many 189
different forms of media. Given a bat tracking tool would 190
be most heavily utilized via a user capturing video via their 191
phone, this dataset was chosen due to the unique variety 192
of images pulled anywhere from MLB broadcast video, to 193
video screen captured from social media. The variety of 194
angles provided also helps capture a lot of the noise that a 195
single swing can provide. To train our YOLO model for ob- 196
ject detection, I followed a structured approach. Within the 197
scope of this project, I didn’t pursue further performance 198
tuning on this Yolo detection model, given the importance 199
of being able to develop methodologies to detect the bat 200
without the reliance of perfect detection rates given by the 201
model itself. However, I would like to further enhance the 202
dataset used for this model in future research, as well as ex- 203
plore ways to tune the model for better future performance. 204
The process to train the model went as follows: 205
1. Data Gathering: Determine sufficiency of public data 285
for this project. Roboflow has a number of baseball re- 208
lated labeled datasets. I found one that seemed robust 209
enough for what I required. 210

2. Data Transferring: I accessed the dataset stored on 211
Roboflow via a GPU enabled VM on Google Cloud 212
Platform 213
214
3. Training: After installing pytorch, ultralytics and 215



other necessary modules, I began training the custom
detection model. Using pre-trained weights as a start-
ing point, the model was trained with a batch size of
16 for 10 epochs.

4. Evaluation: Model performance was evaluated on a
validation set by looking at the F1 curve, a metric eval-
uating it’s precision and recall.

As shown in 3 the F1 curve for the YOLO bat detec-
tion model, class 0, which represents the bat, is pretty ro-
bust from confidence intervals .15 to .75, peaking at a con-
fidence interval of about .5. The hand model, class 2, per-
forms just below that level, however in this process it is not
as important as the bat detection model in terms of creating
quality 3D animations since we can make some assump-
tions about hands based on other information. In both cases
however, adding images and performing fine tuning on the
model seems like it could make a big difference in terms of
performance in future research.

F1-Confidence Curve

— aiciasses 0,79 2t 0500

Figure 3. Class 0 (Bat) curve showing peak around .5

3.2. Noise Reduction Techniques

It is rare to take video of someone hitting a baseball with-
out there being noise in the background. Noise can come
in many different forms, but when it relates to hitting, there
are many instances where noise can come from netting from
batting cages, background crowds, or players. Because of
the importance of removing noise to zero in on the object of
interest, I explored different ways we can remove some of
that background noise before running the image through the
Yolo detection model and line detection process. Bilateral
filtering and Gaussian filtering are two of the main image
smoothing techniques I attempted in my pipeline. Through
testing, I noticed that Gaussian Filtering was much more
performant in terms of object detection and line detection
of interest compared to Bilateral filtering. As explained
in [4] Gaussian filtering takes a weighted-average approach
to smoothing pixels at a local level. Bilateral filtering on the
other hand takes into account pixel intensity, which results
in edges being preserved more robustly in the image com-
pared to the Gaussian filter. While I would have hypothe-
sized that the more profitable approach in this case would

be to apply Bilateral filtering so the shape of the bat is more
intact before running the canny edge detector, I noticed that
in most cases, Gaussian filtering keeps the structure of the
bat intact enough, while removing much of the unneces-
sary edges in the background. Figure 4 shows an exam-
ple of Bilateral filtering retaining much of the unnecessary
edges in the background, while Gaussian filtering maintains
the shape of the bat, while removing much of those edges.
The Gaussian filter example should show the importance of
noise reduction, as it is likely that the line detection process
would lead to a lot of inaccurate bat predictions given the
number of lines represented in the image without any sort
of smoothing.

(a) Bilateral filtering example (b) Gaussian filtering example

Figure 4. Bilateral Filtering vs. Gaussian Filtering

3.3. Canny Edge Detection and Hough Line Trans-
form

The next step in the pipeline is to apply canny edge de-
tection and hough line transformation. Canny edge detec-
tion is applied within the bounding box, resulting in a num-
ber of edges within the cropped box within the image. I
hypothesize that within the bounding box in which the bat
is detected in, the longest detected line is where the bat is
located. I do this by applying hough line transformation to
find the longest line. As shown in figure 5, the importance
of pre-filtering the image down to the bounding box before
detecting the straight lines on the image. Otherwise, unless
the image has very little noise in the background, it would
be difficult to predict bat location based off of lines as seen
in the non filtered image, where the longest line is shown
to be the shadow on the ground. Once the longest line is
detected, neighboring lines are found based on the direction
of the longest line. The neighboring lines that fit within a
custom threshold of the longest line’s direction remain as
data points to hedge the chance that the longest line is not
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the bat. The mean of the locations of the filtered longest
lines is taken, and gives the approximate bat location in the
frame. We then expand the line to the points in which it in-
tersects with the bounding box to give the full bat length in
the frame.

(b) Not filtering to

(a) Detected box area detected box

Figure 5. Showing importance of object detection to filter image
to detected bounding box before edge detections.

Imputing Missing Bounding Box Locations

It is important not to completely rely on the Yolo Bat
Detection model when it comes to filtering the frame down
to the region of interest in the image. Because of the im-
portance of subsetting the image, so as we have a greater
likelihood of a positive bat line detection, we implement a
simple methodology to impute the next bounding box based
on the previous bounding boxes’ directions and locations.

In the following example, w represents the width of the
bounding box, h represent the height of the bounding box,
while x and y represent the respective starting points of the
bounding box. We first begin by finding the coordinates
of the previous two bounding box locations and calculating
the difference in the x and y locations of the two bounding
boxes:

(In—lz Yn—1,Wn—1, hn—l) == Framen—l
(In—Zv Yn—2, Wn—2, hn—2) = Framen—Q (1)

Az = Tp—2 —Tp—1

Ay =Yn—2 = Yn-1
We then apply the difference in x and y locations to the
width and height of the previous frames bounding box loca-
tion:

Wp_1  Wy_1 + |Az]
hn—1 < hn—1 + |Ay|
Tp—1 < max(z,_1,0)
Frame, < ([Zn-1], [Yn-1], [wn-1], [Pn-1])

This methodology results in a bounding box that is a bit
larger than previous bounding boxes, since we are apply-
ing the direction magnitude to the previous bounding box’s

@

width and height. The more consecutive missed bounding
box detections results in larger and larger imputed bounding
boxes, given the additive nature of this approach. However,
this methodology was chosen because of two main reasons.

1. The difference in bat angles from frame to frame is
highly dependent on the frame rate of the camera.
While I explored applying the direction vector of the
previous two bounding boxes to the previous bounding
box, thus giving a smaller area to detect lines within,
there is a greater likelihood that the next bounding box
misses the bat entirely, especially with lesser frame
rate cameras.

2. In instances where the bat detection model misses in
consecutive frames, the imputed bounding box will
stall in direction, and most likely again miss the bat en-
tirely for multiple frames if the Yolo detection model
fails to detect the bat.

3.4. Bat Point Labeling

For us to take meaningful insights out of 3D bat posi-
tions, understanding which of the line endpoints is the bat
knob and which endpoint is the bat head is important. Dur-
ing the detection process, bat knobs and bat heads are esti-
mated based on location to center of the frame.

We use the distance formula between two points:

distance(z,y, ¢z, ¢y) = \/(w —)?+Y—c)? 3

For the two endpoints of the line, we follow the follow-
ing process:

Calculate the center of the image:
width _ height

2 @ 2
Calculate distances from the center:

Cpy =

distance; = \/(wl —cz)? 4 (31 — cy)?

distances = \/(asg —cz)?2 4 (y2 — ¢y)?

The endpoint further from the midpoint is labeled as the bat head

If distance; > distance :

(zf,y7) = (z1,91)
Else:

(@g,yf) = (22,92)
(C))
This assumption, however, that the bat head will always
be further from the midpoint of the frame is a bit presumptu-
ous. The reason the midpoint of the frame is initially chosen
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as the anchor point, is because for a video to capture a bat
in totality in a video from the side angle, the bat head will
more likely be operating outside of the middle of the frame.
As shown in show figure there are times where, especially
if the bat is operating on a flatter plane closer to the middle
of the frame, the bat head will be closer to the midpoint.

After the detection process is over, we store all of the line
detection coordinates of the bat, and hand detection coordi-
nates. Because the knob of the bat should always be closer
to the batter’s hands, we run the same distance equation as
above for each endpoint, but use the hand detection coordi-
nates as the anchor point. Because the hand detection model
isn’t quite as robust as the bat detection model, we leverage
the hand coordinates from the frame closest to the current
frame to calculate the distance from.

(a) Bat head detections before
running through hand distance
method (green dot equals good

(b) Bat head detections after
running through hand distance
method

head detection, red dot equals
bad detection)

Figure 6. Bat detections (red dots indicate false bat head detec-
tions, while red lines indicate lines detected by imputed bounding
box methodology

3.5. Interpolation

While the YOLO bat detection model is a good starting
point, it is unreasonable to assume that it will be able to
detect the bat in every frame of the video. Between shad-
ows, blur, odd angles, and any other random noise, the bat
will likely go undetected in a number of frames. This could
partly be improved if the model is fed more data, although it
will likely never be perfect. We can assume, however, that
as long as there are enough detections in the video, we can
apply linear interpolation, or some form of interpolation as
is explored with regards to motion analysis in [3], to pre-
dict the bats next location in the frame, given some sample
before and after the current image frame.

3.6. Smoothing

While the bat detection process does a relatively good
job detecting a line that represents the bat in a frame, it
is inexact due to noise in the image. Due to the inexact-
ness of both bat directions and bat lengths detected across
the frames, smoothing is applied to the time series data in
order to remove some of the false detection noise. In spe-
cific, Savitzky-Golay filter is implemented as it is a form of
smoothing that operates within windows of time and applies
a best fit polynomial curve to the data that helps it retain the
correct shape, while removing noise. While figure 7 also
includes interpolation in the second image, it can be seen
the effectiveness of the Savitzky-Golay filter.

20 Trajectory by Frame - Actual Detections
0 . .y

= .‘,}}

] F ® @ 7o

EEY
X Coordnate

(a) Before Smoothing

20 Tajector

(b) After Smoothing (And interpolation)

Figure 7. Before vs. After Savitzky-Golay Filtering

3.7. 2D to 3D mapping

OpenBiomechanics [9] is a project released by Driveline
Baseball to make baseball biomechanics data open source
to help drive innovation in the space of baseball biome-
chanics, as well as the health space overall. As part of
the OpenBiomechanics project, they released markered cap-
tured swing data that has key points for each part of the
body, as well as on the bat itself. Figure 8 shows an example
of the markered bat in the data. The bat has three markers
of interest as it relates to this project. Markerl represents
that bat knob, while Markers2 and Markers3 live on the bat
head. Because the output of the bat detection pipeline intro-
duced in this paper outputs a 2D line in each frame, we use
the midpoint of Marker2 and Marker3 for the bat head, and
keep Marker1 as the bat knob.

Within this dataset includes hundreds of biomechanics
hitting sessions, with multiple swings per session. I hypoth-
esized that using the markered bat motion data, I could esti-
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MARKER2

Figure 8. Markered bat provided by Driveline Baseball. Markerl
represents bat knob and midpoint between 2 and 3 represents bat
head for this project.

mate depth based on the 2D coordinates. This means using
the 2D trajectory of the bat path to estimate depth at each
timestamp. As can be seen in Figure 9, two swings show-
ing the similarities in 2D swing trajectories from a swing in
the OpenBiomechanics dataset, and one captured via the bat
detection pipeline introduced in this project. There are ob-
vious subtle differences between the two trajectories, how-
ever, this is more likely due to imperfect detections as a
result of the pipeline introduced in this paper, than it is a
systematic difference in methods of capture.

Given the general similarities between the 2D trajecto-
ries, I hypothesized that if we can create a model that can
predict depth on the data in the OpenBiomechanics dataset
given the 2D trajectory, we can apply that model to the one
captured via the detection pipeline. To do so, it is important
to first normalize all coordinates so they are on the same
scale.

Let D be the data frame with dimensions m x n.

1. Flatten D into a single column vector F":

F = reshape(D, [m x n, 1])

2. Normalize F' using min-max scaling:

oo F — min(F)
M max(F) — min(F)

3. Reshape F}om back to the original dimensions of D:

Dyorm = reshape(Fom, [m, 1))

4. Return the normalized data frame D, orm.

Flattening the x,y,z variables into one column vector be-
fore normalizing allows the trajectories to retain the same
shape and distance. Otherwise, the relationship between the
x and y variables become distorted, thus altering the trajec-
tory. After we normalize the variables, a small bit of feature
engineering is implemented. In the process outlined below,
Markerl will represent the bat knob, while Marker23 will

Example swing captured by Driveline - 2D Perspective

-0.6 @ headx. heady
x  knob x, knob y

Y Coordinate

X Coordinate

(a) Random 2D Swing Trajectory provided by Driveline baseball’s Opoen-

Biomechanics Dataset

2D Trajectory by Frame - Smooth
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(b) 2D Swing Trajectory as a result of iPhone video that ran through bat de-

tection pipeline

Figure 9. Similarities in swing trajectories between the two meth-
ods of capture

represent the bat head as it is the midpoint of Marker2 and
Marker3. In this data, Y is the depth variable we are trying
to predict for both Markerl and Marker23. For data sim-
plicity in this project, as we are just testing the feasibility
of capturing the depth of a swing using the 2D trajectory,
we filter the biomechanics data to just right-handed batters.
Without having thought through the subtle differences be-
tween training a model with both right handed hitters and
left-handed hitters, error would likely be introduced, and
it’s something that I’d love to continue thinking through in
future research. Perhaps it’s as simple as flipping the depth
coordinate so it’s the same as the right handed hitter before
normalizing, but that will be explored at a later date.

To predict MarkerlY and Marker2_3Y, we will use
the variables MarkerlX, MarkerlZ, Marker2_3X, and
Marker2_3Z. We will also consider their values at the pre-
vious step n — 1 and the next step n + 1, with the idea
being that knowing relative 2D spatial positions before and
after the current frame will represent strong features in the
model. A neural network model was built to predict the
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Y coordinates of the markers. The model consists of three
dense layers with ReLU activation functions, which we’d
hope captures the complex nature of depth positioning as it
relates to the bat’s trajectory at any moment in time. The
model was trained for 100 epochs with a batch size of 32.
A validation split of 20% was used as well. Using Mean-
Squared Error as the loss function, we achieved a value
of .0086, which signals that depth of the 2D swing trajec-
tory is captured via this model, although at this point it’s
a bit hard to quantify the measure at which this number is
good or bad given subtle differences in swing trajectories
can lead to large differences as a result. For reference fig-
ure 10 shows the predicted swing trajectory based on the
features described above, compared to the actual swing tra-
jectory. In general, it is not as smooth as the actual swing
path, however, moothing techniques have yet to be applied
in this example.

o Marker 1Pred Marker 1
o Marker2 3 Pred o Marker2.:

- 00

00 02 050810
04 04 os 04
X 08 08 19 0002y

Figure 10. Predicted vs. Actual Swing from Biomechanics data
based on 2D Trajectory

Finally, in figure 11, it is shown a 3D trajectory of swing
path taken via an iPhone as an example for this project. At
first glance, much of the noisiness seems to be due to some
false line detections, however we can see that this provides
a starting point to continue to work off of.

e Marker1
e Marker2_3

Figure 11. Predicted 3D Swing Trajectory based on Monocular
Video Capture

3.8. 3D Animation Rendering

After the 2D to 3D mapping takes place, we are able to
render 3D animations of the 2D trajectory. In this project,
I utilized matplotlib within python for such animations as
it was easy to see output as the ending result of a detection
pipeline run, however in future research, creating a more
robust frontend to capture video and watch the animation
on a mobile device through other methods is desired.

4. Conclusion

With most results in this project being qualitative by na-
ture, a natural next step would be to turn these results back
into real world scale so we are able to draw better conclu-
sions from it. There are also a lot of areas and methodolo-
gies within this research that should be refined and read-
dressed as well. The main ones that come to mind are:

1. Fine tuning and creating a more robust bat/hand la-
beled dataset

2. Create a more analytical approach to detecting bat line
after hough line transformation step

3. Outlier detection of lines would be beneficial to imple-
ment before Savitzky-Golay filtering

4. Make modeled approach scalable enough for lefty hit-
ters, as well as incorporate more robust biomechanics
dataset

5. Do more feature engineering and test a wider set of
modeling techniques for 2D to 3D mapping

6. Create a nicer looking frontend for animations

These are just some of the steps that come to mind that
can be taken to make this process better in the immediate
future, while longer term approaches such as bringing such
a process to a user’s phone would be an ultimate long-term
goal.

* Link to code:github repo

¢ Link to full animation: Animation Link
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