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Abstract 

 Professional baseball pitchers have consistently been increasing pitch velocity since 2008 

(the first year of automated pitch tracking and classification at all 30 MLB stadiums)  and 

increasing the number of pitches thrown over 95mph (Sullivan, 2019).  Fastball velocity is a 

primary risk factor for elbow injuries as there is a general linear relationship with increased 

elbow torques (Aguinaldo & Chambers, 2009; Chalmers et al., 2016; Slowik et al., 2019). The 

kinematic sequence has been referred to as the order and magnitude of joint angular velocities 

during the pitch delivery and has been associated with pitch velocity and elbow torque 

(Nicholson et al., 2022a, 2022b; Scarborough, Leonard, et al., 2021). The purpose of the research 

was to identify kinematic sequence metrics associated with pitch velocity and use them to predict 

pitch velocity using pitchAITM (Dobos et al., 2022). A total of 80 pitchers (187.2 ± 8.2 cm, age 

20.1 ± 3.3 years) ranging in skill level from high school to professional baseball participated in 

this study. Video for pitchAITM, player height and weight were collected at 2 baseball training 

facilities. Extracted pitchAITM data included the peak magnitudes and relative timings of pelvis 

rotation velocity, trunk rotation velocity, elbow extension velocity, and shoulder internal rotation 

velocity. Average pitch velocity in the data set was 85.3 ± 5.7 mph or 38.1 ± 2.5 m/s. Pitch 

velocity was predicted using both a multilinear regression, as well as a custom neural network 

model. The multilinear regression generated a significant prediction for pitch velocity with an R2 

= 0.368 and p < 0.01. Pitcher weight (β = 0.535, p < 0.001), peak pelvis rotational velocity 

timing (β = -0.157, p = 0.001), peak elbow extension timing (β = 0.122, p = 0.006), and peak 

shoulder internal rotation timing (β = -0.113, p = 0.018), were significant contributors to the 

multilinear model. The neural network model significantly predicted velocity with an R2 = 0.372, 

p < 0.01. Actual and predicted velocity were not significantly different (p = 0.353). In 



conclusion, pitchAITM kinematic sequencing can predict pitch velocity using both a multilinear 

regression and custom neural network.  

 

  



Acknowledgements 

 To my committee, thank you for your continuous support throughout this project over the 

last three years. To Dr. Mike Holmes, thank you for providing the opportunity for me to get 

involved in baseball research towards the end of my undergraduate degree and continuing my 

passion for baseball into my masters and beyond. For all of the diverse research opportunities 

you provided me, I am grateful. To Dr. Mike Sonne, thank you for being a part of my baseball 

research career from day one, and including me in the genesis of pitchAITM. Without you, the 

drastic changes that needed to happen to make this project happen would not have been possible. 

To Dr. Kelly Lockwood, thank you for your guidance throughout my undergraduate degree and 

helping me shape my pathway after graduation. I genuinely appreciate all of your questions, 

comments, and efforts to improve my thesis. Additionally, I would like to thank Dr. Colin 

McKinnon for his contributions to this project and support with all aspects of pitchAITM. Without 

your help and development of pitchAITM, this project would not have been possible.  

 To my lab mates, thank you for making my time at HolmesLab over the last four years as 

memorable and enjoyable as it was. From the early mornings to the late nights with no heat in 

the middle of winter, to fighting with cameras to set up capture volumes, thank you for the 

support and friendship.  

 To my parents, thank you for supporting and pushing me throughout the last three years. 

Without your support, my completion of this project would not have been possible.  

  



TABLE OF CONTENTS 

Chapter 1: Introduction .......................................................................................... 1 

1.1 Increasing pitch velocity and injury rates in baseball ..................................................... 1 

1.2 Kinematic Sequencing of Pitching on Elbow Torque and Ball Velocity ........................ 3 

1.3 Research Gap ....................................................................................................................... 5 

1.4 Research Question ............................................................................................................... 7 

1.5 Purpose ................................................................................................................................. 7 

1.6 Hypothesis ............................................................................................................................ 7 

Chapter 2: Literature Review ................................................................................. 8 

2.1 Phases of pitching mechanics ............................................................................................. 8 

2.2 Quantifying Pitching Mechanics ...................................................................................... 12 

2.3 Kinematic Sequencing and Ball Velocity ........................................................................ 20 

2.4 Kinematic Sequencing and Kinetics ................................................................................ 23 

2.5 Elbow anatomy .................................................................................................................. 27 

2.6 Ulnar Collateral Ligament Reconstruction .................................................................... 31 

Chapter 3: Methods ...............................................................................................33 

3.1 Participants ........................................................................................................................ 33 

3.2 Data Collection .................................................................................................................. 33 

3.3 Data Processing ................................................................................................................. 34 

3.4 Statistical Analysis............................................................................................................. 38 



3.4.1 Multilinear Regression Approach ................................................................................ 38 

3.4.2 Neural Network Approach ........................................................................................... 39 

Chapter 4: Results ..................................................................................................41 

4.1 Multilinear Regression Model .......................................................................................... 42 

4.2 Neural Network Approach ............................................................................................... 43 

Chapter 5: Discussion ............................................................................................47 

Chapter 6: Conclusion ...........................................................................................53 

6.1 Limitations ......................................................................................................................... 54 

6.2 Future Directions............................................................................................................... 56 

Chapter 7: Conflict of Interest ..............................................................................57 

References ...............................................................................................................58 

APPENDIX A .........................................................................................................67 

APPENDIX B .........................................................................................................68 

 

  



LIST OF TABLES 

Table 1 Average Extracted Metrics (%Pitch Cycle (PC) from 0% FP to 100% BR) ................... 42 

Table 2 Multilinear Regression Model Summary ......................................................................... 43 

Table 3 Multilinear Regression Input Weights ............................................................................. 43 

Table 4 Training vs Testing Metric Averages .............................................................................. 44 

Table 5 Actual vs Predicted Velocities ......................................................................................... 45 

Table 6 Pairwise t-Test for Actual vs Predicted Velocities .......................................................... 45 

 

  



LIST OF FIGURES 

Figure 1 Example pitchAI Kinematic Sequence Graph Via The Web Portal................................. 6 

Figure 2 Phases of pitching mechanics (Dillman et al., 1993, Werner et al., 1993) ....................... 8 

Figure 3 WrnchAI Model.............................................................................................................. 19 

Figure 4 Scarborough et al. 2020 Kinematic Sequence ................................................................ 26 

Figure 5 UCL humeral and ulnar attachments (Dugas et al., 2007) ............................................. 27 

Figure 6 Common flexor tendon and its muscles (Otoshi et al. 2014) ......................................... 29 

Figure 7 Locations of FCU and FDS relative to the UCL at 90° of elbow flexion (Davidson et al. 

1995) ............................................................................................................................................. 30 

Figure 8 pitchAITM Tracking Model ............................................................................................. 36 

Figure 9 General pitchAITM Kinematic Sequence Output; y-axis is joint angular velocity (°/s), x-

axis is normalized time (0% at foot plant, and 100% at ball release) ........................................... 38 

Figure 10 Custom Neural Network Model ................................................................................... 40 

Figure 11 pitchAITM Double Pelvis Rotational Velocity Peaks.................................................... 41 

Figure 12 Neural Network Predicted vs Actual Pitch Velocity .................................................... 46 

 

 

 

 

 

 

 

 

 

file:///C:/Users/Ryan/Documents/Brock/Thesis/TO%20GRADUATE/Ryan%20Bench%20-%20Thesis%20-%20Using%20pitchAI%20Kinematic%20Sequencing%20to%20Predict%20Pitch%20Velocity_12_19_2022.docx%23_Toc122357296
file:///C:/Users/Ryan/Documents/Brock/Thesis/TO%20GRADUATE/Ryan%20Bench%20-%20Thesis%20-%20Using%20pitchAI%20Kinematic%20Sequencing%20to%20Predict%20Pitch%20Velocity_12_19_2022.docx%23_Toc122357297
file:///C:/Users/Ryan/Documents/Brock/Thesis/TO%20GRADUATE/Ryan%20Bench%20-%20Thesis%20-%20Using%20pitchAI%20Kinematic%20Sequencing%20to%20Predict%20Pitch%20Velocity_12_19_2022.docx%23_Toc122357298
file:///C:/Users/Ryan/Documents/Brock/Thesis/TO%20GRADUATE/Ryan%20Bench%20-%20Thesis%20-%20Using%20pitchAI%20Kinematic%20Sequencing%20to%20Predict%20Pitch%20Velocity_12_19_2022.docx%23_Toc122357299
file:///C:/Users/Ryan/Documents/Brock/Thesis/TO%20GRADUATE/Ryan%20Bench%20-%20Thesis%20-%20Using%20pitchAI%20Kinematic%20Sequencing%20to%20Predict%20Pitch%20Velocity_12_19_2022.docx%23_Toc122357300
file:///C:/Users/Ryan/Documents/Brock/Thesis/TO%20GRADUATE/Ryan%20Bench%20-%20Thesis%20-%20Using%20pitchAI%20Kinematic%20Sequencing%20to%20Predict%20Pitch%20Velocity_12_19_2022.docx%23_Toc122357301
file:///C:/Users/Ryan/Documents/Brock/Thesis/TO%20GRADUATE/Ryan%20Bench%20-%20Thesis%20-%20Using%20pitchAI%20Kinematic%20Sequencing%20to%20Predict%20Pitch%20Velocity_12_19_2022.docx%23_Toc122357302
file:///C:/Users/Ryan/Documents/Brock/Thesis/TO%20GRADUATE/Ryan%20Bench%20-%20Thesis%20-%20Using%20pitchAI%20Kinematic%20Sequencing%20to%20Predict%20Pitch%20Velocity_12_19_2022.docx%23_Toc122357302
file:///C:/Users/Ryan/Documents/Brock/Thesis/TO%20GRADUATE/Ryan%20Bench%20-%20Thesis%20-%20Using%20pitchAI%20Kinematic%20Sequencing%20to%20Predict%20Pitch%20Velocity_12_19_2022.docx%23_Toc122357303
file:///C:/Users/Ryan/Documents/Brock/Thesis/TO%20GRADUATE/Ryan%20Bench%20-%20Thesis%20-%20Using%20pitchAI%20Kinematic%20Sequencing%20to%20Predict%20Pitch%20Velocity_12_19_2022.docx%23_Toc122357304
file:///C:/Users/Ryan/Documents/Brock/Thesis/TO%20GRADUATE/Ryan%20Bench%20-%20Thesis%20-%20Using%20pitchAI%20Kinematic%20Sequencing%20to%20Predict%20Pitch%20Velocity_12_19_2022.docx%23_Toc122357304
file:///C:/Users/Ryan/Documents/Brock/Thesis/TO%20GRADUATE/Ryan%20Bench%20-%20Thesis%20-%20Using%20pitchAI%20Kinematic%20Sequencing%20to%20Predict%20Pitch%20Velocity_12_19_2022.docx%23_Toc122357305
file:///C:/Users/Ryan/Documents/Brock/Thesis/TO%20GRADUATE/Ryan%20Bench%20-%20Thesis%20-%20Using%20pitchAI%20Kinematic%20Sequencing%20to%20Predict%20Pitch%20Velocity_12_19_2022.docx%23_Toc122357306
file:///C:/Users/Ryan/Documents/Brock/Thesis/TO%20GRADUATE/Ryan%20Bench%20-%20Thesis%20-%20Using%20pitchAI%20Kinematic%20Sequencing%20to%20Predict%20Pitch%20Velocity_12_19_2022.docx%23_Toc122357307


1 

 

Chapter 1: Introduction 

1.1 Increasing pitch velocity and injury rates in baseball 

 Baseball pitching is a complicated task that requires coordination of the whole body to 

produce maximum ball velocity. Throughout the pitch, arm movement characterized by elbow 

extension and shoulder internal rotation is the final part of the throwing sequence used to 

accelerate the ball. The greatest angular velocities and forces on the arm occur in this phase of 

the pitch, with some elite players achieving ball velocities over 100mph. From 2008 to 2018 the 

average fastball velocity in Major League Baseball (MLB) increased from 91.5 to 92.5 mph, 

with 127 pitchers averaging over 95mph (Sullivan, 2019). As pitchers capable of achieving faster 

pitch velocities became more successful, the value of pitch velocity increased in professional 

organizations and became a training focus in player development. Primary training 

advancements contributing to increased pitch velocity were likely improved strength training 

programs, as well as more structured throwing programs utilizing over and underweight 

baseballs, and constraint drills targeted to improve pitching mechanics; however there is limited 

and contradictory public research on these methods (Job et al., 2022).  

 There has also been a corresponding increase in ulnar collateral ligament (UCL) injuries 

in baseball since 1974 (Conte et al., 2016), with pitchers accounting for 90% of these injuries. 

Maximum pitch velocity is a predictive factor of UCL injury (Chalmers et al., 2016), and 

considering pitchers are responsible for most of the high intensity throws in a game, this injury 

prevalence is not surprising. The relationship between pitch velocity and UCL injury risk is 

complex, with research suggesting there is a significant relationship between pitch velocity and 

elbow torque (Slowik et al., 2019), as well as elbow torque and UCL injury, that potentially 
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suggests there is a link between pitch velocity and injury risk (Anz et al., 2010). UCL injuries 

can have grave consequences to both player and team development. There is a severe impact on 

teams from time missed by players, as well as decreased pitcher value after UCL injury. With the 

average time spent on the injured list (IL) for players undergoing UCL reconstruction being 

about 18 months, resulting in organizations paying salaries for both replacement players, and 

injured players while they cannot contribute to the team’s playing efforts. In 2015, MLB 

organizations lost a combined $694,835,359 for players placed on the IL and paying their 

replacements (Conte et al., 2016). Decreasing UCL injury incidence would greatly reduce this 

financial burden on MLB teams, and would also benefit the players since player value is 

generally decreased following UCL reconstruction (UCLr). All MLB pitchers who underwent 

UCLr from April 1, 1999 to July 1, 2016 had lower value after returning to play based on 

statistically worse wins above replacement, fielding independent pitching, win probability added, 

and players leverage index (Selley et al., 2019). As development of pitch velocity became more 

successful, methods to improve pitch velocity while limiting the associated injury risk have not 

been thoroughly investigated.  

 Researching factors that may predict pitch velocity and elbow torque is beneficial as it 

can maximize player performance, training, development and ultimately minimize injury risk. 

The use of constraint drills to improve movement patterns putting athletes in better positions to 

accept the forces generated during throwing may be beneficial to improving pitcher efficiency. 

Some constraint drills can be specifically targeted to kinematic sequencing variables such as 

hip/shoulder separation, peak pelvis rotational velocity timing and magnitude, and peak trunk 

rotational velocity timing and magnitude. Research in these areas has relied on marker-based 

motion capture, however with the recent development of markerless motion capture and pose 
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estimation there are alternative methods. PitchAITM  (ProplayAI, Toronto, Canada) is a 

markerless motion capture application that uses pose estimation and tracking neural networks 

specific for baseball. PitchAITM returns discrete biomechanics metrics at key frames, summary 

metrics, and full signal kinematic data. The data from pitchAITM was validated compared to 

paired marker-based data showing promising results (Dobos et al., 2022). Using pitchAITM to 

monitor kinematics during drills and pitching would provide insight to coaches and players on 

the efficacy of their drill selection. Understanding the value of pitchAITM kinematic sequencing 

variables and their relationships to pitch velocity would be highly valuable for pitcher velocity 

development and minimization of injury risk. 

1.2 Kinematic Sequencing of Pitching on Elbow Torque and Ball Velocity 

 A pitchers’ throwing mechanics and ball velocity may lead to increased torques at the 

elbow joint, therefore increasing injury risk. Pitching mechanics are complex, but can be broken 

down into phases commonly referred to as the windup, stride, arm cocking, acceleration, and 

follow through (Dillman et al., 1993; Seroyer et al., 2010; Werner et al., 1993). The 

synchronization of the body throughout these phases allows energy to be transferred from the 

lead leg impacting the ground at foot plant, through the pelvis to the torso, leading to loading of 

the throwing arm in external rotation, and then unloading into internal rotation with elbow 

extension (Seroyer et al., 2010). As the rotational energy from the pelvis is transferred to the 

torso, the rotation of the torso towards home plate influences the rate and magnitude of the 

throwing shoulder external rotation. The forearm, hand, and ball resist the forward movement of 

the upper arm caused by trunk rotation and horizontal adduction, and leads to large external 

rotation of the shoulder, as seen in pitching. This movement generates a valgus torque at the 

elbow, and a varus torque must be generated by internal rotation of the shoulder, and soft tissue 
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stabilization at the medial elbow (Seroyer et al., 2010). It has been hypothesized that the 

movements of the body leading up to arm acceleration, may influence how the arm loads 

creating the valgus and varus torques, and unloads leading to ball velocity.  

Scarborough, Leonard et al. (2021), investigated the order of peak rotational velocities 

(the kinematic sequence) on elbow and shoulder torque during the baseball pitch. This study 

evaluated differences between the stretch and windup pitching setups on kinematic sequencing 

patterns, and elbow valgus, shoulder external rotation, and shoulder extension torques with 

different kinematic sequences. With 10 pitchers, including 6 collegiate and 4 high school 

athletes, there were 3 main kinematic sequences observed. These sequences included: 1) the 

expected proximal to distal sequencing of peak rotational velocity of the pelvis, trunk, upper 

arm, forearm, and hand pattern, 2) an altered distal arm sequence following the pelvis, trunk, 

upper arm, hand, and forearm, and 3) an altered proximal arm sequence following the pelvis, 

trunk, forearm, hand, and upper arm. It was determined that there were no significant differences 

between kinematic sequences in the windup or stretch, however there were significant 

differences between elbow valgus, shoulder external rotation, and shoulder extension torques 

across the three main observed kinematic sequences. The lowest torques were observed in the 

proximal to distal group while the highest torques were observed in the altered proximal arm 

group (Scarborough, Leonard, et al., 2021).  

 Investigating the individual effects that each component of the kinematic sequence has on 

pitch velocity and arm stresses has been investigated by Nicholson et al. 2022ab. Using machine 

learning, each component of the kinematic sequence was used in a model to predict arm kinetics 

and returned the input variables of greatest influence on the predicted variable. In a Gradient 

Boosting Machine model for elbow valgus torque, pitch velocity was the highest ranking 
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predictor variable, however, other main predictor variables were kinematic sequencing variables, 

such as maximum shoulder internal rotation velocity, time from maximum pelvis to maximum 

trunk rotation velocity, maximum elbow extension velocity, maximum pelvis rotation velocity, 

and maximum trunk rotation velocity (Nicholson et al., 2022a). This suggests that along with the 

order of maximum segment velocities, the magnitudes of the kinematic sequence velocities may 

also affect shoulder distraction force and elbow valgus torque.  Nicholson et al., 2022b also 

predicted pitch velocity with similar modelling techniques. The main predictor variables in these 

models again included kinematic sequencing variables; maximum shoulder internal rotation 

velocity, maximum elbow extension velocity, and time between maximum pelvis and trunk 

rotational velocities (Nicholson et al., 2022b). Based on these findings, the kinematic sequencing 

characteristics of a pitcher may be important predictors of both velocity and arm stresses, and 

therefore could provide insight into the potential efficiency of a pitcher’s delivery.  

 

 

1.3 Research Gap 

 Although the relationship between ball velocity and elbow torque has been intensely 

investigated (Anz et al., 2010; Bushnell et al., 2010; Chalmers et al., 2016; Marsh, 2019), the 

factors in a pitcher’s kinematic sequence such as the magnitude and timing of the peak angular 

velocities have not been investigated as a whole system. Furthermore, the kinematic sequence 

has primarily been studied in a laboratory setting, using marker based motion capture methods as 

opposed to markerless motion capture solutions which could be used in competition settings 

facing hitters.  
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 PitchAITM (ProplayAI, Toronto, Canada) is a baseball pitching app that was developed 

using single camera markerless motion capture technology to provide kinematic data of tracked 

anatomical landmarks and provides data to the user within the mobile app and/or web portal.  

PitchAITM has been validated using a gold standard 3D motion capture system (Dobos et al., 

2022), allows for faster processing times than traditional marker-based systems and allows for in 

game data to be used for data analysis. PitchAITM can provide simplified data collection of high-

intent pitches, as pitching in a motion capture laboratory may lead to decreased pitch velocities 

due to the restrictions and discomfort of wearable devices. Outcome measures including joint 

angles for the trunk, pelvis, lead leg, and throwing arm, as well as the kinematic sequence are 

graphed to show the relative timings and full signal velocities of the peak pelvis rotational 

velocity, peak trunk angular velocity, peak elbow extension velocity, and peak shoulder internal 

rotation velocity (Figure 1).  

 Markerless motion capture technology has the potential to provide access to large 

databases of pitching mechanics data to further the research in pitching performance and injury 

risk mitigation.  Understanding patterns present in each pitcher relative their pitch velocity will 

allow for normative ranges in relative kinematic sequence timing to be developed and used as 

Figure 1 Example pitchAI Kinematic Sequence Graph Via The Web Portal 
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training targets for players with lower velocity. By using pitchAITM to track pitchers’ kinematic 

sequences, the effectiveness of pitchAITM metrics to be used in player development can be 

evaluated based on the relationships researched between kinematic sequence outputs and pitch 

velocity.  

1.4 Research Question 

 What are the relationships between the timing, and magnitude of the peak angular 

velocities of pelvis rotation, torso rotation, shoulder internal rotation, and elbow extension 

metrics from pitchAITM, with pitch velocity?  

1.5 Purpose 

 The purpose of this study was to evaluate how the relative timings and peak magnitudes 

of the pelvis rotation, torso rotation, shoulder internal rotation, and elbow extension angular 

velocities from pitchAITM influence pitch velocity, and to evaluate how effectively these metrics 

can be used to predict pitch velocity.  

1.6 Hypothesis 

H1: A multilinear regression and neural network model will both significantly predict pitch 

velocity using the kinematic sequencing metrics from pitchAITM.  

H2: Trunk rotational angular velocity and shoulder internal rotation velocity will be the greatest 

predictors of pitch velocity in the multilinear regression model, while the relative timings of each 

kinematic sequence marker will not be significant predictors (Aguinaldo & Escamilla, 2019).  
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Chapter 2: Literature Review 

2.1 Phases of pitching mechanics 

Dividing the pitching delivery into phases allows for simplification and a better 

understanding of the biomechanics of the elbow and shoulder as the pitch is delivered. The 

phases of a baseball pitch were originally described as the windup, stride, arm cocking, arm 

acceleration, arm deceleration, and the follow through (Dillman et al., 1993; Werner et al., 1993) 

(Figure 2). 

 

 The windup phase consists of everything before the hands separate as the front foot 

begins to move to home plate (Dillman et al., 1993; Werner et al., 1993). The purpose of this 

movement is to initiate movement and generate momentum towards the target (Seroyer et al., 

2010). Since the pitch can start from either the stretch or full windup positions, it is important to 

distinguish these movements and how they may affect this phase. The windup position is used 

mostly by starting pitchers when there are no runners on the bases. It consists of the pitcher 

standing with their heels on the pitching rubber with their toes pointed at home plate. To initiate 

Figure 2 Phases of pitching mechanics (Dillman et al., 1993, Werner et al., 1993) 
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the movement, their glove-side foot, or lead leg, may or may not step laterally and posterior to 

make room for the throwing arm foot to rotate and line up with the front of the pitching rubber. 

The stretch is used when there are runners on base to reduce the delivery time to make it harder 

for runners to steal bases. In the stretch, the lateral step is omitted as the pitcher starts with their 

feet perpendicular to the throwing direction with their throwing arm foot already in line and in 

contact with the rubber. The next move in the windup phase is shared with both the full windup 

and stretch, this is the leg lift. In the leg lift, the pitcher lifts their glove knee and foot off the 

ground. This generates momentum to home plate as their pelvis shifts in that direction and their 

centre of pressure is shifted to the inside of their throwing arm foot. As the glove foot is coming 

down from leg lift, the hands separate indicating the next phases of the stride and arm cocking. 

  The stride phase is everything from the leg lift until the glove foot contacts and plants in 

the landing area towards the end of the mound (Dillman et al., 1993; Werner et al., 1993). This 

may seem like a straightforward phase however there are many important movements that occur 

here. The main purpose of this phase is to continue generation of momentum, and to get the body 

into a good position to generate velocity by allowing increased energy production and transfer 

from the lower body to the upper body (Seroyer et al., 2010). The generation of momentum is 

accomplished by continuing the movement of the pelvis towards home plate initiated in the leg 

lift, but the pelvis also drops towards the ground. The purpose of this drop is to get the pelvis 

into a counter-rotated position, with the pitcher’s pelvis closed relative to the plate. This controls 

the fall to the plate by maintaining the weight of the pitcher on the throwing foot still planted in 

front of the rubber. As the front leg strides towards home plate, the pelvis begins to rotate, 

opening to home plate. This is accomplished by internal rotation of the back hip, and extension 
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of the back knee. These movements drive the back hip to home plate opening up the pelvis into 

front foot contact and foot plant (Seroyer et al., 2010).  

 Simultaneously, the upper body is undergoing the arm cocking phase, however the arm 

cocking phase can be subdivided in to early and late cocking (Calabrese, 2013; Seroyer et al., 

2010). Early cocking consists of the hands separating and getting the upper body and arms into a 

good position to accelerate towards home plate from. As the pelvis is generating momentum 

towards home plate in the stride phase, the trunk is slightly delayed here in order to take 

advantage of a separation between these segments (Dillman et al., 1993). When the pelvis opens 

into foot plant, the trunk remains closed. This is about the moment of maximum hip-shoulder 

separation. The arms are variable between pitchers in this phase; the hand and ball break from 

the glove and moves down than up towards second base, and the glove takes a similar down and 

up path towards home plate (Dillman et al., 1993). The throwing and glove arms can take 

different paths to each pitcher’s posture at foot plant, but in general results in the throwing 

shoulder abducted at about 96°±14°, horizontally abducted -17°±12°, and the elbow at about 

96°±20° of flexion. The internal/external rotation of the shoulder is variable between pitchers at 

this position, averaging 63°±32° and is a highly debated topic.  

 The late cocking phase (Calabrese, 2013; Seroyer et al., 2010) is everything from foot 

plant to maximum external rotation (MER). This is the phase where the arm becomes loaded by 

the movement of the torso and inertia of the baseball. After foot plant, the torso begins to rotate 

and bend towards home plate over a stable pelvis. This trunk movement is achieved by anterior 

rotation of the pelvis, but the thoracic spine is extended throughout this phase. Concurrently, the 

front leg is extending or blocking to stabilize pelvis and push the front hip back. This movement 

helps the trunk accelerate towards home plate. The arm remains at 90° of abduction, however it 
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begins to externally rotate and horizontally adduct. This is a mostly passive movement with 

pitchers reaching approximately 173° ± 11° of external rotation. Approaching MER, a valgus 

torque up to 120Nm is generated at the elbow due to the inertial loading of MER. This is 

countered by a varus torque generated by the forearm flexors, and the ulnar collateral ligament 

(Seroyer et al., 2010). After MER, the arm acceleration phase begins.  

 In the phase of arm acceleration, the trunk continues to rotate and flex towards home 

plate transferring momentum to the throwing arm (Seroyer et al., 2010). The shoulder is then 

internally rotated at velocities around 7000-9000°/sec (Dillman et al., 1993; Seroyer et al., 2010), 

while the elbow is extending due to centripetal inertia and concentric triceps contraction (Seroyer 

et al., 2010). The pelvis is relatively stable in this phase, and the lead leg continues the blocking 

mentioned above until ball release, helping achieve maximum extension and reach towards home 

plate. Arm acceleration ends at ball release, initiating the phase of arm deceleration. 

 Arm deceleration and the follow through phases can be grouped together. The purpose of 

these phases is to slow the arm down and control for the distraction forces that are generated 

throughout ball release. In this phase the shoulder continues to internally rotate and internal 

rotation velocity approaches zero, and the elbow continues to extend. A heavily debated topic in 

this phase is forearm pronation as it can be misrepresented or exaggerated due to the internal 

rotation of the shoulder with a fully extended elbow (Dillman et al., 1993). Also seen in the 

follow through phase is the rear leg swinging up and around the pitcher, a result of the pelvis 

rotation, trunk rotation, and trunk bending towards home plate.   
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2.2 Quantifying Pitching Mechanics 

Due to the increasing velocity and injury rates, the push to break down pitching 

mechanics for performance and injury prevention has led to significant developments in 

technology. In 1984 the method for visualizing pitching mechanics was sixteen-millimeter 

motion picture cameras recording at 450 Hz. This allowed the mechanics to be broken down into 

single frames and synced with electromyography (EMG) data using an electronic pulse 

stimulating the EMG and film margins (Jobe et al., 1984). In this study, the purpose of using film 

was to break down the pitch kinematics into phases and further evaluate the EMG signals 

relative to each phase. It was determined that most of the high intensity activation of the shoulder 

musculature occurred during the arm cocking, acceleration, and follow through phases. Video 

analysis was then followed by direct linear translation (DLT) in 1986 used by Feltner and 

Dapena. This was done using two battery powered cameras recording at 200hz on 16mm film 

from the open side and from behind. A projector was used to view the film frame by frame on 

the surface of a Houston Instrument COMPLOT digitizer connected to a CDC Cyber computer. 

The points of interest (suprasternale, right hip, shoulder, elbow, wrist, and third knuckle, then left 

hip and shoulder, and the centre of the ball) were digitized in each projected film image. Data 

was artificially synced from both cameras by using quintic spline functions to interpolate values 

for intermediate frames. The CDC Cyber computer used the corresponding digitized frames from 

both cameras to generate 3D coordinates for the points of interest on a coordinate system where 

the centre of the pitching rubber was the origin, z was vertical, y was towards home plate, and x 

towards third base.  

These video-generated 3D coordinates were used to calculate kinematic parameters 

describing the biomechanics of the shoulder and elbow throughout the pitch. It was determined 
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that as the shoulder was externally rotating at front foot contact, there was a horizontal adduction 

torque at the shoulder, as well as abduction and internal rotation torques. After the torso began 

rotating towards home plate, a varus moment was also present at the elbow (Feltner & Dapena, 

1986). A similar method to DLT was manual digitizing, used by Werner et al. 1993, also using 

two cameras at 500 Hz. This method also generated 3D coordinates for the landmarks of interest, 

however it is done manually with a computer. The purpose of this study was to investigate the 

biomechanics of the elbow during the pitch. It was found that the elbow angle was generally 

constant from foot contact to MER but from MER to REL the elbow extended at 2300°/sec from 

85° to 20°, and at MER the shoulder was externally rotated about 185° (Werner et al., 1993). In 

1993, optical marker-based motion capture was available, but difficult to use and expensive to 

access. It was used by Dillman et al. in 1993 with four electronic cameras at 200Hz to track 

reflective markers. The camera data was then mathematically integrated to reconstruct the 

pitching mechanics in 3D. This data was used to investigate kinematics and kinetics about the 

shoulder joint. It was determined that with respect to the trunk, the shoulder abduction is 

relatively constant between 90° and 110°. Shoulder horizontal adduction was calculated to be 

about 30° to 14° at foot contact, then approach zero throughout internal rotation to release, then 

continues to horizontally adduct in the follow through. Maximum external rotation at the 

shoulder was calculated to be 175°, then undergoes very fast internal rotation to ball release, 

however was found to still be externally rotated between 100°-110°. This marker-based motion 

capture became the gold standard and eventually more accessible in the 2000’s. More cameras 

and higher sampling rates became more common, seen in Fleisig et al. 2009.  

With advances in digital video and machine learning, manual digitizing of video to attain 

three dimensional coordinates can be automated to track points of interest using one or more 
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cameras. Nakano et al. 2020 investigated using OpenPose with multiple video cameras for 

tracking walking, jumping, and ball throwing. PitchAITM (ProPlayAI, Toronto, Canada) is a 

markerless motion capture solution designed to track and process pitching mechanics using cell 

phone video. For the research conducted in this thesis project, pitchAITM will be the motion 

tracking system used. 

Video analysis was the first method of dissecting pitching mechanics and is currently the 

most accessible method to the general population, however interpretation of joint angles and 

kinematics from video fails to replicate data from 3D motion capture (Birfer, 2019). Before any 

three-dimensional methods of motion tracking were developed, video was the only tool available 

for pitching analysis. Since video analysis is simple and only requires a video camera and 

someone to watch the video and break down the pitching mechanics, it allows for quick 

feedback. There are some difficulties that are encountered with using video to analyze pitching 

mechanics, such as parallax. Parallax error occurs when measurements from 2D video or images 

rely on field of view of the camera (Tian et al., 2002). This reliance on field of view results in a 

low level of accuracy in estimating segment and joint angles in pitching due to the 

misrepresentation of angles (Birfer, 2019). For example, at front foot plant, the throwing arm 

elbow may be at 90°, however because of the position of the elbow and shoulder in the frame, 

this angle may look like 45°. Another issue is obstruction, if a limb is not visible, inferences 

about the segment position and segment angle cannot be made. With manual and computerized 

digitizing, the issues of parallax are remedied as there are two camera views that are integrated to 

generate 3D coordinates of the landmarks of interest. This combined view allows for much more 

reliable measurement of joint and segment angles and velocities. Although digitizing of 

coordinates was an improvement on basic video, there were still cons to this method. These 
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included long processing times, which required operator expertise, and still had limitations with 

occlusion. Due to these long processing times, only the landmarks of interest and absolute 

necessity were digitized. 

Optical marker motion capture is the gold standard of motion capture. It is expensive, 

however also more accurate than alternatives. Generally, reflective markers are placed at bony 

landmarks to define segment axes, and medial and lateral proximal and distal parameters of the 

segment. This more complex model allows for much more precise and elaborate modelling of the 

body. Segment rotations along their long axes are measurable, and due to the increased camera 

counts, occlusion is much less of an issue. The current technology is capable of sub millimeter 

accuracy. This allows for very precise and accurate recreation and analysis of the pitching 

delivery in data visualization programs. These setups can cost anywhere from tens of thousands 

of dollars, to upwards of a hundred thousand dollars. These systems can also be as simple as four 

cameras or can take advantage of many more to capture large volumes of space at many angles 

to reduce occlusion of markers. With this technology there are still limitations, as the markers 

make it impossible to capture in-game data on pitchers, and due to the marker placements on the 

skin or clothing movement artifact of the markers is present. This method of motion capture 

requires a lab setting with experts to place markers, as well as experts to process the data and 

generate outcome measures based on the data.  

Inertial motion units (IMU) are another method capable of tracking motion. IMUs are 

mostly seen for use in baseball hitting but are still used in pitching applications. In this method, 

the sensors are worn by the pitcher and are communicating by either a wired or wireless 

connection to the tracking software. These systems track motion by using groups of 

communicating IMUs to track relative position, orientation and acceleration of segments with 
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respect to the starting positions and the other units. Since the system uses IMUs to track the 

motion, there are no issues with occlusion that are seen in any type of optical motion capture. 

These systems are still limited to practice scenarios as the wireless models are bulky and 

awkward to use while pitching. The wireless systems are much less invasive to the pitching 

mechanics however they still require time before and after the pitch to process the data from the 

IMU sensors in the system. The main base system also needs to be near the sensors for the 

transmission of the data from the IMUs. These types of systems are highly variable in price as 

the amount of sensors and technology required is relative to the complexity of the system. In 

comparison with data from optical motion capture, IMU based systems are arguably superior in 

measuring accelerations, forces, torques and parameters inferred from these data, however are 

less optimal for measuring segment and joint angles (Lapinski et al., 2019). 

Video based markerless motion capture is a new emerging technology. There are multiple 

programs capable of this type of motion tracking, but they all share similarities. This technology 

takes advantage of artificial intelligence identifying and tracking landmarks frame by frame. 

Some programs require multiple cameras to generate 3D data, such as KinaTrax (KinaTrax Inc, 

Boca Raton, FL), Theia3D (Theia Markerless Inc, Kingston, ON, CA), and DARI (DARI 

Motion, Overland Park, KS), however pitchAITM only requires one camera for 3D motion 

tracking. The advantage of multi-camera approaches is increased accuracy in three dimensions, 

as with single camera approaches the third dimension is estimated based on the postures of the 

subject in each frame. Multi-camera systems are generally more complex, and require 

calibration, limiting portability, which is where single camera systems hold an advantage. With 

no calibration between cameras, the camera can be moved and transported easily for mobile data 

collections. PitchAITM is a phone application that takes advantage of modern phone camera 
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technology to record at 240Hz. The video is uploaded to a server for 2D tracking, and 3D pose 

estimation , then downloaded and processed in the application. All the data is available for 

viewing in the app, as well as on the online dashboard through user accounts. This technology 

provides new advantages such as in game data, faster processing times, and does not require any 

expertise for data collection. The potential accuracy of these systems is promising; in 

applications to joint angle and reach envelope demands, markerless motion capture was 

operating at 75% agreement with optical motion capture data (McKinnon et al., 2020), and with 

applications to walking, counter movement jumping and ball throwing, markerless motion 

capture was within 30mm of optical motion capture data 80% of the time (Nakano et al., 2020). 

There are still limitations with markerless motion capture, such as occlusion, and the inability to 

track segment rotation about the long axis due to a simpler model compared to marker-based 

capabilities. With further development and training of the AI programs used for markerless 

motion tracking, the models may become more complex allowing for more analysis of pitching 

mechanics. Recent validation work with various markerless motion tracking solutions specific 

for baseball pitching show promising relationships when compared to gold standard marker 

based motion tracking (Dobos et al., 2022; Fleisig et al., 2022). 

 WrnchAI (Montreal, Canada) is leveraged by pitchAITM to allow for three-dimensional 

monocular motion capture. Monocular motion capture allows any person with a camera the 

ability to generate three-dimensional motion tracking data from two-dimensional data. Wrnch 

uses computer vision and artificial intelligence to extract human pose and motion data from 

video by automatically tracking 30 body landmarks (Figure 3) for inferring three-dimensional 

motion. This tracking is made possible from training the AI by manually identifying points of 

interest in each frame of a video, and providing this to the tracking AI as training data. After the 
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model is trained, the input videos are evaluated frame by frame, with the model recognizing and 

labelling each landmark, resulting in continuous tracking of the landmarks throughout the video. 

The origin of the Wrnch coordinate system is the bottom left of the video, with the positive X 

axis extending to the right, positive Y axis extending up, and the Z dimension being the relative 

depth of the markers. The coordinates are measured in pixels, and generally  

represented as positive values, negative values are reserved for missing markers. Specifically, for 

pitchAITM, the 30-body point model is used.  

 

 

 



19 

 

 

 

 

Figure 3 WrnchAI Model 
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2.3 Kinematic Sequencing and Ball Velocity 

 To produce maximum pitch velocity, the body should demonstrate a proximal to distal 

sequencing of peak angular velocities. In pitching this would be indicated by the pelvis angular 

velocity peaking earlier in the pitch delivery then the torso, followed by shoulder internal 

rotation, and elbow extension. However, this is not always the case. The most prevalent peak 

angular rotation sequence in high school and professional pitching is pelvis, torso, shoulder, 

elbow, but there is variability as this sequence has been observed with fourteen different patterns 

(Scarborough et al., 2020). The relationship between each individual parameter with ball velocity 

and elbow torque has been investigated, but the overall sequence and magnitude of segment 

angular velocities and their impact on velocity and injury risk has yet to be investigated.  

 The first peak angular velocity seen in the general kinematic sequence in pitchers is the 

pelvis. Between the peak leg lift, and front foot strike, the goal of the pelvis movement is to 

rotate toward home plate, while the torso remains counter rotated. This angular separation 

between the pelvis and torso has been shown to be positively correlated (p < .001; R2 = 0.027) 

with pitch velocity in youth and adolescent pitchers (Sgroi et al., 2015). After front foot contact, 

the time to peak pelvis angular velocity (p < 0.05)  (Urbin et al., 2013), as well as average 

angular velocity in the acceleration phase (p = 0.024, F = 5.24) are also related to ball velocity 

(Stodden et al., 2001). The pelvis postures at MER (p = 0.026, F = 5.06) and BR (p = 0.044, F = 

4.14) were also related to increased ball velocity (Stodden et al., 2001). Following the pelvis in 

the general kinetic sequence is the trunk. Similar to the pelvis, the average trunk rotational 

angular velocity during the acceleration phase (p = 0.035, F = 4.53), and trunk posture at MER 

(p = 0.007, F = 7.5) increased with increasing pitch velocities (Stodden et al., 2001; Werner et 

al., 2008). Some of the relationship between trunk posture, angular velocity, and ball velocity 
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may be explained by movements done earlier in the pitch, as higher velocity pitchers tend to 

rotate their trunk more away from home plate than low velocity pitchers (mean [SD]; 8.87° 

[14.60]° vs 1.67° [13.00]°, respectively; p ≤ 0.001) (Luera et al., 2020). This increased range of 

motion might be the cause of greater angular velocities achieved by the higher velocity group, 

however the relationships found here were only weakly correlated to pitch velocity (Luera et al., 

2020). Similarly, trunk rotational power and trunk rotation time have been found to be a primary 

cause of variability in pitch velocity (Aguinaldo & Escamilla, 2018, 2019).  

 Once MER is reached, the remainder of the throw is finished with the acceleration phase. 

As the arm is deploying, the trunk continues to rotate, the shoulder is internally rotating, and the 

elbow is extending. This combination of movements contributes to the acceleration of the ball 

towards home plate, and creates the reach, or total extension towards home plate. The time 

between peak upper torso angular velocity and peak elbow extension velocity is negatively 

correlated with pitch velocity (Urbin et al., 2013). Shoulder internal rotation (SIR) velocity is 

assumed to have a positive correlation with pitch velocity (Mercier et al., 2020). This assumption 

is based on the positive correlations between pitchers with higher maximum external rotation and 

increased ball velocities (Matsuo et al., 2001), this results in the shoulder going through a much 

larger range of motion from MER to REL in similar amounts of time, therefore a potentially 

increased SIR velocity. Elbow extension velocity is also related to pitch velocity with a positive 

correlation (Werner et al., 2008). 

 Each individual component and order of the kinematic sequence in pitching has been 

investigated, however the combination of both the timing and magnitudes of each segment 

working together in the chain has not yet been investigated in pitching. PitchAITM is capable of 

measuring pelvis, trunk, shoulder internal rotation, and elbow extension velocities, and allows 
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for large scale data collection on pitchers. Using this new technology may allow us to generate a 

large database of pitches and investigate the total contributions of each segment’s velocity and 

timing to the pitch velocity.  

 The use of machine learning to further investigate effects of pitching mechanics on ball 

velocity has been used by the baseball research group at Wake Forest. Fastball velocity was 

predicted using a number of biomechanical predictors (Nicholson et al., 2022b), which included 

kinematic sequencing characteristics. Along with humeral rotation velocity, elbow extension 

velocity, pelvis and trunk rotation velocities, postural variables such as elbow angle at foot 

strike, elbow angle at MER, shoulder abduction at foot strike, maximum shoulder external 

rotation, shoulder abduction at release, maximum hip shoulder separation, and trunk forward 

flexion at release. Maximum front and rear leg ground reaction force resultants, as well as the 

time difference from peak pelvis rotational velocity to peak trunk rotational velocity were also 

used as predictor variables in the models.  

 The machine learning models used in Nicholson et al., 2022b included Random Forest, 

Support Vector Machine Regression, and Gradient Boosting Machine. Each model was tuned 

using an iterative grid search process as well as RMSE, and then internally validated using ten-

fold cross validation (Nicholson et al., 2022b). After comparing each of the models, the Gradient 

Boosting Machine proved the most accurate with an RMSE of >0.001, and calibration slope of 

1.00 (0.999,1.001). The greatest relative predictors for this model were maximum elbow 

extension velocity (19.3%), maximum humeral rotation velocity (9.6%), maximum lead leg GRF 

resultant (9.1%), trunk forward flexion at release (7.9%), and time difference from maximum 

pelvis rotation velocity to maximum trunk rotation velocity (7.8%).  
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2.4 Kinematic Sequencing and Kinetics 

 Investigating the kinematic sequencing and characteristics of the kinematic sequence can 

determine mechanical factors that may lead to increased joint kinetics; however, this is a much 

less researched area than the relationship between kinematics and ball velocity. Aguinaldo and 

Chambers (2009) initially investigated factors of throwing mechanics and their correlation with 

elbow valgus load. This study included sixty-nine adult pitchers from college or professional 

baseball, who pitched on an indoor pitching mound while outfitted with passive motion tracking 

markers for optical motion tracking. The average elbow valgus torque was 50 ± 29 Nm, and the 

average pitch velocity was about 32 m/s. Trunk, shoulder, and elbow kinematics and kinetics 

were extracted from the data to determine correlations between these factors and elbow valgus 

torque. Using a linear stepwise multiple regression with thirteen independent variables, it was 

determined that the primary mechanical factors influencing maximum elbow valgus torque were 

maximum shoulder external rotation 169° ± 15° (r = .60, p < .01), elbow flexion at peak valgus 

torque 41° ± 24° (r = -.36, p< .01), and elbow valgus loading rate 29 ± 14 Nm (r = .74, p < .01) 

(Aguinaldo & Chambers, 2009). Aguinaldo and Escamilla (2018) went into further detail than 

the prior 2009 study, investigating the segmental energy flow and the relationships with elbow 

valgus loading during pitching. This was done using optical marker motion capture with twenty-

four male baseball pitchers, all either college or professional skill levels. The timing of the 

maximum magnitudes of pelvis rotational velocity, trunk rotation, trunk rotation velocity, 

shoulder external rotation and shoulder internal rotation velocity were extracted and normalized 

from foot contact to ball release. Also extracted were maximum elbow valgus torque, ball speed, 

maximum trunk rotation time, and the peak power magnitudes of the trunk, upper arm, and 

forearm. The extracted independent variables were used in a stepwise linear regression to 
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determine a model to predict elbow valgus loading. The power delivered by the trunk and upper 

arm during the arm cocking phase accounted for 72% of the variance in elbow torque (r = .848, p 

< 0.01), the other segmental power values were not significant in predicting elbow torque 

(Aguinaldo & Escamilla, 2018). Similar results were repeated in 2019 by Aguinaldo and 

Escamilla, comparing segmental power and elbow valgus loading between high school and 

professional pitchers. Using similar methods of data collection and processing as mentioned 

above, it was determined that there were no significant differences in normalized maximum 

elbow torque between the high school and professional pitchers (p = 0.003), and again that trunk 

rotation time, trunk power and upper arm power were the main predictors of elbow valgus 

loading (r = 0.823, p < 0.001) (Aguinaldo & Escamilla, 2019).  

Other research groups have also researched how the kinematic sequence can affect torque 

at the elbow and shoulder, however the methodology for quantifying the kinematic sequence was 

slightly different (Scarborough et al., 2019; Scarborough, Linderman, et al., 2021). The 

kinematic sequence can be measured by using the rate of change of the trunk rotation angle, 

pelvis rotation angle, shoulder joint angle, and elbow joint angle, but can also be measured by 

calculating the segment angular velocities of the pelvis, trunk, upper arm, forearm, and hand. 

Scarborough et al. use this segment angular velocity method, which is calculated by taking the 

square root of the sum of the three planar velocities (or total magnitude) of sagittal, frontal, and 

transverse planes for each segment (Figure 4). This method then allows for a scoring system 

based on the timing in which each segment reaches its maximum angular velocity, with 12345, 

the ideal proximal to distal sequence (PDS), being pelvis, trunk, upper arm, forearm, hand, and 

all other variations as a reordering of those five variables. When using this method to determine 

kinematic sequencing characteristics, Scarborough et al. (2018) determined that players generally 
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did not follow consistent timings of each segment’s peak angular velocity. There were 14 distinct 

patterns across 208 total pitches from 30 pitchers. 74% of the sequences observed all fit within 

the sequence that most closely fit the ideal proximal to distal sequence, being pelvis, trunk, arm,  

forearm, and hand. Other main sequences were observed when the trunk and pelvis were 

switched, however the arm timings were all relatively similar (Scarborough et al., 2020). Using 

this method, it was determined that the pattern of PDS (12345 or 12344, where the forearm and 

hand peak simultaneously) had significantly lower maximum elbow valgus torques (66.01 ± 

15.69Nm) than the distal upper extremity (DUE) group (84.56 ± 29.77Nm) who displayed a 

sequence of 12354 having the hand peak before the forearm (p = 0.031) (Scarborough, 

Linderman, et al., 2021).  

 Similar to pitch velocity, the Wake Forest baseball research group has investigated the 

effects of biomechanical predictors on pitching arm kinetics (Nicholson et al., 2022a). This 

model for predicting arm kinetics included more predictor variables than the models used for 

predicting pitch velocity. Predictor variables included pitch velocity, maximum lead and rear leg 

GRF as %BW, elbow angle at MER, shoulder abduction at foot strike, maximum shoulder 

external rotation, maximum humeral rotation velocity, trunk forward flexion at release, 

maximum pelvis and trunk rotation velocities, time from maximum pelvis rotation velocity to 

maximum trunk rotation velocity, elbow angle at foot strike, maximum elbow extension velocity, 

shoulder external rotation at foot strike, shoulder abduction at release, maximum hip shoulder 

separation, lateral trunk tilt at release, and stride length as %height.  

 The models used to predict arm kinetics were Random Forest, Support Vector Machine 

Regression, Gradient Boosting Machine, and artificial neural networks (Nicholson et al., 2022a). 

The gradient boosting machine model was again the best performing model, with a RMSE of 
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0.013, and a calibration of 1.00 (0.999, 1.001). The greatest influencers of pitching arm kinetics 

in the gradient boosting model were pitch velocity (28.3%), maximum shoulder external rotation 

(9.23%), lead leg maximum GRF (6.6%), shoulder abduction at foot strike (6.3%), and 

maximum humeral rotation velocity (6.3%).       

 

Figure 4 Scarborough et al. 2020 Kinematic Sequence 
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2.5 Elbow anatomy 

As UCL injury has been on the incline while shoulder injuries have been on the decline 

(Conte et al., 2016), research surrounding the biomechanics of the elbow has become more 

prevalent. It is important to understand the anatomy of the UCL and elbow as it can then be 

understood what aids the UCL while it is under load. The elbow is composed of the humerus, 

radius, and ulna. The humeroulnar joint is a hinge joint which allows for elbow flexion, while the 

radiocapitellar and radioulnar joints are trochoid joints which allow for the axial rotation needed 

for pronation and supination of the forearm (Alcid et al., 2004). The UCL is composed of three 

portions, an anterior bundle, posterior bundle, and transverse ligament, but the anterior bundle is 

the primary restraint to valgus loads at the elbow between 30 and 120° of elbow flexion. During 

the late cocking and acceleration phases in the pitching delivery, the anterior bundle is subject to 

varus torques of up to 120Nm, which are responsible for failure of the ligament. The anterior 

bundle has an attachment on the humerus at a round, flat portion off the anterior inferior section 

of the medial epicondyle. The attachment at the ulna begins at the sublime tubercle and tapers 

along the tubercle for another 2.8 ± 1.4 mm (Dugas et al., 2007) (Figure 5). The posterior bundle 

Figure 5 UCL humeral and ulnar attachments (Dugas et al., 2007) 
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attaches on the inferior posterior medial epicondyle and on the ulna to the medial olecranon 

(Timmerman & Andrews, 1994), while the transverse bundle has both attachments on the ulna, 

one at the semilunar notch, and on the medial olecranon (Fuss, 1991). 

During the pitch, the elbow is subject to valgus loads up to 120 Nm (Otoshi et al., 2014), 

this is met with a corresponding varus moment. This internal moment is shared between the UCL 

and forearm musculature. The UCL’s approximate failure point is 35 ± 7.3 Nm (McGraw et al., 

2013) and the remainder of the internal moment is accomplished by activation of the surrounding 

flexor-pronator musculature. The common flexor tendon or anterior common tendon (ACT) is 

composed of combined tendons from the pronator teres (PT), flexor carpi radialis (FCR), flexor 

carpi ulnaris (FCU), and flexor digitorum superficialis (FDS) which all converge at their origin 

(Figure 6). The humeral attachment of the ACT occurs at the medial epicondyle and medial joint 

capsule, just anterior and parallel with the UCL. Specifically, the PT originates directly from the 

anteriosuperior portion of the medial epicondyle, and inserts on the middle of the lateral surface 

of the radius (Large et al., 2007; Biel & Dorn, 2010). The FCR originates from the medial 

epicondyle through the muscular fascia and inserts on the bases of the second and third 

metacarpals (Biel & Dorn, 2010). The FCU originates directly from the medial epicondyle but 

also has an origin on the medial aspect of the olecranon process, the insertions are on the 

pisiform, hook of hamate, and the base of the fifth metacarpal (Biel & Dorn, 2010). The FDS is 

deep to the FCR and attaches directly to the medial epicondyle and anterior joint capsule (Otoshi 

et al., 2014), the insertions are on the sides of the middle phalanges of the second through fifth 

digits (Biel & Dorn, 2010). Although these muscles contribute to assisting the UCL withstand 

the varus moment, the main  
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contributors during the high demand acceleration phase of the pitching delivery are from the 

FCU and FDS as these muscles lie directly over the UCL at 90° of flexion (Figure 7) (Davidson 

et al., 1995).  

 

 

  

Figure 6 Common flexor tendon and its muscles (Otoshi et al. 2014) 
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Figure 7 Locations of FCU and FDS relative to the UCL at 90° of 

elbow flexion (Davidson et al. 1995) 
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2.6 Ulnar Collateral Ligament Reconstruction 

The first ulnar collateral ligament reconstruction was done in 1974 by Dr Frank Jobe of 

the Los Angeles Dodgers on pitcher Tommy John. The surgery required a detachment of the 

common flexor tendon, to reveal the UCL. After cleaning the attachment points of the ruptured 

UCL, Jobe carved a Y shape hole in the medial epicondyle of the humerus and a v shaped hole in 

the ulna at the sublime tubercle. These holes were used to create new anchor points for the 

reconstructed ligament. The palmaris longus tendon of the affected arm is harvested and then 

passed through the holes in the humerus and ulna, and then sutured onto itself (Jensen et al., 

2020). This creates a figure eight structure with the suture in the middle, and the approximate 

failure point for the new ligament is around 22.7 Nm (Large et al., 2007). Based on current 

information at the time, it was believed that the graft would take a year to revascularize, leading 

to a recommended 12 to 18 month recovery period before returning to pitching (Jensen et al., 

2020), however the return to play was not guaranteed. The initial surgery on Tommy John 

resulted in ulnar nerve palsy, which required further operation. Jobe operated on the elbow again 

and resolved the issue with a submuscular ulnar nerve transposition. Issues with ulnar nerve 

palsy would be an issue for the initial Jobe technique, with a 58 player sample, 68% of players 

returned to pre-injury levels of competition, but 25% had further ulnar neuropathy, some 

requiring revision surgery (Jensen et al., 2020). 

In 1995 Drs. James Andrews and Laura Timmerman published their revised method, 

becoming known as the ASMI method. The primary objective of this new technique was to 

reduce the ulnar neuropathy issues. This was achieved by using an FCU-split opposed to 

completely detaching the common flexor tendon. The reconstruction of the ligament remained 

the same, with the Y and V tunnels in the humerus and ulna, and the palmaris longus as the 
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harvested tendon for reconstruction. Subcutaneous ulnar nerve transposition became the new 

standard, as opposed to the submuscular method used by Jobe. This surgical method provided a 

greater chance of return to play, and less occurrence of ulnar neuropathy. Based on 733 surgeries 

using the ASMI technique, 83% returned to play, where only 16% had ulnar neuropathy 

normally resolving in 6 weeks. 

Exploratory research by Smith et al. (1996) allowed Dr Thompson and Jobe (2001) to 

publish a new Modified Jobe technique, again looking to decrease incidences of ulnar 

neuropathy. In this technique, the FCU is split where the muscle borders the FDS, and the 

posterior Y holes in the humerus were shifted anteriorly to reduce trauma to the posterior area by 

the ulnar nerve. With this technique, the ulnar nerve transposition was not mandatory. Of 33 

patients, 82% had excellent outcomes, 12% had good outcomes, and 5% had ulnar neuropathy 

but all reported no symptoms within 6 weeks. This Modified Jobe technique is the most 

predominant surgery used for baseball purposes, and the return to play timeline is still between 

12 and 18 months.  
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Chapter 3: Methods 

3.1 Participants 

 Eighty pitchers (187.19 ± 8.18cm, age 20.1 ± 3.3 years) ranging in skill level from high 

school (n = 19), college (n = 47) to professional baseball (n = 14) were included in this study. 

Each participant was undergoing off season training, which included throwing maximum effort 

bullpens. Exclusion criteria included sidearm or submarine pitchers, as these pitching motions 

are less prevalent when compared to the traditional overhand pitch, and are not as comparable or 

generalizable with regards to kinematic data. Also excluded were players who were not able to 

throw at maximum effort (quantified by radar tracked pitch velocity) due to pain or discomfort at 

the time of data collection. Both left and right-handed pitchers were collected. It is important to 

note that this study was interrupted due to COVID-19 restrictions. Ethics approval was obtained 

from the Brock University Research Ethics Board (REB #19-371, Appendix A) for on campus 

data collections. However, restrictions led to all videos and radar gun data of pitchers being 

collected at Kinetic Pro Baseball (Tampa, FL, USA), and at Driveline Baseball (Kent, WA, 

USA). Next, a secondary data analysis (Appendix B) was approved by the Brock University 

Research Ethics Board and pitchers from each facility signed a release of liability/informed 

consent that outlined data could be used in a future research study. Video and radar gun data 

were processed at Brock University. 

3.2 Data Collection 

Each pitcher completed their own personalized warm up supervised by throwing trainers 

at each baseball facility before starting their high intensity pitching. All pitches were thrown 

from a simulated indoor pitching mound, to a target at the regulation distance of 60 feet and 6 
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inches. Fastballs from each pitcher were recorded using iPhone slow motion video at 1080p and 

240hz, each pitcher had an average of three pitches used in statistical analysis. Video was filmed 

from the open side to allow for the camera’s optical axis to be perpendicular to the throwing 

direction, held at eye level as steady as possible, and to avoid any panning (Stephens et al., 

2019). Every pitch velocity was tracked and recorded using either a Rapsodo (Rapsodo Pte Ltd, 

Singapore), or Stalker Pro 2 radar gun (Richardson, TX, USA).  

3.3 Data Processing 

Video and radar gun data were processed at Brock University. All data was processed 

using pitchAITM (ProPlayAI, Toronto, Canada) offline processing returning time series data for 

joint and segment angles and velocities. This data was not entered to the application or online 

web portal and was maintained locally. PitchAITM software uploaded video to WrnchAI 

(WrnchAI, Montreal, Canada), which is a platform that uses artificial intelligence to scan each 

frame of video to fit an anatomical model to the joint centres of each pitcher. Three dimensional 

(3D) coordinates were extracted from WrnchAI and pitchAITM converted the data to millimeters 

using participant stature to scale the coordinates. The model used for pitchAITM does not include 

all 30 outputs from WrnchAI; it uses the following 14 locations (left and right wrists, elbows, 

shoulders, hips, knees, ankles, and toes) to calculate the required outputs (Figure 8). PitchAITM 

data were filtered using a second order, low-pass Butterworth filter, at a cut-off frequency of 

13.4hz (Escamilla et al., 2002; Fleisig et al., 1999). Gaps in pitchAITM data were filled using an 

Ikima method spline fill interpolation. The global coordinate system was defined with the origin 

at the pitching rubber, positive X axis towards first base, Y axis vertical, and Z axis towards 

home plate. PitchAITM kinematic measurements included trunk anterior/posterior tilt (a vector 

created from mid-shoulder to mid-hip, relative to global Y), medial/lateral tilt (a vector created 
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from mid-shoulder to mid-hip, relative to global Y), and rotation (shoulder to shoulder vector 

about the global Y); pelvis rotation (hip to hip vector about the global Y); both arms’ shoulder 

external rotation (shoulder to forearm to wrist coordinate system measured relative to the torso 

coordinate system in a YXY’ rotation sequence), shoulder horizontal abduction (shoulder to 

elbow vector relative to shoulder to shoulder vector), shoulder abduction (shoulder to elbow 

vector relative to shoulder to hip vector), and elbow flexion (shoulder to elbow vector relative to 

elbow to wrist vector) and both knee’s flexion (hip to knee vector relative to knee to ankle 

vector).  
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Figure 8 pitchAITM Tracking Model 
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Pitch sequencing was identified using kinematic markers within the pitch delivery. Peak 

displacement of the lead knee in the vertical (Y) direction identified start of the pitch to perform 

a time series normalization of the data. Foot plant (FP) was determined by an algorithm using the 

lead ankle Y coordinates to estimate the frame where the lead foot is planted in the pitching 

mound. Ball release (BR) is an estimated marker, as there is no ball tracking in pitchAITM. This 

sequence marker was predicted using an algorithm that considered the velocity of the throwing 

wrist marker in the direction of home plate; ball release was estimated to occur 0.035 seconds 

after the peak wrist velocity. The identified frame numbers for the start and end markers were 

determined for each pitch and used to time normalize the data from 0-100% (0% - foot plant, 

100% - ball release) with all data between peak lead knee height and foot plant represented as a 

negative percentage, and all data after ball release as over 100% (Figure 9). The location of 

maximum external rotation was identified as a normalized percentage when the shoulder reaches 

peak external rotation (°).  The sequencing of the pelvis rotation, torso rotation, shoulder internal 

rotation, and elbow extension velocities (°/sec) are derived from the calculated joint and segment 

angles. The location of these peak velocities are also represented as a normalized percentage 

where each kinematic parameter reaches its maximum.  

Outliers were removed from the data set based on compared fit with other pitches from 

that player. In general, pitching outputs all follow a similar shaped curve in the kinematic plots. 

Within each player, the shapes of the curves and magnitudes of each kinematic sequence metric 

should all be very similar; if a pitch had kinematic sequence timing or magnitude characteristics 

that did not fit these patterns, it was removed. 
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3.4 Statistical Analysis 

3.4.1 Multilinear Regression Approach 

 Measurements of pelvis and trunk rotational angular velocity, shoulder internal rotation 

angular velocity and elbow extension angular velocity were extracted from the pitchAITM data, 

pitcher height and weight data were also exported with the paired pitchAITM data. Each joint 

angular velocity was time normalized from foot plant (0%) to ball release (100%) including 50% 

before foot plant and 50% after ball release. Normalizing the data allowed for each pitcher to be 

comparable with each other, and created relative timings for each of the maximum joint angular 

velocities. This allowed for maximum angular velocities and temporal characteristics to be 

evaluated and pre-processed for analysis. A linear multiple regression analysis was performed 

Figure 9 General pitchAITM Kinematic Sequence Output; y-axis is joint angular velocity (°/s), x-

axis is normalized time (0% at foot plant, and 100% at ball release) 
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with the temporal location of each maximum joint angular velocity and magnitude of each 

maximum joint angular velocity from each of the four velocities extracted from pitchAITM. 

Pitcher height and weight were included with the kinematic sequencing metrics to generate the 

multilinear regression model to predict pitch velocity. The multilinear regression model also 

returned the evaluation of significance for each of the input metrics regarding their influence on 

the model. The outputs of each metric’s significance allowed insights towards which metrics 

from pitchAITM were more influential to predicting pitch velocity. Statistical analysis was 

performed in SPSS version 28 (IBM Corp., Armonk, N.Y., USA). 

3.4.2 Neural Network Approach 

Similar to the multilinear regression, the joint angular velocity data from pitchAITM was 

extracted, along with height and weight, and used to predict pitch velocity using a custom neural 

network. The model was built using TensorFlow, a machine learning package (Python 3.8), 

using a 4-layer model (figure 10) Model structure was determined by manipulating node and 

layer formats, as well as training iterations and batch sizes, with consistent training and testing 

samples. This neural network model was able to combine and compare different input metrics 

and evaluate weights of each metric within each layer, refining the weights with each training 

iteration to generate an increasingly accurate model. Data was split into training and testing data 

by using 67% of each player’s data for training and reserving 33% of the data from each pitcher 

for testing. The predictive model was used to generate ball velocity for pitches not used in the 

creation and training of the model. The predicted and measured values of ball velocity were 

compared using a paired samples t-test performed in SPSS version 28 (IBM Corp., Armonk, 

N.Y., USA).  
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Figure 10 Custom Neural Network Model 
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Chapter 4: Results 

 A total of 80 pitchers were included in this study, with each pitcher having an average of 

4-5 pitches processed in pitchAITM; 391 total pitches were included in the statistical analysis. 

Average pitch velocity in the data set was 85.3 ± 5.7 mph or 38.1 ± 2.5 m/s. A summary of the 

pitching characteristics can be found in table 1. The most common kinematic sequence order was 

pelvis, torso, elbow, then shoulder. If the order was different, it was due to the torso occurring 

first, then the pelvis, elbow, and shoulder. Often, the pelvis rotational velocity had two 

distinguished peaks (Figure 11), with one occurring around foot plant, and a second occurring 

closer to peak trunk rotation. To avoid mislabelling of the peak pelvis angular velocity, and to be 

Figure 11 pitchAITM Double Pelvis Rotational Velocity Peaks 
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consistent with the application processing, the maximum value for the pelvis rotational velocity 

was taken.  

 

Table 1 Average Extracted Metrics (%Pitch Cycle (PC) from 0% FP to 100% BR) 

Metric Mean 

Peak Pelvis Timing (% PC) 26.22 ± 22.68 

Peak Trunk Timing (% PC) 42.21 ± 16.85 

Peak Elbow Timing (% PC) 83.35 ± 12.91 

Peak Shoulder Timing (% PC) 100.53 ± 9.07 

Peak Pelvis Velocity (°/s) 686.47 ± 110.68 

Peak Trunk Velocity (°/s) 1127.95 ± 207.38 

Peak Elbow Velocity (°/s) 1702.57 ± 347.95 

Peak Shoulder Velocity (°/s) 3573.20 ± 735.30 

Height (cm) 186.71 ± 8.24 

Weight (kg) 89.29 ± 13.04 

Pitch Velocity (m/s) 38.11 ± 2.53 

 

 

4.1 Multilinear Regression Model 

The extracted data from pitchAITM was generally normally distributed based on 

histograms. The averages for each metric can be found in table 1. The multilinear regression 

generated an R = 0.607, and an R2 = 0.368 (Adj R2 = 0.351), with a Standard Error of the 

Estimate (SEE) = 4.56 and the model was significant with p < 0.001. The model summary can 

be found in table 2. Out of the ten input metrics, weight (β = 0.535, p < 0.001), peak pelvis 

rotational velocity timing (β = -0.157, p = 0.001), peak elbow extension timing (β = 0.122, p = 

0.006), and peak shoulder internal rotation timing (β = -0.113, p = 0.018), were significant 

contributors to the multilinear model. Height, and magnitudes of peak pelvis rotational velocity, 

peak trunk rotational velocity, peak elbow rotational velocity, and peak shoulder internal rotation 
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velocity were not significant, and all had a beta between -0.1 and 0.1. The full list of metric 

contributions to the model can be found in table 3.  

 

Table 2 Multilinear Regression Model Summary 

Model R R2 R2 Adjusted Std. Error of the Estimate 

1 0.607 0.368 0.351 4.560 
 

 

Table 3 Multilinear Regression Input Weights 

Metric B 
Std. 

Error 
β t Significance 

Constant 54.668 7.209  7.583  

Weight 0.105 0.012 0.535 8.626 <0.001 

Peak Pelvis Timing -0.039 0.012 -0.157 -3.200 0.001 

Peak Elbow Timing 0.054 0.019 0.122 2.752 0.006 

Peak Shoulder Timing -0.071 0.030 -0.113 -2.377 0.018 

Peak Trunk Timing 0.032 0.016 0.095 1.942 0.053 

Peak Pelvis Velocity 0.005 0.003 0.095 1.805 0.072 

Peak Trunk Velocity 0.002 0.002 0.066 1.188 0.235 

Height 0.044 0.043 0.064 1.033 0.302 

Peak Shoulder Velocity 0.000 0.000 -0.044 -0.954 0.340 

Peak Elbow Velocity 0.000 0.001 -0.010 -0.234 0.815 

 

4.2 Neural Network Approach 

The differences between training and testing groups were minimal, averages for each 

metric can be found in table 4. The neural network approach yielded an R = 0.610, R2 = 0.372, 

and SEE = 0.374 in comparison to the actual velocity, with the correlation being significant 

between actual and predicted groups (p < 0.01). The average difference between actual and 

predicted velocity across the testing dataset was 0.16 ± 2.06 m/s. The comparisons between 

actual and predicted pitch velocity can be found in tables 5 and 6, as well as figure 8. In using a 
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pairwise t-Test, the difference between actual and predicted velocity was not statistically 

significant (t = 0.933, p = 0.353). Due to the nature of the TensorFlow model structure, there is 

no way to return the weights of each input throughout the model iterations.  

 

Table 4 Training vs Testing Metric Averages 

Metric Training Set Mean Testing Set Mean 

Peak Pelvis Timing (% PC) 25.74 ± 23.00 27.17 ± 21.92 

Peak Trunk Timing (% PC)  42.80 ± 16.35 41.25 ± 17.72 

Peak Elbow Timing (% PC) 82.85 ± 14.16 84.35 ± 9.81 

Peak Shoulder Timing (% PC) 100.70 ± 9.13 100.23 ± 8.91 

Peak Pelvis Velocity (°/s) 687.22 ± 116.70 685.00 ± 97.15 

Peak Trunk Velocity (°/s) 1135.43 ± 217.15 1113.10 ± 184.69 

Peak Elbow Velocity (°/s) 1696.18 ± 346.19 1715.26 ± 349.75 

Peak Shoulder Velocity (°/s) 3554.64 ± 734.00 3610.03 ± 733.71 

Height (cm) 186.80 ± 8.30 186.56 ± 8.09 

Weight (kg) 89.43 ± 13.07 88.99 ± 12.92 

Pitch Velocity (m/s) 38.16 ± 2.51 85.04 ± 2.57 
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Table 5 Actual vs Predicted Velocities 

Group Mean R R2 Significance 

Actual (m/s) 38.02 ± 2.57 0.610 0.372 <0.001 

Predicted (m/s) 37.85 ± 1.91 

 Difference (Actual – 

Predicted) (m/s) 
0.16 ± 2.06 

 

 

Table 6 Pairwise t-Test for Actual vs Predicted Velocities 

Comparison T Statistic Significance Standard Error 

Actual – Predicted 0.933 0.353 0.374 
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Figure 12 Neural Network Predicted vs Actual Pitch Velocity 
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Chapter 5: Discussion 

 The primary purpose of this study was to evaluate the relationship between kinematic 

sequence parameters (timing and magnitude), generated using pitchAITM, and pitch velocity. In 

general, the pattern of the observed angular velocities in our data set were in the order of peak 

pelvis rotational velocity, then peak trunk rotational velocity, followed by peak elbow extension 

velocity, and peak shoulder internal rotation velocity. This pattern allows for efficient transfer of 

energy from the lower body, through the upper body, then arm, and hand, to generate maximum 

pitch velocity and is consistent to what has been found prior (Aguinaldo & Escamilla, 2019). In 

order to make sense of the angular velocity magnitudes, both height and weight need to be 

accounted for in predictive models, because athletes with heavier, larger segments, will generate 

more momentum relative to the same velocities generated with smaller segments. This is 

illustrated well with comparisons between pitchers at various levels of development, as youth, 

high school, collegiate, and professional athletes move at similar angular velocities, however 

they generate different pitch velocities (Fleisig et al., 1999). This is demonstrated in this project 

considering our significant predictors of pitch velocity in the multilinear regression included 

player weight, the relative timings of peak pelvis rotational velocity, peak elbow extension 

velocity, and peak shoulder internal rotation velocity, while the magnitudes of the angular 

velocities were not significant predictors.   

Both the neural network, and multilinear regression were able to significantly predict 

pitch velocity. Both approaches had similar model fits, as the neural network had an R2 = 0.372 

(SEE = 0.374), and the multilinear regression had an R2 = 0.368 (SEE = 4.56). The neural 

network performed slightly better, however this may be due to the differences in data input for 

the model. With the neural network, the data was divided into a training and testing set, with 
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training being two thirds of the data, and testing being the remaining third. The multilinear 

regression used every pitch in the model, which may create larger variance in the data as it was 

comparing each pitch instead of only 33% of the total pitches. These potential differences 

between the training and testing sets relative to the entire sample was accounted for by using at 

least one pitch from every participant in both the training and testing groups. The data was split 

by player and 67% of the pitches from each pitcher were used for training while the remaining 

33% were used for testing. Multilinear regressions are optimized when there is a linear 

relationship between each input variable and the outcome variable, while none of the input 

variables share relationships. In this dataset, each of these relationships were generally weak, 

therefore potentially reducing the effectiveness of the multilinear regression analysis. The 

primary advantage of the neural network is the method in which data is input and used across 

nodes. There are weights generated for each of the inputs at each node, therefore the interactions 

between input variables can be accounted for. This also means that the combinations of all 10 

input metrics for each pitch can be used to increase the model effectiveness. The multilinear 

regression does not take these interactions into consideration, as each input is used in the model 

to explain some of the variance in the outcome metric, but does not account for interactions 

between each input variable. For future research with increased input variables, a neural network 

approach will likely yield better predictive results, but may be limited in the information 

regarding the effect of each input on the outcome variable. 

 The relationships that were hypothesized (hypothesis #2) between peak joint angular 

velocities and ball velocity were not apparent, however the timing metrics were greater 

contributors to the pitch velocity relationship. Participant weight was the greatest contributor to 

the multilinear regression, followed by the peak pelvis rotational velocity timing, peak elbow 
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extension velocity timing, and peak shoulder internal rotation velocity timing. This may be 

partially explained by differences between developmental levels of athletes as there were 

samples from high school, college, and professional skill levels. It has been shown that peak 

pelvis rotational velocity, peak trunk rotational velocity, peak elbow extension velocity, and peak 

shoulder internal rotation velocity are comparable between youth, high school, college, and 

professional athletes, while there are significant differences in pitch velocity (Fleisig et al., 

1999). As athletes transition from youth to high school, there is generally an increase in height 

and weight as the athlete goes through puberty. Similarly, from high school to college and 

professional levels, athletes will continue to gain mass through strength training. Since body 

weight is a strong predictor of pitch velocity, lean body mass would likely generate better 

predictions (Szymanski et al., 2021). Building momentum calculations for segment velocities in 

pitchAITM may allow for increased accuracy in pitch velocity prediction by taking segment 

weight into consideration. Having access to segment momentum would also allow insight into 

more potential variables, such as direction of momentum relative to home plate during peak 

momentum which may explain inefficiencies related to pitchers who have high maximum joint 

angular velocities but relatively lower ball velocities. Height may also need to be a normalization 

factor for segment and joint angular velocity as arm length may be another indicator of pitch 

velocity (Escamilla et al., 2002). 

In the multilinear regression, the significant contributors to the model were pitcher 

weight (β = 0.535, p < 0.001), peak pelvis rotational velocity timing (β = -0.157, p = 0.001), 

peak elbow extension velocity timing (β = 0.112, p = 0.006), and peak shoulder internal rotation 

velocity timing (β = -0.113, p = 0.018). These are different than what has been reported 

previously by Werner et al. 2008, Aguinaldo and Escamilla 2019, and Nicholson et al. 2022a. 
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When comparing similar metrics to Werner et al. 2008 multiple linear regression analysis, 

weight, peak shoulder angular velocity, and peak elbow extension angular velocity were main 

contributors to ball velocity. For Aguinaldo and Escamilla 2019, their multilinear regression 

found trunk rotation time to be a significant predictor of pitch velocity. Nicholson et al. 2022a 

had similar multilinear regression findings to Werner et al. 2008, with maximum humeral 

rotation velocity, maximum trunk rotation velocity, and maximum elbow extension velocity as 

the comparable metrics with significant influences on velocity. In this project, none of the 

angular velocity metrics were significant contributors, while some of the relative timings were. 

These findings would indicate that increased body mass, earlier peak pelvis rotation velocity, 

later peak elbow extension velocity, and earlier peak shoulder internal rotation velocity would 

lead to increased fastball velocity. It is likely that pitchers who have peak shoulder internal 

rotation as close to ball release as possible would generate faster ball velocities due to a better 

timed ball release, and pitchers with later elbow extension velocities maximizing their direction 

towards home plate. Due to the nature of pitching mechanics, especially with the kinematic 

sequence, there can be effects of the previous segment’s magnitude and timing on the following 

segments. This was seen within this dataset as some weak to moderate correlations were present 

between peak pelvis rotational velocity and peak trunk rotational velocity timing, pelvis timing 

and peak trunk rotational velocity, peak pelvis rotational velocity and peak trunk rotational 

velocity, and peak shoulder internal rotation velocity timing and magnitude.  

 The input metrics, such as the timing and magnitude of peak pelvis rotational velocity, 

peak trunk rotational velocity, peak elbow extension velocity, and shoulder internal rotation 

velocity in this study compared well to previous studies. The timing of peak pelvis and trunk 

rotation velocities occurred about 5-10 % earlier in pitchAITM (26.22 ± 22.68 %, 42.21 ± 16.85 



51 

 

%, respectively), compared to previous research of 27 to 39 % for peak pelvis rotation velocity, 

and 52 % for peak trunk rotational velocity (Escamilla et al., 2002; Matsuo et al., 2001; Stodden 

et al., 2005). Peak elbow extension velocities were observed at 83.35 ± 12.91 %, also 

corresponding to about 10 % earlier (R. Escamilla et al., 2002; Matsuo et al., 2001; Stodden et 

al., 2005). Peak shoulder internal rotation velocity occurred at 100.53 ± 9.07 %, right around ball 

release in pitchAITM and was very comparable to previous research also occurring around 100 to 

105% of the normalized pitch cycle (Escamilla et al., 2002; Matsuo et al., 2001; Stodden et al., 

2005). The differences in the metrics occurring before peak shoulder internal rotation may be 

explained by differences in establishing the pitching cycle in pitchAITM compared to other 

research studies. pitchAITM defines the start of the pitching cycle as ‘foot plant’ as opposed to 

initial foot contact. Foot plant is defined as the instant that the lead leg is bearing bodyweight, 

and is determined via a proprietary algorithm. Since foot plant occurs after initial foot contact, it 

may cause the following metrics to be presented as occurring earlier in the pitching cycle as they 

are relative to a later starting point. pitchAITM also uses an algorithm to predict ball release, 

compared to other research that has manually identified ball release. PitchAITM ball release 

determination may be early or late, depending on the biomechanics of the pitch. This may cause 

some differences when comparing relative timing metrics to other work.  

 When comparing joint angular velocities, pitchAITM was very similar to established 

research for peak pelvis rotational velocity and trunk rotational velocity (Escamilla et al., 2002; 

Matsuo et al., 2001). However, peak elbow extension angular velocity was approximately 1000 

°/s slower in pitchAITM, with this dataset averaging 1702.57 ± 347.95 °/s, and established 

research being around 2500°/s. Peak shoulder internal rotation velocity was also slower in 

pitchAITM averaging 3573.20 ± 735.30 °/s, compared to established research being around 4000 
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to 6000 °/s (Nicholson et al., 2022a, 2022b; Scarborough et al., 2020). The differences for peak 

elbow extension angular velocity and peak shoulder internal rotation velocity may be due to 

model differences between pitchAITM versus traditional marker-based models and various 

processing differences between researchers. In pitchAITM, the shoulder internal rotation metric 

may become underrepresented during elbow extension, as the model relies on the wrist, elbow, 

and shoulder markers to calculate joint coordinate systems. If the wrist and elbow markers align 

with the shoulder marker, it becomes difficult to measure shoulder internal rotation using this 

method. The elbow joint is a simpler model than the shoulder in pitchAITM, as it is resolved as a 

vector angle. The elbow angular velocity may become underrepresented during similar 

circumstances as the shoulder; when the wrist and elbow, or elbow and shoulder are in line with 

the camera view, occlusion occurs and may cause errors with the model. Although there are 

differences between the pitchAITM model and traditional marker-based models, the reliability of 

pitchAITM data was apparent, as each individual player had small variability between timing and 

magnitude measures for peak angular velocities of pelvis rotation, trunk rotation, elbow 

extension, and shoulder internal rotation. 

 Further developing a model to predict ball velocity may be beneficial for use within the 

pitchAITM app as it would allow for improvement of the ‘efficiency’ metric within pitchAITM. 

Currently the efficiency metric is defined by peak wrist speed in the direction of home plate 

divided by elbow torque. Improving this metric by taking a more holistic approach to predicting 

ball velocity using kinematic sequencing characteristics would allow for an efficiency metric in 

terms of predicted ball speed divided by elbow torque. This metric in mph/Nm may allow more 

insights to be made into potential pitchers with increased or decreased relative injury risk. 

Having this type of information at a professional or collegiate level would be helpful in 
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recruiting and player development. For recruiting purposes, athletes with higher efficiency 

numbers would likely have a lower relative injury risk, and therefore a greater chance of having 

the athlete remain healthy for their career. This would be helpful in player development as well, 

as coaches could identify pitchers with lower efficiencies, and target specific mechanical 

changes to increase efficiency and reduce relative injury risk.  

Chapter 6: Conclusion 

 In conclusion, both multilinear regressions and neural networks generated significant 

models to predict pitch velocity. The neural network was similar to the linear regression, 

however, was more applicable to generating predictive models for use in consumer products and 

would likely perform better when more input variables are added or follow a non-linear 

relationship. The multilinear regression was able to provide insight into the effects each of the 

input variables had on ball velocity. Player weight, timing of peak pelvis rotational velocity, 

timing of peak elbow extension velocity timing, and peak shoulder internal rotation velocity 

timing were the greatest predictors within this model. With the recent validation of pitchAITM 

(Dobos et al., 2022), it was determined that the measurements of throwing arm elbow flexion, 

throwing arm shoulder external rotation, trunk rotation and pelvis rotation all had good 

relationships with marker-based data. Considering the agreements determined by Dobos et al. 

2022, the data from pitchAITM seems to be a good representation of the movement occurring 

during the pitching motion. Although the relationships investigated in this research study 

between pitchAITM kinematic sequencing metrics and pitch velocity do not necessarily match 

with what has been determined in previous research using marker-based motion capture, there 

still seems to be meaningful data contained within the pitchAITM kinematic sequence metrics as 

pitch velocity was effectively predicted by both models.   
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6.1 Limitations 

 This project was not done without limitations.  Due to COVID-19 restrictions in Canada 

data collection was conducted at two different sites, Kinetic Pro Baseball in Tampa FL and 

Driveline Baseball in Phoenix AZ by independent researchers. As a result, there could be 

variability between methodologies used for capturing video prior to pitchAITM processing. 

Ideally, the camera was positioned in a manner that the athlete fills as much of the frame as 

possible without the camera moving. When the athlete becomes smaller in the frame, the 

tracking may have increased error. Being able to control for this in the future with more specific 

directions (tripod height, both perpendicular and parallel distances from the pitching rubber) may 

allow for more consistent repeatable data. Another potential limitation with collecting data at two 

different baseball facilities, are the different throwing strategies that may occur with different 

coaching methodologies and philosophies. This can lead to athletes throwing the same velocity 

with very different pitching mechanics. This is a potential strength and weakness because the 

variability may allow for more effective insights to be made on what effects velocity, or can 

further illustrate that pitching is very individualized and different players use movement 

strategies that best suit them. This data was captured in indoor training environments, which may 

influence pitcher movement strategies compared to how they may move in competition 

environments.  

 When comparing the multilinear regression model and neural network model, the 

standard error of the estimate was higher for the multilinear regression. This may be due to the 

increased variance in the data used in the multilinear regression as all pitches were used, where 

the testing data for the neural network only included 33% of all pitches.  
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 PitchAITM has limitations as well. The markerless motion tracking model is relatively 

simple compared to marker-based systems, and results in differences throughout the data 

processing stages. The way some angles are calculated within pitchAITM may differ from 

traditional motion capture data, which can create fundamental differences when comparing to 

similar studies using marker-based motion capture. Differences in time normalized data are 

apparent in this study when considering foot plant and ball release time points. In other studies 

(Aguinaldo et al., 2007; Escamilla et al., 2017; Fleisig et al., 1999; Stodden et al., 2001; Urbin et 

al., 2013; Werner et al., 1993), initial front foot contact is used as the starting point for time 

normalization, however pitchAITM uses foot plant. Foot plant is different as it is defined as the 

first instance that the lead foot starts bearing bodyweight; this requires the foot to be in full 

contact with the mound, and is flagged shortly after this using a proprietary algorithm within 

pitchAITM. Since foot plant occurs after initial front foot contact, the normalized timing starts 

shortly after. Ball release is the time point that marks the end of normalized time. This is visually 

defined in most studies, but is automated in pitchAITM. The algorithm uses kinematic markers 

that are normally seen at specific instances relative to ball release. Due to throwing variability, 

some athletes may have ball release identified earlier or later than visually identifiable. With the 

differences in foot plant and ball release, the actual relative timings of kinematic sequencing 

markers may vary. Validating pitchAITM and understanding what the data means compared to 

gold standard will allow more actionable insights to be made with pitchAITM data. In a recent 

validation by Dobos et al. 2022, agreements between pitchAITM measurements and paired 

marker-based measurements allowed for insight into the accuracy of pitchAITM. Throwing arm 

elbow flexion had an r2 of 0.81, RMSE of 7.54°, and a Bland-Altman Bias of 1.77° with 95% 

Limit of Agreement between -13.38° and 16.91°. Throwing arm shoulder external rotation had 
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an r2 of 0.85, RMSE of 15.61°, and a Bland-Altman Bias of 8.64° with 95% Limit of Agreement 

between -18.22° and 35.49°. Pelvis rotation had an r2 of 0.84, RMSE of 4.09°, and a Bland-

Altman Bias of 2.13° with 95% Limit of Agreement between -5.09° and 9.35°. Trunk rotation 

had an r2 of 0.78, RMSE of 8.64°, and a Bland-Altman Bias of 4.75° with 95% Limit of 

Agreement between -10.17° and 19.66°.  

6.2 Future Directions 

 In this study it was determined that the relative timings of peak pelvis rotation velocity, 

peak elbow extension velocity, and peak shoulder internal rotation velocity, are all correlated 

with throwing velocity within pitchAITM. Revisiting this data using different modelling methods 

such as Gradient Boosting Machine models, rather than custom neural networks, could allow for 

increased insight into which variables are more impactful predictors than others. Further 

investigation is needed to identify discrete differences between youth, high school, collegiate, 

and professional pitchers, as well as high, mid, and low velocity groups. This would help to 

determine what changes should be targeted in terms of timings and magnitudes for the peak 

pelvis and trunk rotational velocity, peak elbow extension velocity, and peak shoulder internal 

rotation velocity to improve player development programming. This could be done with a 

multivariate ANOVA to determine interactions and differences between these variables at each 

velocity and development level present in this dataset. 

Similarly, using this technology, training could be monitored and evaluated to develop 

further insight into what movement strategies and timings may be optimal for each pitcher. 

Different drill work can be prescribed to try to manipulate the timing of the pelvis and trunk, as 

well as the timing of elbow extension. Identifying pitchers who may have later peak pelvis 

rotational velocities, occurring simultaneously with the trunk, would indicate that the lower body 
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is not optimizing the transfer of rotational energy to the trunk. Drills to target these movement 

changes could include but are not limited to janitor, hook-em, and turn and burn drills (Driveline 

Baseball, Kent, WA); each of these constraint drills drive the player to maintain counter rotation 

with the trunk while allowing the lower half to initiate and drive rotation down the mound. 

Pitchers with early forearm extension velocities can be prescribed different constraint drills to 

improve posture and positioning into foot plant and throughout the arm cocking phase. Drills 

targeting this may include pivot pickoffs, and/or connection ball drills with the goal of 

maintaining an interior elbow angle of less than 90° until after maximum external rotation is 

reached. Using this technology to evaluate the effectiveness of these drills in making these 

timing and postural changes would provide valuable insight to player development coaches in 

terms of movement diagnosis and drill prescription. 

Chapter 7: Conflict of Interest  
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