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Let's first get a rough idea of what 
Basketball really is....

W H A T  I S  B A S K E T B A L L ?



W H A T  I S  B A S K E T B A L L ?



W H A T  I S  B A S K E T B A L L ?



At each point in the game, 
can we weigh or quantify 
value of each player's future 
actions based on in-game 
scenario.

01

Develop an extensive toolkit 
for coaches, players, and 
administration to analyze 
basketball games and 
offensive schemes to make 
better plans/decisions.

02

Research and Analysis

03

Metric Formulation and Computation

Problem Statement
P R O B L E M  S T A T E M E N T

Enhance team performance and strategy 
formulation

During an offensive 
possession, given an 
opponent’s defensive 
scheme, what is the 
decision has the highest 
probability of success?



Reviewing prior research

L I T E R A T U R E  S U R V E Y

Paper Author(s)

A Method for Using  P layer Track ing  D ata in  Basketball to  Learn P layer Sk ills and Predict Team  
Perform ance. 

Brian S kinner, S tephen J. 
Guy

O p tim iz ing  the b est p lay in b asketb all using  d eep  learning L eili Javad pour, Jessica 
Blakeslee.

Applying  D eep Learning  to Basketball Trajectories R ajiv C . S hah, R ob 
R om ijnd ers 

C lassifying  N BA O ffensive P lays Using  N eural N etworks Kuan-C hieh Wang , 
R ichard  Z em el

G enerating  D efensive P lays in  Basketball G am es C hieh-Yu C hen, Wenze Lai

Expected Possession Value: An Evaluation Fram ework  for D ecision - Making , Strateg y, and 
Execution in  Basketball 

Ivan C . Jutam ulia 

“ H ow to G et an O pen Shot” : Analyz ing  Team  Movem ent in  Basketball using  Track ing  D ata Patrick  Lucey, A lina 
Bialkowsk i,

PRED IC TIN G  SH OT MAKIN G  IN  BASKETBALL LEARN T FRO M AD V ERSARIAL MULTIAG EN T 
TRA JEC TO RIES 

Mark  H arm on, Patrick  
Lucey  



Reviewing prior research

L I T E R A T U R E  S U R V E Y

Paper Author(s)

Identifying  Basketball P lays from  Sensor D ata; towards a Low - C ost Autom atic Extraction of 
Advanced Statistics

Adria Arbues Sang uesa, 
Thom as B. Moeslund

O p tim iz ing  O ffensive G am ep lan in the N atio nal Basketb all A sso ciatio n 
with Machine Learning

Eam on Mukhopad hyay,

Po ssessio n Sketches: Map p ing  N BA  Strateg ies And rew C . Miller, Luke 
Bornn

Perceived  H o tness A ffects Behavio r o f Basketb all Players and  C o aches Y ig al Attali

C runch tim e in  the N BA – The effectiveness of d ifferent p lay types in  the endg am e of close 
m atches in  professional basketball

Jan C hristm ann, Max 
Akam phuber

Use of Machine Learning  to Autom ate the Identification of Basketball Strateg ies Using  Whole 
Team  P layer Track ing  D ata

C hang jia Tian, Varuna 
D e S ilva

D ecisio n m aking  fo r b asketb all clutch sho ts: A  d ata d riven ap p ro ach Yuval Eppel, Mor Kaspi

A n A nalysis o f Sp o rts N ews in the Era o f Big  D ata -  Visual D ata N ews with 
N BA  C o verag e as an Exam p le

Kai G ao, Li Tang , and 
Jialin  Lu



Expected Possession Value: 
An Evaluation Framework for 
Decision-Making, Strategy, 
and Execution in Basketball

L I T E R A T U R E  R E V I E W

Ivan C. Jutamulia's thesis introduces 
Expected Possession Value (EPV), a metric 
using NBA tracking data to assess basketball 
decision-making. EPV evaluates player and 
team performance by quantifying and 
analyzing scoring opportunities, 
distinguishing effective strategies from 
execution. Jutamulia's work highlights the 
potential of advanced analytics to enhance 
decision-making and team performance in 
professional basketball, offering valuable 
insights for optimizing strategies and 
improving execution.



Primary Dataset

D a t a s e t s  a n d  P r e p r o c e s s i n g

"data_sets": {
 "BasketballGame": {

 "gameId", "gameDate",
"events": [ {

"eventId", "visitor": {"name", "teamId", "abbreviation",
"players": 

[{ "lastName", "firstName", "playerId", "jersey", "position"}]
 },

"home": {"name", "teamId", "abbreviation",
"players": 

[{ "lastName", "firstName", "playerId", "jersey", "position"}]
 },
 "moments": [

 [
 "quater",
 "Timestamp",
 "quarter_time",
 "shot_clock",
 [

 [
 "Player ID",
 "Team ID",
 "X-Coordinate",
 "Y-Coordinate",
 "Z-Coordinate"

 ] … for 11 such lists (1 for the ball & 10 players)
 ]  ]  ]  }}

The tracking data provided by Sports VU involves 
comprehensive snapshots of the basketball court 
captured by six cameras at intervals of 0.04 
seconds. Each moment within the dataset comprises 
coordinates detailing the positions of players and the 
ball on the court.



Secondary Dataset

D a t a s e t s  a n d  P r e p r o c e s s i n g

The dataset contains play-by-play event data 
from an NBA basketball game. It includes fields 
such as GAME_ID, EVENTNUM, EVENTMSGTYPE, 
and player-specific information like 
PLAYER1_NAME and PLAYER1_TEAM_CITY. Each 
record details game events like shots, rebounds, 
and turnovers, providing a comprehensive play-
by-play breakdown with timestamps, player 
actions, and the game score at each event.



Ratings (NBA_API)

D a t a s e t s  a n d  P r e p r o c e s s i n g

ShotsLog (NBA_API)



Integrating them with the 
game logs to extract 
meaningful events like shot 
made or missed.

Using it in tandem with the 
game logs to extract features 
for our models.

SportsVu Game Logs

Create a pipeline to output 
player-specific stats to 
further bolster the feature 
vector and thus model 
performance.

Create a workaround 
unlogged players, events, etc.

Ensuring the features are easy 
and fast to store and access.

Play by Play Data Others

Data and Feature Preprocessing
D A T A  A N D  F E A T U R E  P R E P O C E S S I N G

Extracting chunks 
from large, unreadable 
JSON data

Parsing them, interpreting, 
and storing parts as game 
objects to recall in future.

Adjusting for any 
idiosyncrasies in time 
stamps, value count, etc.



Pass 

Features

P R E P R O C E S S I N G

dist Distance of the pass

passer_basket_dist Distance from passer to the basket

ball_end_basket_dist Distance from the target to the basket

basket_angle Angle of passer --> basket --> target

closest_def_dist_passer Closest defender distance to the passer

closest _def_dist_ball_end Closest defender distance to the target

closest_def_trajectory Closest perpendicular defender distance to pass trajectory

closest_def_angle_passer Closest defender angle to passer w.r.t. pass trajectory

closest_def_angle_ball_end Closest defender angle to target w.r.t. target trajectory

closest_def_trajectory_angle Angle of passer --> target --> most obstructive defender

backcourt Whether the pass was made entirely on backcourt

shot_clock Time remaining on the shot clock



Pass Features

P R E P R O C E S S I N G

Processing the 
Tracking Data

Filtering out 
Possessions

Extracting Passes

Extracting 
unsuccessful 

passes using Play-
by-Play Data

Calculating 
Euclidean distance 
to and the ball man 

and the distance 
features.

Using arccos 
function to 

calculate the angle 
features in radians.

Checking the 
nearest basket at 

start of possession 
for backcourt pass.



Pass Difficulty Model

P R E P R O C E S S I N G

Specifiations About the Model:
Using One fully-connected hidden layer 
with 128 units, each activated with a 
ReLU function.
One Output layer that is fully connected, 
and uses Sigmoid as a final output 
activation function.
Epochs = 5
For regularization,
Train Test Split = 40%
Dropout = 0.2
Validation split = 40%
batch_size = 32
Trained the model with binary 
cross-entropy function.



Pass Difficulty Model - Evaluation

P R E P R O C E S S I N G

Dropout - 0.2; units=128; Batch Size = 32 Dropout - 0.7; units=56; Batch Size = 560



Proposed Shot Features (in research papers 

and other attempts.)

P R E P R O C E S S I N G



Added

Shot 

Features

P R E P R O C E S S I N G

shooter_offensive_rating Offensive rating of the shooter -> float

X x coordinate of the shooter -> float

y y coordinate of the shot -> float

fg_percentage_zone
(utilizes zone_model)

field goal percentage of the shooter from the specific zone he is shooting from -> float

closest_defender_defensive
_rating

defensive rating of the closest defender -> float

closest_defender_velocity velocity of the closest defender in ft/msec -> float

score_margin score margin of the game -> int

quarter Quarter of the game -> int

minutes Minutes passed into the quarter -> int

seconds Seconds passed into the minute -> int

points_attempted
(utlizes zone_model)

Points attempted from the zone



Shot Features

P R E P R O C E S S I N G

Processing the 
Tracking Data

Filtering out Shot 
Attempts

Extracting Basic 
Features

Calculating 
distance features 
using Euclidean 

function

Using arccos 
function to 

calculate the angle 
features in radians.

Using Zone Model 
to predict Zone.

Use it to extract 
player specific fg% 

from that zone

Finding and adding 
player ratings from 

NBA API



Shot Difficulty Model

P R E P R O C E S S I N G

Specifiations:

Using 4 fully-connected hidden layer with 
512 units, each activated with a Leaky
ReLU function.
One Output layer that is fully connected, 
and uses Sigmoid as a final 
output activation function to convert it into 
a probability.
Epochs = 10

For regularization,
Train: Test Split = 80:20
Dropout = 0.2
Validation split = 80:20
batch_size = 32

Trained the model with binary 
cross-entropy function.



Evaluation – 
Shot Model

E v a l u a t i o n

Average ROC – AUC : 0.63



Zone Model (Still Developmental)

P R E P R O C E S S I N G

About the Model:
Input layer connected to a dense hidden layer consisting of 128 
units, each activated by ReLU.

A second dense layer with 64 units follows, again with ReLU 
activation.

There are three output layers: 'shot_zone', 'shot_area', and 
'shot_range', each using softmax activation.

Epochs = 10

For regularization,
Train Test Split = 80:20
Dropout = 0.5
Validation split = 80:20
batch_size = 32

Trained the model with binary cross-entropy function.

X

Y

Dist.

Zone 
Model

[SHOT_ZONE_BASIC,
SHOT_ZONE_AREA,

SHOT_ZONE_RANGE
]



Expected Possession Value 
(EPV)

E v a l u a t i o n



EPV Evaluation

P R E P R O C E S S I N G

While we have already shown evaluation metrics of 
the pass and shot difficulty model as independent 
machine learning models, it is not so straightforward 
to do so with EPV as a whole.

Since EPV can be 
interpreted as points 
expected to be 
obtained from a 
possession, one 
strategy we can use 
is to aggregate 
computed EPV values 
from a large sample 
size of shots, 
comparing the 
expected total points 
and the actual total 
points scored from 
that collection of 
shots.



Agent Plays basketball: Till now we have computed the probability of making a 

successful pass, and the probability of shooting a successful shot. These 
probabilities are very useful. They can be used as the states and rewards for a 

Reinforcement Learning Problem. The states can be the probability with which you 

can transition to state B from A (Here A and B both are players) and then you goal of 
the agent could be to maximise the shot probability which can be interpreted as its 

reward. The agent cannot just pass the ball forever. If the shot clock runs out, the 

model is faced with a penalty.

Deployability and Future Prospects
D E P L O Y A B I L I T Y  A N D  F U T U R E  P R O S P E C T S



This model that we have created can be used by the coaches 

for in depth analysis. This kind of analysis can be extended to the 

team scale, where they can evaluate team strategy in terms of the 

expected point value that their tactics can generate, regardless of 

how many points they are actually scoring. By leveraging EPV, they 

can identify opportunities that are being missed to potentially get 

more points out of a possesion, highlighting instances where game-

plan and strategy has opened up good opportunities that are not 

being taken advantage of.

Deployability and Future Prospects
D E P L O Y A B I L I T Y  A N D  F U T U R E  P R O S P E C T S



D E P L O Y A B I L I T Y  A N D  F U T U R E  P R O S P E C T S



The research focused on Division I women's basketball games, applying deep learning to 

predict plays that lead to the highest probability of a successful shot. The study 

emphasizes the potential of deep learning in sports analytics, specifically in enhancing 

game strategies by identifying optimal player positioning and play execution against various 

defensive setups.

Optimizing the best play in basketball using
deep learning

L I T E R A T U R E  R E V I E W  F O R  F U T U R E

It emphasizes the potential of machine learning in 
extracting actionable insights from complex sports 
data, offering a roadmap for applying similar 
methodologies to optimize strategies in other sports or 
game situations.



Epoch – 2 : Game 
Visualizer (with EPV)

L I T E R A T U R E  R E V I E W

This is the second iteration 
of the visualizer we developed. 
This iteration integrates the 
EPV and the visualizer. We can 
see the EPV of each player as 
the play progresses. This 
allows us and the coaches to 
analyze "What could have 
been the best move?" or "Was 
that the best play to run?"



D E P L O Y A B I L I T Y

A few more tools we 
have developed till now
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