
Introduction	to	Option	Greeks
Option	Greeks	are	a	set	of	measures	used	to	assess	the	risk	and	reward	of	options	trading.	These	measures	provide	traders	with	insight	into
how	an	option's	price	may	change	based	on	changes	in	various	underlying	parameters,	such	as	the	underlying	asset	price,	volatility,	time	to
expiration,	and	interest	rates.	By	understanding	the	behavior	of	option	greeks,	traders	can	make	more	informed	trading	decisions	and	better
manage	their	portfolio	risk.

In	this	notebook,	we	will	explore	the	most	important	option	greeks,	including	Delta,	Gamma,	Theta,	Vega,	Rho,	Speed,	Vega,	Vomma,
Charm,	and	Vanna,	and	learn	how	to	calculate	and	interpret	them.	We	will	dive	into	each	of	the	greeks,	providing	an	intuitive	explanation	of
how	they	work	and	their	practical	applications	in	trading.

We	will	also	provide	code	examples	using	Python	to	calculate	and	visualize	option	greeks,	including	2D	and	3D	plots.	By	the	end	of	this
notebook,	you	will	have	a	solid	understanding	of	option	greeks	and	how	to	use	them	in	your	options	trading	strategy.
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1.	Importing	the	Libraries
The	libraries	imported	in	this	notebook	provide	a	range	of	functions	and	tools	for	analyzing	option	greeks.

The	'math'	library	provides	basic	mathematical	functions,	such	as	logarithms	and	square	roots,	which	are	used	in	the	Black-Scholes
equation.

The	'numpy'	library	is	used	for	numerical	operations	and	allows	us	to	perform	calculations	on	arrays	and	matrices.

The	'pandas'	library	is	used	to	manipulate	and	analyze	data	in	tabular	format.	It	provides	functionality	for	data	cleaning,	transformation,	and
analysis.

'yfinance'	is	a	library	that	allows	us	to	download	historical	stock	prices	and	other	financial	data	from	Yahoo	Finance.

'matplotlib.pyplot'	is	a	plotting	library	used	to	create	visualizations	such	as	line	charts,	bar	charts,	and	histograms.

'datetime'	is	a	module	that	supplies	classes	for	working	with	dates	and	times.

'pandas_datareader'	is	used	to	retrieve	data	from	various	internet	sources,	such	as	FRED	and	World	Bank.

'plotly.graph_objs'	is	used	to	create	interactive	visualizations	and	charts.

import	math	as	m



2.	Functions
In	this	notebook,	we	have	used	several	custom	functions	for	calculating	option	greeks.

The	first	function	calculates	the	volatility	of	a	given	ticker	or	underlying	asset	based	on	historical	data	obtained	from	Yahoo	Finance.	It	also
calculates	the	dividend	yield	and	the	risk-free	interest	rate	using	data	from	the	last	year	of	the	1-year	treasury.

The	second	function	is	used	to	calculate	the	cumulative	density	function	of	a	normal	distribution.	This	is	used	to	calculate	the	probability	of	a
stock	price	being	above	or	below	a	certain	strike	price.

The	third	function	calculates	the	value	of	N(d1),	d1,	N(d2),	and	d2.	These	are	important	variables	used	in	the	Black-Scholes	equation	for
pricing	options.	N(d1)	and	N(d2)	represent	the	probability	that	the	option	will	be	exercised,	while	d1	and	d2	represent	the	sensitivity	of	the
option	price	to	changes	in	the	underlying	stock	price	and	time	to	expiration.

2.1.	Greeks	Data
This	function	is	used	to	calculate	the	volatility	of	a	given	underlying	asset	based	on	the	historical	stock	prices	obtained	from	Yahoo	Finance.	It
calculates	the	daily	returns	of	the	stock,	and	then	calculates	the	standard	deviation	of	the	returns,	which	is	used	as	an	estimate	of	volatility.
Additionally,	the	function	also	calculates	the	dividend	yield	and	the	risk-free	interest	rate	of	a	1-year	treasury,	which	are	also	required	for
Greeks.

[0.021804772175553003,	0.006166791874634106,	0.045]

2.2.	Normal	CDF
This	function	is	used	to	calculate	the	cumulative	distribution	function	of	a	normal	distribution.	It	takes	a	value	'x'	and	mean	and	standard
deviation	of	a	normal	distribution,	and	returns	the	probability	of	observing	a	value	less	than	or	equal	to	'x'	from	that	distribution.

import	numpy	as	np
import	pandas	as	pd
import	yfinance	as	yf
import	matplotlib.pyplot	as	plt
from	datetime	import	date,	timedelta,	datetime
import	pandas_datareader	as	pdr
import	plotly.graph_objs	as	go
from	scipy.stats	import	norm

def	greeks_data(ticker,	period='1y'):
				"""Inputs:
				ticker:	Ticker	of	the	underlying	asset	that	we	try	to	calculate	volatility.
				period:	The	date	range	where	we	want	to	download	the	data.
				Output:	The	volatility/standard	deviation	of	the	returns,	the	dividend	yield	of	
				the	stock,	and	the	risk	free	interest	rate."""
				#	Download	the	data	from	yahoo	finance
				stock	=	yf.Ticker(ticker)
				df	=	stock.history(period='1y')
				
				#	Calculate	the	Volatility
				#	Calculate	the	daily	returns
				df_rets	=	df['Close'].apply(lambda	x:	m.log(x))	-	df['Close'].shift(1).apply(lambda	x:	m.log(x))
				volatility	=	df_rets[1:].std()	#	Remove	the	first	NaN	value	and	calculate	the	volatility
				
				#	Calculate	the	Dividend	Yield
				div_yield	=	df['Dividends'].sum()/df['Close'].mean()
				
				#Calculate	the	Risk-free	Interest	rate
				#	Define	the	data	source	(FRED)	and	the	risk-free	interest	rate	ticker	symbol
				data_source	=	'fred'
				rf_rate_ticker	=	'DGS1'

				#	Get	the	risk-free	interest	rate	data
				rf_rate	=	pdr.DataReader(rf_rate_ticker,	data_source)
				rf_rate	=	rf_rate['DGS1'].iloc[-1]/100
				
				return	volatility,	div_yield,	rf_rate

#	Define	the	stock	ticker	symbol	
tick	=	"AAPL"
#	Example
list(greeks_data(ticker=tick,	period='2y'))

#	Defining	the	cummulative	density	function	of	a	normal	distribution



2.3.	BSE	Data
This	function	is	used	to	calculate	the	option	greeks	-	N(d1),	d1,	N(d2)	and	d2.	These	are	required	for	pricing	options	using	the	Black-Scholes
formula.	N(d1)	and	N(d2)	represent	the	cumulative	probability	of	observing	a	random	variable	from	a	standard	normal	distribution	less	than	or
equal	to	d1	and	d2,	respectively.	d1	and	d2	are	terms	used	in	the	Black-Scholes	formula	and	are	calculated	based	on	the	stock	price,	strike
price,	time	to	maturity,	volatility,	and	risk-free	interest	rate.

3.	Greeks
Option	Greeks	are	financial	metrics	used	to	measure	the	sensitivity	of	option	prices	to	changes	in	different	variables	such	as	the	underlying
asset	price,	time	to	expiration,	implied	volatility,	and	interest	rates.	These	metrics	are	essential	for	options	traders	and	investors	to	assess	and
manage	risk	and	make	informed	trading	decisions.	The	five	main	Greeks	are	Delta,	Gamma,	Theta,	Vega,	and	Rho.

3.1.	Delta
Delta	is	a	measure	of	the	rate	of	change	of	an	option's	price	in	relation	to	the	price	of	the	underlying	asset.	It	measures	the	sensitivity	of	an
option's	price	to	changes	in	the	price	of	the	underlying	asset,	and	is	represented	by	a	value	between	0	and	1	for	call	options	and	between	0
and	-1	for	put	options.

A	delta	of	0.5,	for	example,	indicates	that	the	option's	price	will	increase	by	£0.50	for	every	£1.00	increase	in	the	underlying	asset's	price,
while	a	delta	of	-0.5	indicates	that	the	option's	price	will	decrease	by	£0.50	for	every	£1.00	increase	in	the	underlying	asset's	price.

Delta	is	an	important	parameter	in	option	pricing	and	risk	management,	as	it	can	be	used	to	hedge	against	changes	in	the	price	of	the
underlying	asset.

#	Defining	the	cummulative	density	function	of	a	normal	distribution
def	normal_cdf(mu,	sigma,	x):
				"""Inputs:
				mu:	The	expected	value/mean	of	the	function.
				sigma:	Standard	deviation	of	the	function.
				x:	Value	of	the	X	in	the	C.D.F.
				Output:	Cummulative	density	function	of	a	normal	distribution."""
				#	Calculating	the	cummulative	density	function
				cdf	=	1/2*(1+m.erf((x-mu)	/	(sigma*m.sqrt(2))))
				return	cdf

def	bse_delta(ex_price,	int_rate,	div_yield,	cur_price,	time,	option_type,	vol):
				"""Inputs:
				ex_price:	Exercise	price	of	the	option.
				int_rate:	Risk-free	interest	rate.
				cur_price:	Current	underlying	price	of	the	asset.
				time:	Time	to	expiry	of	the	option.
				vol:	Volatility	of	the	option.
				option_type:	Type	of	the	option	whether	Call	or	Put.
				Output:	N(d1)	and	N(d2)	for	calculating	the	Call	Option
				"""
				#	calculating	d1	and	d2
				d1	=	(m.log(cur_price/ex_price)+(int_rate	-	div_yield	+	(vol**2)/2)*time	)/(vol	*	m.sqrt(time))
				d2	=	(m.log(cur_price/ex_price)+(int_rate	-	div_yield	-	(vol**2)/2)*time	)/(vol	*	m.sqrt(time))
				
				#	use	'normal_cdf'	to	calculate	N(d1)	and	N(d2)
				N_d1	=	normal_cdf(0,	1,	d1)
				N_d2	=	normal_cdf(0,	1,	d2)
				
				#	Return	the	values	of	N	based	on	the	type	of	the	option.
				if	option_type	==	'call':
								return	N_d1,	N_d2,	d1,	d2
				
				elif	option_type	==	'put':
								return	(1-N_d1),	(1-N_d2),	d1,	d2

tick	=	'AAPL'	#	Ticker	of	the	Underlying
S	=	160	#	Underlying	price
K	=	165	#	Exercise	price
T	=	1	#	Time	to	maturity
#	Using	the	function	to	calculate	Greeks	data	(Volatility,	Dividend	Yield,	RF	Interest	rate)
sigma,	q,	r	=	greeks_data(ticker=tick,	period='1y')

#	Using	the	functions	to	calculate	the	values	of	N_d1	and	N_d2
N_d1,	N_d2,	d1,	d2	=	bse_delta(ex_price=K,	int_rate=r,	cur_price=S,
																											div_yield=q,	time=T,	option_type='call',	vol=sigma)

#	Get	the	values	of	Delta	w.r.t.	changes	in	Underlying	price



0.000001 0.050001 0.100001 0.150001 0.200001 0.250001 0.300001 0.350001 0.400001 0.450001 ... 4.550000 4.600000 4.650000 4.700000

145.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 1.103398e-
16

1.153050e-
14 ... 0.846537 0.854676 0.862428 0.869806

145.3 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 3.310193e-
16

3.409499e-
14 ... 0.856517 0.864222 0.871551 0.878518

145.6 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 1.048228e-
15

9.891959e-
14 ... 0.866005 0.873286 0.880203 0.886769

145.9 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 3.420532e-
15

2.807595e-
13 ... 0.875011 0.881878 0.888393 0.894571

146.2 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 1.092364e-
14

7.797159e-
13 ... 0.883543 0.890007 0.896133 0.901935

5	rows	×	101	columns

delta	=	[]
for	i	in	np.linspace(S-15,	S+15,	101):
				#	Using	the	functions	to	iterate	and	get	the	value	of	Delta	for	each	underlying	price
				d	=	bse_delta(ex_price=K,	int_rate=r,	cur_price=i,
																div_yield=q,	time=T,	option_type='call',	vol=sigma)[0]
				d	=	m.exp(-q*T)	*	d	#	Calculate	value	of	Delta
				delta.append(d)
				
#	Plot	the	Delta	values	w.r.t.	Underlying	price
plt.figure(figsize=(8,6))
plt.plot(np.linspace(S-15,	S+15,	101),	delta,	label='Option	Delta')
plt.title('Delta')
plt.xlabel('Underlying	Price')
plt.ylabel('Delta')
plt.legend()
plt.grid();

#	Get	the	values	of	Delta	w.r.t.	changes	in	the	Underlying	price	and	Time	to	expiry
deltaUT	=	[]
for	i	in	np.linspace(S-15,	S+15,	101):
				#	Iterating	to	get	values	of	Delta	w.r.t.	the	Underlying	price
				deltaT	=	[]
				for	j	in	np.linspace(0.000001,	5,	101):
								#	Iterating	to	get	values	of	Delta	w.r.t.	the	Time	to	expiry
												d	=	bse_delta(ex_price=K,	int_rate=r,	cur_price=i,
																div_yield=q,	time=j,	option_type='call',	vol=sigma)[0]
												d	=	m.exp(-q*T)	*	d	#	Calculate	value	of	Delta
												deltaT.append(d)
				deltaUT.append(deltaT)	#	Append	the	list	to	the	deltaT	to	create	a	DataFrame

#	Convert	the	list	of	Deltas	to	a	Dataframe
df_delta	=	pd.DataFrame(deltaUT)
df_delta.columns	=	list(np.linspace(0.000001,	5,	101))	#	Change	the	columns	to	Time	to	expiry
df_delta.index	=	list(np.linspace(S-15,	S+15,	101))	#	Change	the	rows	to	Underlying	price
df_delta.head()

"""This	is	a	dynamic	3D	plot	for	the	Option's	Delta	surface"""
#	#	Creating	the	Option	Delta	surface
#	fig	=	go.Figure(data=[go.Surface(z=df_delta.values)])



"This	is	a	dynamic	3D	plot	for	the	Option's	Delta	surface"

3.2.	Gamma
Gamma	is	a	measure	of	the	rate	of	change	in	an	option's	delta	for	a	given	change	in	the	price	of	the	underlying	asset.	It	is	the	second	partial
derivative	of	the	option	price	with	respect	to	the	price	of	the	underlying	asset.

A	high	gamma	value	indicates	that	the	delta	of	the	option	will	change	quickly	in	response	to	changes	in	the	price	of	the	underlying	asset,
while	a	low	gamma	value	indicates	that	the	delta	of	the	option	will	change	more	slowly.

Gamma	is	highest	for	at-the-money	options	and	decreases	as	the	option	moves	further	in	or	out	of	the	money.	When	an	option	is	deep	in	or
out	of	the	money,	the	gamma	value	will	be	close	to	zero.

Gamma	is	an	important	greek	to	consider	when	trading	options	as	it	can	help	determine	the	optimal	strike	price	to	trade	and	how	to	hedge	the
position	against	price	movements	in	the	underlying	asset.

#	fig.update_layout(title='3D	plot	of	an	Option	Delta',	autosize=False,	width=800,	height=800,
#									margin=dict(l=50,	r=50,	b=65,	t=90),
#									scene=dict(xaxis_title='Time',	yaxis_title='Underlying	Price',	zaxis_title='Option	Delta'))
#	fig.update_traces(y=list(np.linspace(S-15,	S+15,	101)),	x=list(np.linspace(0.000001,	5,	101)))

#	#	Show	the	plot
#	fig.show()

#	Create	a	static	3D	plot
fig	=	plt.figure(figsize=(10,	10))
ax	=	fig.add_subplot(111,	projection='3d')
x	=	np.linspace(0.000001,	5,	101)
y	=	np.linspace(S-15,	S+15,	101)
x,	y	=	np.meshgrid(x,	y)
z	=	df_delta.values
ax.plot_surface(x,	y,	z,	cmap='viridis')

#	Set	axis	labels
ax.set_xlabel('Time')
ax.set_ylabel('Underlying	Price')
ax.set_zlabel('Option	Delta')
ax.view_init(elev=10,	azim=310);

#	Get	the	values	of	Gamma	w.r.t.	changes	in	Underlying	price
gamma	=	[]
for	i	in	np.linspace(S-15,	S+15,	101):



0.000001 0.050001 0.100001 0.150001 0.200001 0.250001 0.300001 0.350001 0.400001 0.450001 ... 4.550000 4.600000

145.0 0.0 1.348533e-
149

2.215027e-
73

5.341340e-
48

2.520109e-
35

9.811992e-
28

1.097415e-
22

4.330794e-
19

2.113500e-
16

2.560129e-
14 ... 0.065895 0.063417

145.3 0.0 7.867397e-
145

4.914806e-
71

1.849920e-
46

3.448321e-
34

7.690527e-
27

5.932576e-
22

1.795588e-
18

7.181521e-
16

7.451717e-
14 ... 0.062845 0.060402

2	rows	×	101	columns

"This	is	a	dynamic	3D	plot	for	the	Option's	Gamma	surface"

				#	Using	the	functions	to	iterate	and	get	the	value	of	Gamma	for	each	underlying	price
				g	=	bse_delta(ex_price=K,	int_rate=r,	cur_price=i,
																div_yield=q,	time=T,	option_type='call',	vol=sigma)[2]
				g	=	m.exp(-q*T)	*	m.exp(-g**2/2)	/	(S*sigma*m.sqrt(2*m.pi*T))	#	Calculate	value	of	Gamma
				gamma.append(g)
				
#	Plot	the	Gamma	values	w.r.t.	Underlying	price
plt.figure(figsize=(8,6))
plt.plot(np.linspace(S-15,	S+15,	101),	gamma,	label='Option	Gamma')
plt.title('Gamma')
plt.xlabel('Underlying	Price')
plt.ylabel('Gamma')
plt.legend()
plt.grid();

#	Get	the	values	of	Gamma	w.r.t.	changes	in	the	Underlying	price	and	Time	to	expiry
gammaUT	=	[]
for	i	in	np.linspace(S-15,	S+15,	101):
				#	Iterating	to	get	values	of	Gamma	w.r.t.	the	Underlying	price
				gammaT	=	[]
				for	j	in	np.linspace(0.000001,	5,	101):
								#	Iterating	to	get	values	of	Gamma	w.r.t.	the	Time	to	expiry
								g	=	bse_delta(ex_price=K,	int_rate=r,	cur_price=i,
																				div_yield=q,	time=j,	option_type='call',	vol=sigma)[2]
								g	=	m.exp(-q*T)	*	m.exp(-g**2/2)	/	(S*sigma*m.sqrt(2*m.pi*T))	#	Calculate	value	of	Delta
								gammaT.append(g)
				gammaUT.append(gammaT)	#	Append	the	list	to	the	gammaT	to	create	a	DataFrame

#	Convert	the	list	of	Gammas	to	a	Dataframe
df_gamma	=	pd.DataFrame(gammaUT)
df_gamma.columns	=	list(np.linspace(0.000001,	5,	101))	#	Change	the	columns	to	Time	to	expiry
df_gamma.index	=	list(np.linspace(S-15,	S+15,	101))	#	Change	the	rows	to	Underlying	price
df_gamma.head(2)

"This	is	a	dynamic	3D	plot	for	the	Option's	Gamma	surface"""
#	#	Creating	the	Option	Gamma	surface
#	fig	=	go.Figure(data=[go.Surface(z=df_gamma.values)])
#	fig.update_layout(title='3D	plot	of	an	Option	Gamma',	autosize=False,	width=800,	height=800,
#									margin=dict(l=50,	r=50,	b=65,	t=90),
#									scene=dict(xaxis_title='Time',	yaxis_title='Underlying	Price',	zaxis_title='Option	Gamma'))
#	fig.update_traces(y=list(np.linspace(S-15,	S+15,	101)),	x=list(np.linspace(0.000001,	5,	101)))		
#	#	Show	the	plot
#	fig.show()



3.3.	Theta
Theta	is	an	option	Greek	that	measures	the	rate	of	decline	of	an	option's	time	value	due	to	the	passage	of	time,	also	known	as	time	decay.	It
measures	the	sensitivity	of	an	option's	price	to	a	change	in	time,	assuming	all	other	variables	remain	constant.	Theta	is	negative	for	all
options	and	the	rate	of	time	decay	accelerates	as	the	option	approaches	expiration.

The	formula	for	calculating	theta	involves	the	partial	derivative	of	the	option	price	with	respect	to	time.	A	higher	theta	means	that	the	option's
time	decay	is	happening	more	quickly,	which	can	be	beneficial	for	short-term	option	traders	who	are	looking	to	capitalize	on	quick	moves	in
the	market.	However,	long-term	option	traders	may	want	to	be	cautious	of	high	theta	values,	as	the	rapid	time	decay	can	erode	the	option's
value	over	time.

#	Create	a	static	3D	plot
fig	=	plt.figure(figsize=(10,	10))
ax	=	fig.add_subplot(111,	projection='3d')
x	=	np.linspace(0.000001,	5,	101)
y	=	np.linspace(S-15,	S+15,	101)
x,	y	=	np.meshgrid(x,	y)
z	=	df_gamma.values
ax.plot_surface(x,	y,	z,	cmap='viridis')

#	Set	axis	labels
ax.set_xlabel('Time')
ax.set_ylabel('Underlying	Price')
ax.set_zlabel('Option	Gamma')
ax.view_init(elev=10,	azim=300);

#	Get	the	values	of	Theta	w.r.t.	changes	in	Time	to	Expiry
theta	=	[]
for	i	in	np.linspace(0.000001,	5,	101):
				#	Using	the	functions	to	iterate	and	get	the	value	of	Theta	for	time	step
				N_d1,	N_d2,	d1,	d2	=	bse_delta(ex_price=K,	int_rate=r,	cur_price=S,
																div_yield=q,	time=i,	option_type='call',	vol=sigma)
				n_d1	=	norm.pdf(d1)	#	Calculate	the	standard	normal	probability	density	function	for	d1
				#	Calculate	value	of	Theta
				t	=		((S*sigma*n_d1)/(2*m.sqrt(i)))	-	(r*K*m.exp(-r*i)*N_d2)
				theta.append(t)
				
#	Plot	the	Theta	values	w.r.t.	Time	to	Expiry
plt.figure(figsize=(8,6))
plt.plot(np.linspace(0.000001,	5,	101),	theta,	label='Option	Theta')
plt.title('Theta')
plt.xlabel('Time	to	Expiry')
plt.ylabel('Theta')



plt.legend()
plt.grid();

#	Get	the	values	of	Theta	w.r.t.	changes	in	Underlying	price
theta	=	[]
for	i	in	np.linspace(S-15,	S+15,	101):
				#	Using	the	functions	to	iterate	and	get	the	value	of	Theta	for	each	underlying	price
				N_d1,	N_d2,	d1,	d2	=	bse_delta(ex_price=K,	int_rate=r,	cur_price=i,
																div_yield=q,	time=T,	option_type='call',	vol=sigma)
				n_d1	=	norm.pdf(d1)	#	Calculate	normal	probability	density	function	for	d1
				#	Calculate	value	of	Theta
				t	=	-(1/365)	*	((i*sigma*n_d1)/(2*m.sqrt(T)))	-	(r*K*m.exp(-r*T)*N_d2)
				theta.append(t)
				
#	Plot	the	Theta	values	w.r.t.	Underlying	price
plt.figure(figsize=(8,6))
plt.plot(np.linspace(S-15,	S+15,	101),	theta,	label='Option	Theta')
plt.title('Theta')
plt.xlabel('Underlying	Price')
plt.ylabel('Theta')
plt.legend()
plt.grid();

#	Get	the	values	of	Theta	w.r.t.	changes	in	the	Underlying	price	and	Time	to	expiry
thetaUT	=	[]
for	i	in	np.linspace(S-15,	S+15,	101):
				#	Iterating	to	get	values	of	Theta	w.r.t.	the	Underlying	price
				thetaT	=	[]
				for	j	in	np.linspace(0.000001,	5,	101):
								#	Iterating	to	get	values	of	Theta	w.r.t.	the	Time	to	expiry
								N_d1,	N_d2,	d1,	d2	=	bse_delta(ex_price=K,	int_rate=r,	cur_price=i,
																				div_yield=q,	time=T,	option_type='call',	vol=sigma)
								n_d1	=	norm.pdf(d1)	#	Calculate	normal	probability	density	function	for	d1
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"This	is	a	dynamic	3D	plot	for	the	Option's	Theta	surface"

								#	Calculate	value	of	Theta
								t	=	-(1/365)	*	((i*sigma*n_d1)/(2*m.sqrt(j)))	-	(r*K*m.exp(-r*j)*N_d2)
								thetaT.append(t)
				thetaUT.append(thetaT)	#	Append	the	list	to	the	thetaT	to	create	a	DataFrame

#	Convert	the	list	of	Thetas	to	a	Dataframe
df_theta	=	pd.DataFrame(thetaUT)
df_theta.columns	=	list(np.linspace(0.000001,	5,	101))	#	Change	the	columns	to	Time	to	expiry
df_theta.index	=	list(np.linspace(S-15,	S+15,	101))	#	Change	the	rows	to	Underlying	price
df_theta.head(2)

"This	is	a	dynamic	3D	plot	for	the	Option's	Theta	surface"""
#	#	Creating	the	Option	theta	surface
#	fig	=	go.Figure(data=[go.Surface(z=df_theta.values)])
#	fig.update_layout(title='3D	plot	of	an	Option	Theta',	autosize=False,	width=800,	height=800,
#									margin=dict(l=50,	r=50,	b=65,	t=90),
#									scene=dict(xaxis_title='Time',	yaxis_title='Underlying	Price',	zaxis_title='Option	Theta'))
#	fig.update_traces(y=list(np.linspace(S-15,	S+15,	101)),	x=list(np.linspace(0.000001,	5,	101)))		
#	#	Show	the	plot
#	fig.show()

#	Create	a	static	3D	plot
fig	=	plt.figure(figsize=(10,	10))
ax	=	fig.add_subplot(111,	projection='3d')
x	=	np.linspace(0.000001,	5,	101)
y	=	np.linspace(S-15,	S+15,	101)
x,	y	=	np.meshgrid(x,	y)
z	=	df_theta.values
ax.plot_surface(x,	y,	z,	cmap='viridis')

#	Set	axis	labels
ax.set_xlabel('Time')
ax.set_ylabel('Underlying	Price')
ax.set_zlabel('Option	Theta')
ax.view_init(elev=10,	azim=15);



3.4.	Rho
Rho	is	one	of	the	option	Greeks	that	measures	the	sensitivity	of	an	option's	value	to	a	change	in	the	risk-free	interest	rate.	It	represents	the
expected	change	in	an	option's	price	for	a	1%	change	in	the	risk-free	interest	rate.

For	call	options,	rho	is	positive,	which	means	that	an	increase	in	the	risk-free	interest	rate	will	increase	the	value	of	the	call	option.	For	put
options,	rho	is	negative,	which	means	that	an	increase	in	the	risk-free	interest	rate	will	decrease	the	value	of	the	put	option.

Rho	is	an	important	factor	to	consider	when	interest	rates	are	expected	to	change,	especially	in	long-term	options.	In	general,	options	with
longer	expiration	dates	have	higher	rho	values	than	those	with	shorter	expiration	dates.
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#	Get	the	values	of	Rho	w.r.t.	changes	in	Underlying	price
rho	=	[]
for	i	in	np.linspace(S-15,	S+15,	101):
				#	Using	the	functions	to	iterate	and	get	the	value	of	Rho	for	each	underlying	price
				N_d2	=	bse_delta(ex_price=K,	int_rate=r,	cur_price=i,
																div_yield=q,	time=T,	option_type='call',	vol=sigma)[1]
				#	Calculate	value	of	rho
				rh	=	K*T*np.exp(-r*T)*N_d2	/	100
				rho.append(rh)
				
#	Plot	the	rho	values	w.r.t.	Underlying	price
plt.figure(figsize=(8,6))
plt.plot(np.linspace(S-15,	S+15,	101),	rho,	label='Option	Rho')
plt.title('Rho')
plt.xlabel('Underlying	Price')
plt.ylabel('Rho')
plt.legend()
plt.grid();

#	Get	the	values	of	Rho	w.r.t.	changes	in	the	Underlying	price	and	Time	to	expiry
rhoUT	=	[]
for	i	in	np.linspace(S-15,	S+15,	101):
				#	Iterating	to	get	values	of	Rho	w.r.t.	the	Underlying	price
				rhoT	=	[]
				for	j	in	np.linspace(0.000001,	5,	101):
								#	Iterating	to	get	values	of	Rho	w.r.t.	the	Time	to	expiry
								N_d2	=	bse_delta(ex_price=K,	int_rate=r,	cur_price=i,
																				div_yield=q,	time=j,	option_type='call',	vol=sigma)[1]
								#	Calculate	value	of	rho
								rh	=	K*T*np.exp(-r*T)*N_d2	/	100
								rhoT.append(rh)
				rhoUT.append(rhoT)	#	Append	the	list	to	the	rhoT	to	create	a	DataFrame

#	Convert	the	list	of	Rhos	to	a	Dataframe
df_rho	=	pd.DataFrame(rhoUT)
df_rho.columns	=	list(np.linspace(0.000001,	5,	101))	#	Change	the	columns	to	Time	to	expiry
df_rho.index	=	list(np.linspace(S-15,	S+15,	101))	#	Change	the	rows	to	Underlying	price
df_rho.head(2)
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"This	is	a	dynamic	3D	plot	for	the	Option's	Rho	surface"

3.5.	Vega
Vega	is	a	measure	of	an	option's	sensitivity	to	changes	in	implied	volatility,	which	is	a	market's	estimate	of	how	much	an	asset's	price	will
fluctuate	over	time.	Specifically,	it	measures	the	change	in	the	price	of	an	option	per	unit	change	in	implied	volatility.	Vega	is	typically
expressed	as	a	positive	number,	and	the	higher	the	vega,	the	more	sensitive	the	option's	price	is	to	changes	in	implied	volatility.

"This	is	a	dynamic	3D	plot	for	the	Option's	Rho	surface"""
#	#	Creating	the	Option	rho	surface
#	fig	=	go.Figure(data=[go.Surface(z=df_rho.values)])
#	fig.update_layout(title='3D	plot	of	an	Option	Rho',	autosize=False,	width=800,	height=800,
#									margin=dict(l=50,	r=50,	b=65,	t=90),
#									scene=dict(xaxis_title='Time',	yaxis_title='Underlying	Price',	zaxis_title='Option	Rho'))
#	fig.update_traces(y=list(np.linspace(S-15,	S+15,	101)),	x=list(np.linspace(0.000001,	5,	101)))		
#	#	Show	the	plot
#	fig.show()

#	Create	a	static	3D	plot
fig	=	plt.figure(figsize=(10,	10))
ax	=	fig.add_subplot(111,	projection='3d')
x	=	np.linspace(0.000001,	5,	101)
y	=	np.linspace(S-15,	S+15,	101)
x,	y	=	np.meshgrid(x,	y)
z	=	df_rho.values
ax.plot_surface(x,	y,	z,	cmap='viridis')

#	Set	axis	labels
ax.set_xlabel('Time')
ax.set_ylabel('Underlying	Price')
ax.set_zlabel('Option	Rho')
ax.view_init(elev=10,	azim=270);



Vega	is	an	important	factor	in	option	pricing,	as	implied	volatility	is	one	of	the	key	components	in	the	Black-Scholes	model.	Options	with
higher	implied	volatility	have	higher	premiums,	all	else	being	equal,	because	they	are	more	likely	to	experience	larger	price	movements.	Vega
helps	traders	to	manage	their	exposure	to	volatility	risk,	as	well	as	to	identify	potentially	undervalued	or	overvalued	options.
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#	Get	the	values	of	Vega	w.r.t.	changes	in	Underlying	price
vega	=	[]
for	i	in	np.linspace(S-15,	S+15,	101):
				#	Using	the	functions	to	iterate	and	get	the	value	of	Vega	for	each	underlying	price
				d1	=	bse_delta(ex_price=K,	int_rate=r,	cur_price=i,
																div_yield=q,	time=T,	option_type='call',	vol=sigma)[2]
				v	=	S*m.exp(-q*T)*m.exp(-d1**2/2)*m.sqrt(T)/(100*100)	#	Calculate	value	of	Vega
				vega.append(v)
				
#	Plot	the	vega	values	w.r.t.	Underlying	price
plt.figure(figsize=(8,6))
plt.plot(np.linspace(S-15,	S+15,	101),	vega,	label='Option	Vega')
plt.title('Vega')
plt.xlabel('Underlying	Price')
plt.ylabel('Vega')
plt.legend()
plt.grid();

#	Get	the	values	of	Vega	w.r.t.	changes	in	the	Underlying	price	and	Time	to	expiry
vegaUT	=	[]
for	i	in	np.linspace(S-15,	S+15,	101):
				#	Iterating	to	get	values	of	Vega	w.r.t.	the	Underlying	price
				vegaT	=	[]
				for	j	in	np.linspace(0.000001,	5,	101):
								#	Iterating	to	get	values	of	Vega	w.r.t.	the	Time	to	expiry
								d1	=	bse_delta(ex_price=K,	int_rate=r,	cur_price=i,
																				div_yield=q,	time=j,	option_type='call',	vol=sigma)[2]
								v	=	S*m.exp(-q*T)*m.exp(-d1**2/2)*m.sqrt(T)/(100*100)	#	Calculate	value	of	Vega
								vegaT.append(v)
				vegaUT.append(vegaT)	#	Append	the	list	to	the	vegaT	to	create	a	DataFrame

#	Convert	the	list	of	Vegas	to	a	Dataframe
df_vega	=	pd.DataFrame(vegaUT)
df_vega.columns	=	list(np.linspace(0.000001,	5,	101))	#	Change	the	columns	to	Time	to	expiry
df_vega.index	=	list(np.linspace(S-15,	S+15,	101))	#	Change	the	rows	to	Underlying	price
df_vega.head(2)

"""This	is	a	dynamic	3D	plot	for	the	Option's	Vega	surface"""
#	#	Creating	the	Option	Vega	surface
#	fig	=	go.Figure(data=[go.Surface(z=df_vega.values)])



"This	is	a	dynamic	3D	plot	for	the	Option's	Vega	surface"

3.6.	Speed
The	"speed"	is	a	second-order	derivative	of	the	option	price	with	respect	to	the	price	of	the	underlying	asset,	and	is	used	to	measure	the	rate
of	change	of	the	option's	delta.	It	represents	the	acceleration	or	deceleration	of	the	delta	as	the	underlying	asset	price	changes.	A	positive
speed	indicates	that	the	option's	delta	is	increasing	at	an	increasing	rate,	while	a	negative	speed	indicates	that	the	option's	delta	is
decreasing	at	an	increasing	rate.	The	speed	is	less	commonly	used	than	the	other	Greeks,	as	it	is	less	sensitive	to	changes	in	the	underlying
asset	price	and	more	difficult	to	calculate	accurately.

#	fig.update_layout(title='3D	plot	of	an	Option	Vega',	autosize=False,	width=800,	height=800,
#									margin=dict(l=50,	r=50,	b=65,	t=90),
#									scene=dict(xaxis_title='Time',	yaxis_title='Underlying	Price',	zaxis_title='Option	Vega'))
#	fig.update_traces(y=list(np.linspace(S-15,	S+15,	101)),	x=list(np.linspace(0.000001,	5,	101)))

#	#	Show	the	plot
#	fig.show()

#	Create	a	static	3D	plot
fig	=	plt.figure(figsize=(10,	10))
ax	=	fig.add_subplot(111,	projection='3d')
x	=	np.linspace(0.000001,	5,	101)
y	=	np.linspace(S-15,	S+15,	101)
x,	y	=	np.meshgrid(x,	y)
z	=	df_vega.values
ax.plot_surface(x,	y,	z,	cmap='viridis')

#	Set	axis	labels
ax.set_xlabel('Time')
ax.set_ylabel('Underlying	Price')
ax.set_zlabel('Option	Vega')
ax.view_init(elev=10,	azim=330);

#	Get	the	values	of	Speed	w.r.t.	changes	in	Underlying	price
speed	=	[]
for	i	in	np.linspace(S-15,	S+15,	101):
				#	Using	the	functions	to	iterate	and	get	the	value	of	Speed	for	each	underlying	price
				d1	=	bse_delta(ex_price=K,	int_rate=r,	cur_price=i,
																div_yield=q,	time=T,	option_type='call',	vol=sigma)[2]
				g	=	m.exp(-q*T)	*	m.exp(-d1**2/2)	/	(S*sigma*m.sqrt(2*m.pi*T))	#	Calculate	value	of	Gamma
				s	=	-g*d1/(S*sigma*m.sqrt(T))	#	Calculate	value	of	Speed
				speed.append(s)
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#	Plot	the	Speed	values	w.r.t.	Underlying	price
plt.figure(figsize=(8,6))
plt.plot(np.linspace(S-15,	S+15,	101),	speed,	label='Option	Speed')
plt.title('Speed')
plt.xlabel('Underlying	Price')
plt.ylabel('Speed')
plt.legend()
plt.grid();

#	Get	the	values	of	Speed	w.r.t.	changes	in	the	Underlying	price	and	Time	to	expiry
speedUT	=	[]
for	i	in	np.linspace(S-15,	S+15,	101):
				#	Iterating	to	get	values	of	Speed	w.r.t.	the	Underlying	price
				speedT	=	[]
				for	j	in	np.linspace(0.000001,	5,	101):
								#	Iterating	to	get	values	of	Speed	w.r.t.	the	Time	to	expiry
								d1	=	bse_delta(ex_price=K,	int_rate=r,	cur_price=i,
																				div_yield=q,	time=j,	option_type='call',	vol=sigma)[2]
								g	=	m.exp(-q*T)	*	m.exp(-d1**2/2)	/	(S*sigma*m.sqrt(2*m.pi*T))	#	Calculate	value	of	Gamma
								s	=	-g*d1/(S*sigma*m.sqrt(T))	#	Calculate	value	of	Speed
								speedT.append(s)
				speedUT.append(speedT)	#	Append	the	list	to	the	speedT	to	create	a	DataFrame

#	Convert	the	list	of	Speeds	to	a	Dataframe
df_speed	=	pd.DataFrame(speedUT)
df_speed.columns	=	list(np.linspace(0.000001,	5,	101))	#	Change	the	columns	to	Time	to	expiry
df_speed.index	=	list(np.linspace(S-15,	S+15,	101))	#	Change	the	rows	to	Underlying	price
df_speed.head(2)

"""This	is	a	dynamic	3D	plot	for	the	Option's	Speed	surface"""
#	#	Creating	the	Option	Speed	surface
#	fig	=	go.Figure(data=[go.Surface(z=df_speed.values)])
#	fig.update_layout(title='3D	plot	of	an	Option	Speed',	autosize=False,	width=800,	height=800,
#									margin=dict(l=50,	r=50,	b=65,	t=90),
#									scene=dict(xaxis_title='Time',	yaxis_title='Underlying	Price',	zaxis_title='Option	Speed'))
#	fig.update_traces(y=list(np.linspace(S-15,	S+15,	101)),	x=list(np.linspace(0.000001,	5,	101)))

#	#	Show	the	plot
#	fig.show()

#	Create	a	static	3D	plot



3.7.	Vomma
Vomma,	also	known	as	Volga,	is	the	second-order	derivative	of	an	option's	value	with	respect	to	changes	in	implied	volatility.	It	measures	the
sensitivity	of	the	option's	vega	to	changes	in	implied	volatility.	When	implied	volatility	changes,	it	affects	the	option's	value,	and	vomma	helps
measure	how	much	the	vega	changes	in	response.

Vomma	is	an	important	Greek	because	it	can	help	traders	manage	their	vega	risk.	If	a	trader	has	a	long	vega	position,	then	a	positive	vomma
means	that	the	vega	will	increase	if	the	implied	volatility	increases.	Conversely,	if	a	trader	has	a	short	vega	position,	then	a	negative	vomma
means	that	the	vega	will	decrease	if	the	implied	volatility	increases.	Therefore,	traders	can	use	vomma	to	determine	how	much	they	need	to
hedge	their	vega	risk	in	response	to	changes	in	implied	volatility.

fig	=	plt.figure(figsize=(10,	10))
ax	=	fig.add_subplot(111,	projection='3d')
x	=	np.linspace(0.000001,	5,	101)
y	=	np.linspace(S-15,	S+15,	101)
x,	y	=	np.meshgrid(x,	y)
z	=	df_speed.values
ax.plot_surface(x,	y,	z,	cmap='viridis')

#	Set	axis	labels
ax.set_xlabel('Time')
ax.set_ylabel('Underlying	Price')
ax.set_zlabel('Option	Speed')
ax.view_init(elev=10,	azim=320);

#	Get	the	values	of	Vomma	w.r.t.	changes	in	Underlying	price
vomma	=	[]
for	i	in	np.linspace(S-15,	S+15,	101):
				#	Using	the	functions	to	iterate	and	get	the	value	of	Vomma	for	each	underlying	price
				d1	=	bse_delta(ex_price=K,	int_rate=r,	cur_price=i,
																div_yield=q,	time=T,	option_type='call',	vol=sigma)[2]
				veg	=	S*m.exp(-q*T)*m.exp(-d1**2/2)*m.sqrt(T)/(100*100)	#	Calculate	value	of	Vega
				v	=	veg*d1*d2/sigma
				vomma.append(v)
				
#	Plot	the	vomma	values	w.r.t.	Underlying	price
plt.figure(figsize=(8,6))
plt.plot(np.linspace(S-15,	S+15,	101),	vomma,	label='Option	Vomma')
plt.title('Vomma')
plt.xlabel('Underlying	Price')
plt.ylabel('Vomma')
plt.legend()
plt.grid();
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#	Get	the	values	of	Vomma	w.r.t.	changes	in	the	Underlying	price	and	Time	to	expiry
vommaUT	=	[]
for	i	in	np.linspace(S-15,	S+15,	101):
				#	Iterating	to	get	values	of	Vomma	w.r.t.	the	Underlying	price
				vommaT	=	[]
				for	j	in	np.linspace(0.000001,	5,	101):
								#	Iterating	to	get	values	of	Vomma	w.r.t.	the	Time	to	expiry
								d1	=	bse_delta(ex_price=K,	int_rate=r,	cur_price=i,
																				div_yield=q,	time=j,	option_type='call',	vol=sigma)[2]
								veg	=	S*m.exp(-q*T)*m.exp(-d1**2/2)*m.sqrt(T)/(100*100)	#	Calculate	value	of	Vega
								v	=	veg*d1*d2/sigma
								vommaT.append(v)
				vommaUT.append(vommaT)	#	Append	the	list	to	the	vommaT	to	create	a	DataFrame

#	Convert	the	list	of	Vommas	to	a	Dataframe
df_vomma	=	pd.DataFrame(vommaUT)
df_vomma.columns	=	list(np.linspace(0.000001,	5,	101))	#	Change	the	columns	to	Time	to	expiry
df_vomma.index	=	list(np.linspace(S-15,	S+15,	101))	#	Change	the	rows	to	Underlying	price
df_vomma.head(2)

"""This	is	a	dynamic	3D	plot	for	the	Option's	Vomma	surface"""
#	#	Creating	the	Option	Vomma	surface
#	fig	=	go.Figure(data=[go.Surface(z=df_vomma.values)])
#	fig.update_layout(title='3D	plot	of	an	Option	vomma',	autosize=False,	width=800,	height=800,
#									margin=dict(l=50,	r=50,	b=65,	t=90),
#									scene=dict(xaxis_title='Time',	yaxis_title='Underlying	Price',	zaxis_title='Option	Vomma'))
#	fig.update_traces(y=list(np.linspace(S-15,	S+15,	101)),	x=list(np.linspace(0.000001,	5,	101)))

#	#	Show	the	plot
#	fig.show()

#	Create	a	static	3D	plot
fig	=	plt.figure(figsize=(10,	10))
ax	=	fig.add_subplot(111,	projection='3d')
x	=	np.linspace(0.000001,	5,	101)
y	=	np.linspace(S-15,	S+15,	101)
x,	y	=	np.meshgrid(x,	y)
z	=	df_vomma.values
ax.plot_surface(x,	y,	z,	cmap='viridis')

#	Set	axis	labels
ax.set_xlabel('Time')
ax.set_ylabel('Underlying	Price')



3.8.	Charm
Charm	is	a	second-order	derivative	of	the	option	price	with	respect	to	time.	It	is	a	measure	of	how	the	delta	of	an	option	changes	as	the	time
to	expiration	changes.	More	specifically,	it	measures	the	rate	of	change	of	delta	with	respect	to	time.	A	positive	charm	indicates	that	the	delta
of	a	call	option	increases	as	the	time	to	expiration	decreases,	while	the	delta	of	a	put	option	decreases	as	the	time	to	expiration	decreases.	A
negative	charm	indicates	the	opposite.

The	charm	is	an	important	greek	to	consider	when	trading	options	with	short	expirations,	as	the	effect	of	time	decay	on	the	option	delta	can
be	significant.	Traders	can	use	charm	to	adjust	their	positions	as	the	time	to	expiration	changes,	helping	them	to	manage	risk	and	maximize
profits.

ax.set_zlabel('Option	Vomma')
ax.view_init(elev=10,	azim=310);

#	Get	the	values	of	Charm	w.r.t.	changes	in	Underlying	price
charm	=	[]
for	i	in	np.linspace(S-15,	S+15,	101):
				#	Using	the	functions	to	iterate	and	get	the	value	of	Charm	for	each	underlying	price
				N_d1,	N_d2,	d1,	d2	=	bse_delta(ex_price=K,	int_rate=r,	cur_price=i,
																div_yield=q,	time=T,	option_type='call',	vol=sigma)
				c	=	-m.exp(-q*T)	*	(N_d1*d2*m.exp(-d1**2/2))/(2*T*sigma*m.sqrt(T))	#	Calculate	the	value	of	Charm
				charm.append(c)
				
#	Plot	the	Charm	values	w.r.t.	Underlying	price
plt.figure(figsize=(8,6))
plt.plot(np.linspace(S-15,	S+15,	101),	charm,	label='Option	Charm')
plt.title('Charm')
plt.xlabel('Underlying	Price')
plt.ylabel('Charm')
plt.legend()
plt.grid();



0.000001 0.050001 0.100001 0.150001 0.200001 0.250001 0.300001 0.350001 0.400001 0.450001 ... 4.550000 4.600000 4.650000

145.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 3.881964e-
29

4.554299e-
25 ... -11.22780 -11.301360 -11.341572

145.3 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 3.885302e-
28

3.847314e-
24 ... -11.31706 -11.349721 -11.350735

2	rows	×	101	columns

"This	is	a	dynamic	3D	plot	for	the	Option's	Charm	surface"

#	Get	the	values	of	Charm	w.r.t.	changes	in	the	Underlying	price	and	Time	to	expiry
charmUT	=	[]
for	i	in	np.linspace(S-15,	S+15,	101):
				#	Iterating	to	get	values	of	Charm	w.r.t.	the	Underlying	price
				charmT	=	[]
				for	j	in	np.linspace(0.000001,	5,	101):
								#	Iterating	to	get	values	of	charm	w.r.t.	the	Time	to	expiry
								N_d1,	N_d2,	d1,	d2	=	bse_delta(ex_price=K,	int_rate=r,	cur_price=i,
																				div_yield=q,	time=j,	option_type='call',	vol=sigma)
								#	Calculate	the	value	of	Charm
								c	=	-m.exp(-q*T)	*	(N_d1*d2*m.exp(-d1**2/2))/(2*T*sigma*m.sqrt(T))
								charmT.append(c)
				charmUT.append(charmT)	#	Append	the	list	to	the	charmT	to	create	a	DataFrame

#	Convert	the	list	of	charms	to	a	Dataframe
df_charm	=	pd.DataFrame(charmUT)
df_charm.columns	=	list(np.linspace(0.000001,	5,	101))	#	Change	the	columns	to	Time	to	expiry
df_charm.index	=	list(np.linspace(S-15,	S+15,	101))	#	Change	the	rows	to	Underlying	price
df_charm.head(2)

"""This	is	a	dynamic	3D	plot	for	the	Option's	Charm	surface"""
#	#	Creating	the	Option	Charm	surface
#	fig	=	go.Figure(data=[go.Surface(z=df_charm.values)])
#	fig.update_layout(title='3D	plot	of	an	Option	Charm',	autosize=False,	width=800,	height=800,
#									margin=dict(l=50,	r=50,	b=65,	t=90),
#									scene=dict(xaxis_title='Time',	yaxis_title='Underlying	Price',	zaxis_title='Option	Charm'))
#	fig.update_traces(y=list(np.linspace(S-15,	S+15,	101)),	x=list(np.linspace(0.000001,	5,	101)))

#	#	Show	the	plot
#	fig.show()

#	Create	a	static	3D	plot
fig	=	plt.figure(figsize=(10,	10))
ax	=	fig.add_subplot(111,	projection='3d')
x	=	np.linspace(0.000001,	5,	101)
y	=	np.linspace(S-15,	S+15,	101)
x,	y	=	np.meshgrid(x,	y)
z	=	df_charm.values
ax.plot_surface(x,	y,	z,	cmap='viridis')

#	Set	axis	labels
ax.set_xlabel('Time')
ax.set_ylabel('Underlying	Price')
ax.set_zlabel('Option	Charm')
ax.view_init(elev=10,	azim=320);



3.9.	Vanna
Vanna	is	a	second-order	option	Greek	that	measures	the	sensitivity	of	the	option's	delta	to	changes	in	the	implied	volatility	of	the	underlying
asset.	More	specifically,	it	measures	the	rate	of	change	in	the	delta	of	an	option	for	a	unit	change	in	the	implied	volatility	of	the	underlying
asset.

In	other	words,	Vanna	is	a	measure	of	how	much	the	delta	of	an	option	changes	when	the	implied	volatility	of	the	underlying	asset	changes.
A	positive	Vanna	means	that	the	option's	delta	increases	as	the	implied	volatility	of	the	underlying	asset	increases,	while	a	negative	Vanna
means	that	the	option's	delta	decreases	as	the	implied	volatility	of	the	underlying	asset	increases.

Vanna	is	an	important	risk	measure	for	options	traders	because	it	helps	them	manage	their	exposure	to	changes	in	implied	volatility.	For
example,	if	a	trader	is	long	an	option	and	has	a	positive	Vanna,	they	may	want	to	adjust	their	position	if	they	expect	a	decrease	in	implied
volatility.

#	Get	the	values	of	Vanna	w.r.t.	changes	in	Underlying	price
vanna	=	[]
for	i	in	np.linspace(S-15,	S+15,	101):
				#	Using	the	functions	to	iterate	and	get	the	value	of	Vanna	for	each	underlying	price
				N_d1,	N_d2,	d1,	d2	=	bse_delta(ex_price=K,	int_rate=r,	cur_price=i,
																div_yield=q,	time=T,	option_type='call',	vol=sigma)
				v	=	-(m.exp(-N_d1**2/N_d2)*N_d2)/(i*(sigma**2)*T)	#	Calculate	the	value	of	Vanna
				vanna.append(v)
				
#	Plot	the	Vanna	values	w.r.t.	Underlying	price
plt.figure(figsize=(8,6))
plt.plot(np.linspace(S-15,	S+15,	101),	vanna,	label='Option	Vanna')
plt.title('Vanna')
plt.xlabel('Underlying	Price')
plt.ylabel('Vanna')
plt.legend()
plt.grid();
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#	Get	the	values	of	Vanna	w.r.t.	changes	in	the	Underlying	price	and	Time	to	expiry
vannaUT	=	[]
for	i	in	np.linspace(S-15,	S+15,	101):
				#	Iterating	to	get	values	of	Vanna	w.r.t.	the	Underlying	price
				vannaT	=	[]
				for	j	in	np.linspace(0.000001,	5,	101):
								#	Iterating	to	get	values	of	Vanna	w.r.t.	the	Time	to	expiry
								N_d1,	N_d2,	d1,	d2	=	bse_delta(ex_price=K,	int_rate=r,	cur_price=i,
																				div_yield=q,	time=j,	option_type='call',	vol=sigma)
								if	(N_d1	or	N_d2)	==	0:
												v	=	0
								else:
												v	=	-(m.exp(-N_d1**2/N_d2)*N_d2)/(i*(sigma**2)*T)	#	Calculate	the	value	of	Vanna
								vannaT.append(v)
				vannaUT.append(vannaT)	#	Append	the	list	to	the	vannaT	to	create	a	DataFrame

#	Convert	the	list	of	vannas	to	a	Dataframe
df_vanna	=	pd.DataFrame(vannaUT)
df_vanna.columns	=	list(np.linspace(0.000001,	5,	101))	#	Change	the	columns	to	Time	to	expiry
df_vanna.index	=	list(np.linspace(S-15,	S+15,	101))	#	Change	the	rows	to	Underlying	price
df_vanna.head(2)

"""This	is	a	dynamic	3D	plot	for	the	Option's	Vanna	surface"""
#	#	Creating	the	Option	Vanna	surface
#	fig	=	go.Figure(data=[go.Surface(z=df_vanna.values)])
#	fig.update_layout(title='3D	plot	of	an	Option	Vanna',	autosize=False,	width=800,	height=800,
#									margin=dict(l=50,	r=50,	b=65,	t=90),
#									scene=dict(xaxis_title='Time',	yaxis_title='Underlying	Price',	zaxis_title='Option	Vanna'))
#	fig.update_traces(y=list(np.linspace(S-15,	S+15,	101)),	x=list(np.linspace(0.000001,	5,	101)))

#	#	#	Show	the	plot
#	#	fig.show()

#	Create	a	static	3D	plot
fig	=	plt.figure(figsize=(10,	10))
ax	=	fig.add_subplot(111,	projection='3d')
x	=	np.linspace(0.000001,	5,	101)
y	=	np.linspace(S-15,	S+15,	101)
x,	y	=	np.meshgrid(x,	y)
z	=	df_vanna.values
ax.plot_surface(x,	y,	z,	cmap='viridis')

#	Set	axis	labels
ax.set_xlabel('Time')
ax.set_ylabel('Underlying	Price')
ax.set_zlabel('Option	Vanna')
ax.view_init(elev=10,	azim=315);



4.	All-in-One
In	this	part	we	create	the	plots	of	option's	Greeks	with	respect	to	the	change	in	the	underlying	price.

#	Creating	y-axis	variables	for	easier	change	in	the	plots
x	=	np.linspace(S-15,	S+15,	101)
y1	=	delta
y2	=	gamma
y3	=	theta
y4	=	rho
y5	=	vega
y6	=	speed
y7	=	vomma
y8	=	charm
y9	=	vanna

#	Create	the	subplots
fig,	axs	=	plt.subplots(3,	3,	figsize=(15,	15),	sharex=True)

#	Set	the	titles	of	each	subplot
titles	=	['Delta',	'Gamma',	'Theta',
										'Rho',	'Vega',	'Speed',
										'Vomma',	'Charm',	'Vanna']

#	Loop	through	each	subplot	and	plot	the	data
for	i,	ax	in	enumerate(axs.flat):
				#	Set	the	title	of	the	subplot
				ax.set_title(titles[i])
				
				#	Plot	the	data	on	the	subplot
				if	i	==	0:
								ax.plot(x,	y1)
				elif	i	==	1:
								ax.plot(x,	y2)
				elif	i	==	2:
								ax.plot(x,	y3)
				elif	i	==	3:
								ax.plot(x,	y4)
				elif	i	==	4:
								ax.plot(x,	y5)
				elif	i	==	5:
								ax.plot(x,	y6)
				elif	i	==	6:
								ax.plot(x,	y7)
				elif	i	==	7:
								ax.plot(x,	y8)
				elif	i	==	8:
								ax.plot(x,	y9)
				
				#	Add	a	grid	to	the	subplot
				ax.grid(color='lightgray',	linestyle='--')
				

#	Set	the	overall	title	of	the	figure
fig.suptitle('Option	Greeks	vs.	Underlying	price',	fontsize=18,	fontweight='bold')

#	Adjust	the	spacing	between	the	subplots
fig.tight_layout(pad=3)

#	Show	the	figure
plt.show()
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