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¢ What is SuPy?

SuPy is a Python-enhanced urban climate model with SUEWS as its computation core.

The scientific rigour in SuPy results is thus gurranteed by SUEWS (see SUEWS publications and
Parameterisations and sub-models within SUEWS).

Meanwhile, the data analysis ability of SuPy is greatly enhanced by the Python-based SciPy Stack,
notably numpy and pandas. More details are described in our SuPy paper.

* How to get SuPy?

SuPy is available on all major platforms (macOS, Windows, Linux) for Python 3.6+ (64-bit only) via PyPI:

python3 -m pip install supy --upgrade

* How to use SuPy?

Please follow Quickstart of SuPy and other tutorials.
Please see API reference for details.

Please see FAQ if any issue.

¢ How to contribute to SuPy?

Add your development via Pull Request
Report issues via the GitHub page.
Cite our SuPy paper.

Provide suggestions and feedback.
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CHAPTER 1

Tutorials

To familiarise users with SuPy urban climate modelling and to demonstrate the functionality of SuPy, we provide the
following tutorials in Jupyter notebooks:

The following section was generated from docs/source/tutorial/quick-start.ipynb

1.1 Quickstart of SuPy

This quickstart demonstrates the essential and simplest workflow of supy in SUEWS simulation:
1. load input files
2. run simulation
3. examine results

More advanced use of supy are available in the tutorials

Before start, we need to load the following necessary packages.

import matplotlib.pyplot as plt

import supy as sp

import pandas as pd

import numpy as np

from pathlib import Path

get_ipython() .run_line_magic ('matplotlib', 'inline')

# produce high-quality figures, which can also be set as one of ['svg', 'pdf', 'retina
r r r

', 'png']

# 'svg' produces high quality vector figures

$config InlineBackend.figure_format = 'svg'

sp.show_version ()
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supy: 2019.8.30dev
supy_driver: 2019a4

1.1.1 Load input files

For existing SUEWS users:

First, a path to SUEWS RunControl.nml should be specified, which will direct supy to locate input files.

: path_runcontrol = Path('../sample_run') / 'RunControl.nml'

df_state_init = sp.init_supy (path_runcontrol)

INFO:root:All cache cleared.

A sample df_state_init looks below (note that . T is used here to a nicer tableform view):

df_state_init.filter (like="method').T

grid 98
var ind_dim
aerodynamicresistancemethod 0
evapmethod 0
emissionsmethod 0
netradiationmethod 0
roughlenheatmethod 0
roughlenmommethod 0
smdmethod 0
stabilitymethod 0
storageheatmethod 0
waterusemethod 0

O WO NDNDWDNDDNDDN

Following the convention of SUEWS, supy loads meteorological forcing (met-forcing) files at the grid level.

grid = df_state_init.index[0]
df_forcing = sp.load_forcing grid(path_runcontrol, grid)

INFO:root:All cache cleared.

For new users to SUEWS/SuPy:

To ease the input file preparation, a helper function 1oad_SampleData is provided to get the sample input for SuPy

simulations

df_state_init, df_forcing = sp.load_SampleData ()

INFO:root:All cache cleared.

Overview of SuPy input

df state_init

df_state_init includes model Initial state consisting of:

4 Chapter 1. Tutorials
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* surface characteristics (e.g., albedo, emissivity, land cover fractions, etc.; full details refer to SUEWS documen-
tation)

* model configurations (e.g., stability; full details refer to SUEWS documentation)
Detailed description of variables in df_state_init refers to SuPy input

Surface land cover fraction information in the sample input dataset:

df_state_init.loc[:, ['bldgh', '"evetreeh', 'dectreeh']]

: var bldgh dectreeh evetreeh
ind_dim 0 0 0
grid
98 22.0 13.1 13.1

df_state_init.filter(like='sfr')

: var sfr
ind_dim (0,) (1,) (2,) (3,) (4,) (5,) (6,)
grid
98 0.43 0.38 0.001 0.019 0.029 0.001 0.14
df_ forcing

df_forcing includes meteorological and other external forcing information.
Detailed description of variables in df_forcing refers to SuPy input.

Below is an overview of forcing variables of the sample data set used in the following simulations.

list_var_forcing = [
'kdown',
'Tair"',
'"RH',
'pres’',
'U’,
'rain',
1
dict_var_label = {

'kdown': 'Incoming Solar\mn Radiation ($ \mathrm{Ww \ m"~{-2}}$)"',
'Tair': 'Air Temperature ($”{\circ}}sC)’',

'RH': r'Relative Humidity (%)',

'pres': 'Air Pressure (hPa)',

'rain': 'Rainfall (mm)',

'U': 'Wind Speed (m $\mathrm{s*{-1}}$)"

}

df_plot_forcing_x = df_forcing.loc[:, list_var_forcing].copy () .shift (
—1) .dropna (how="any")

df_plot_forcing = df_plot_forcing_x.resample('lh') .mean ()

df_plot_forcing['rain'] = df_plot_forcing_x['rain'].resample('lh') .sum()

axes = df_plot_forcing.plot (
subplots=True,
figsize=(8, 12),
legend=False,

)

fig = axes[0].figure

(continues on next page)
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(continued from previous page)

fig.tight_layout ()

fig.autofmt_xdate (bottom=0.2, rotation=0, ha='center')

for ax, var in zip(axes, list_var_forcing):
ax.set_ylabel (dict_var_label[var])

Modification of SuPy input

Given pandas.DataFrame as the core data structure of SuPy, all operations, including modification, output,
demonstration, etc., on SuPy inputs (df_state_init and df_forcing) can be done using pandas-based func-
tions/methods.

Specifically, for modification, the following operations are essential:

locating data

Data can be located in two ways, namely: 1. by name via * . Loc <http://pandas.pydata.org/pandas-docs/stable/user_
guide/indexing.html#selection-by-label>‘__; 2. by position via * .iloc <http://pandas.pydata.org/pandas-docs/
stable/user_guide/indexing.html#selection-by-position>‘__.

# view the surface fraction variable: “sfr’
df_state_init.loc[:, '"sfr']

ind_dim (0,) (1,) (2,) (3,) (4,) (5,) (6,)
grid
98 0.43 0.38 0.001 0.019 0.029 0.001 0.14

# view the second row of 'df forcing', which is a pandas Series
df_forcing.iloc[1]

iy 2012.000000
id 1.000000
it 0.000000
imin 10.000000
qn -999.000000
agh -999.000000
ge -999.000000
gs -999.000000
qf -999.000000
U 4.515000
RH 85.463333
Tair 11.773750
pres 1001.512500
rain 0.000000
kdown 0.153333
snow -999.000000
ldown -999.000000
fcld -999.000000
Wuh -999.000000
xsmd -999.000000
lai -999.000000
kdiff -999.000000
kdir -999.000000
wdir -999.000000

(continues on next page)
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(continued from previous page)

isec 0.000000
Name: 2012-01-01 00:10:00, dtype: float64

# view a particular position of ‘df_forcing', which is a value
df_forcing.iloc[8, 9]

4.455

setting new values

Setting new values is very straightforward: after locating the variables/data to modify, just set the new values accord-
ingly:

# modify surface fractions
df_state_init.locl[:,'sfr']1=[.1,.1,.2,.3,.25,.05,0]
# check the updated values
df_state_init.loc[:, "sfr']

ind_dim (0,) (1,) (2,) (3,) (4,) (5,) (6,)
grid
98 0.1 0.1 0.2 0.3 0.25 0.05 0.0

1.1.2 Run simulations

Once met-forcing (via df_forcing) and initial conditions (via df_state_init) are loaded in, we call sp.
run_supy to conduct a SUEWS simulation, which will return two pandas DataFrames: df_output and
df_state.

df_output, df_state_final = sp.run_supy (df_forcing, df_state_init)

INFO:root:
INFO:root:Simulation period:

INFO:root: Start: 2012-01-01 00:05:00
INFO:root: End: 2013-01-01 00:00:00
INFO:root:

INFO:root:No. of grids: 1

INFO:root:SuPy is running in serial mode
INFO:root:Execution time: 3.2 s
INFO:root :======= ===

df output

df_output is an ensemble output collection of major SUEWS output groups, including:
* SUEWS: the essential SUEWS output variables
 DailyState: variables of daily state information
* snow: snow output variables (effective when snowuse = 1lsetindf_state_init)

Detailed description of variables in df_output refers to SuPy output

1.1. Quickstart of SuPy 7
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df_output.columns.levels[0]

Index (['SUEWS', 'snow', 'RSL', 'DailyState'], dtype='object', name='group')

df state_final

df_state_final is a DataFrame for holding:

1. all model states if save_state is set to True when calling sp. run_supy and supy may run significantly
slower for a large simulation;

2. or, only the final state if save_state is set to False (the default setting) in which mode supy has a similar
performance as the standalone compiled SUEWS executable.

Entries in df_state_final have the same data structure as df_state_init and can thus be used for other
SUEWS simulations staring at the timestamp as in df _state_final.

Detailed description of variables in df _state_final refers to SuPy output

df_state_final.T.head()

datetime 2012-01-01 00:05:00 2013-01-01 00:05:00

grid 98 98

var ind_dim

ah_min (0,) 15.0 15.0
(1,) 15.0 15.0

ah_slope_cooling (0,) 2.7 2.7
(1,) 2.7 2.7

ah_slope_heating (0,) 2.7 2.7

1.1.3 Examine results

Thanks to the functionality inherited from pandas and other packages under the PyData stack, compared with the
standard SUEWS simulation workflow, supy enables more convenient examination of SUEWS results by statistics
calculation, resampling, plotting (and many more).

Ouptut structure

df_output is organised with MultiIndex (grid, timestamp) and (group,varaible) as index and
columns, respectively.

df_output.head()

group SUEWS \
var Kdown Kup Ldown Lup
grid datetime

98 2012-01-01 00:05:00 0.153333 0.021237 344.310184 372.417244
2012-01-01 00:10:00 0.153333 0.021237 344.310184 372.417244
2012-01-01 00:15:00 0.153333 0.021237 344.310184 372.417244
2012-01-01 00:20:00 0.153333 0.021237 344.310184 372.417244
2012-01-01 00:25:00 0.153333 0.021237 344.310184 372.417244

group \

var Tsurf ON QF QS

grid datetime

(continues on next page)
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98 2012-01-01 00:05:00 11.775859 -27.974963 40.569300 —-45.253674
2012-01-01 00:10:00 11.775859 -27.974963 39.719681 -45.070905
2012-01-01 00:15:00 11.775859 -27.974963 38.870062 —-44.895750
2012-01-01 00:20:00 11.775859 -27.974963 38.020443 —-44.727894
2012-01-01 00:25:00 11.775859 -27.974963 37.170824 -44.567032

group ce DailyState \

var QH QE ... DensSnow_Paved

grid datetime Ce

98 2012-01-01 00:05:00 57.807360 0.040651 ... NaN
2012-01-01 00:10:00 56.775225 0.040398 ... NaN
2012-01-01 00:15:00 55.750704 0.040145 ... NaN
2012-01-01 00:20:00 54.733480 0.039895 ... NaN
2012-01-01 00:25:00 53.723248 0.039645 ... NaN

group \

var DensSnow_Bldgs DensSnow_EveTr DensSnow_DecTr

grid datetime

98 2012-01-01 00:05:00 NaN NaN NaN
2012-01-01 00:10:00 NaN NaN NaN
2012-01-01 00:15:00 NaN NaN NaN
2012-01-01 00:20:00 NaN NaN NaN
2012-01-01 00:25:00 NaN NaN NaN

group \

var DensSnow_Grass DensSnow_BSoil DensSnow_Water al a2

grid datetime

98 2012-01-01 00:05:00 NaN NaN NaN NaN NaN
2012-01-01 00:10:00 NaN NaN NaN NaN NaN
2012-01-01 00:15:00 NaN NaN NaN NaN NaN
2012-01-01 00:20:00 NaN NaN NaN NaN NaN
2012-01-01 00:25:00 NaN NaN NaN NaN NaN

group

var a3

grid datetime

98 2012-01-01 00:05:00 NaN
2012-01-01 00:10:00 NaN
2012-01-01 00:15:00 NaN
2012-01-01 00:20:00 NaN
2012-01-01 00:25:00 NaN

[5 rows x 340 columns]

Here we demonstrate several typical scenarios for SUEWS results examination.

The essential SUEWS output collection is extracted as a separate variable for easier processing in the following sections.
More advanced slicing techniques are available in pandas documentation.

df_output_suews = df_output['SUEWS']

Statistics Calculation

We can use .describe () method for a quick overview of the key surface energy balance budgets.

1.1. Quickstart of SuPy 9
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df_output_suews.loc[:, ['ON', 'QS', 'QH', 'QE', 'QF']].describe/()

: var ON QS QH

count 105408.000000 105408.000000 105408.000000 105408.
mean 39.319914 -15.810252 88.755915 45.
std 130.797388 53.953592 69.057335 54.
min -86.212629 -87.482114 -114.375930 0.
25% -42.028676 -48.084784 41.334831 1.
50% -25.694495 -40.948527 75.221473 22.
75% 73.254869 -2.433109 126.971057 75.
max 662.453669 239.033524 371.051513 378.
var QF

count 105408.000000

mean 79.068259

std 30.855099

min 26.506045

25% 50.520548

50% 82.815455

75% 104.577731

max 162.947824

Plotting

Basic example

QE
000000
857651
363737
000081
266435
980817
607932
152626

Plotting is very straightforward via the . plot method bounded with pandas.DataFrame. Note the usage of 1oc

for to slices of the output DataFrame.

# a dict for better display variable names
dict_var_disp = {

"ON': 'SQ"xS',

'QS': r'S$\Delta Q_SS$',

'"QE': '"SQ_ES',

'"QH': 'SQ_HS',

'"QF': 'SQ_FS',

'Kdown': r'S$K_{\downarrow}$',
'Kup': r'SK_{\uparrow}s',
'Ldown': r'S$L_{\downarrow}s$',
'Lup': r'$L_{\uparrow}s$',
'Rain': 'S$SPS',

'Irr': 'SIS',

'Evap': 'SES',

'RO': 'SRS',

'TotCh': 'S$\Delta S$',

Quick look at the simulation results:

ax_output = df_output_suews\
.loc[grid]\
.loc['2012 6 1':'2012 6 7',
['ON', 'QS', 'QE', 'QH', 'QF']I]\
.rename (columns=dict_var_disp) \
.plot ()
ax_output.set_xlabel ('Date')

(continues on next page)
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(continued from previous page)

ax_output.set_ylabel ('Flux ($ \mathrm{Ww \ m~{-2}}$)")
ax_output.legend ()

<matplotlib.legend.Legend at 0x7f8ecl4566a0>

More examples

Below is a more complete example for examination of urban energy balance over the whole summer (June to August).

# energy balance
ax_output = df_output_suews.loc[grid]\
.loc['2012 6':'2012 8', ['ON', 'QS', 'QE', 'QH', 'QF']I]\
.rename (columns=dict_var_disp) \
.plot (
figsize=(10, 3),
title='Surface Energy Balance',
)
ax_output.set_xlabel ('Date')
ax_output.set_ylabel ('Flux ($ \mathrm{Ww \ m"{-2}1}$)")
ax_output.legend()

<matplotlib.legend.Legend at 0x7£8ed08c3278>

Resampling

The suggested runtime/simulation frequency of SUEWS is 300 s, which usually results a large output and may be
over-weighted for storage and analysis. Also, you may feel apparent slowdown in producing the above figure as a large
amount of data were used for the plotting. To slim down the result size for analysis and output, we can resample
the default output very easily.

rsmp_1ld = df_output_suews.loc[grid].resample ('1d")
# daily mean values

df_1d_mean = rsmp_ld.mean ()

# daily sum values

df_1d_sum = rsmp_1ld.sum()

We can then re-examine the above energy balance at hourly scale and plotting will be significantly faster.

# energy balance
ax_output = df_1d_mean\
.loc[:, ['ON', 'QS', '"QE', 'QH', 'QF']11\
.rename (columns=dict_var_disp) \
.plot (
figsize=(10, 3),
title='Surface Energy Balance',
)
ax_output.set_xlabel ('Date')
ax_output.set_ylabel ('Flux ($ \mathrm{w \ m*{-2}}$)")
ax_output.legend()

<matplotlib.legend.Legend at 0x7f8ecl623908>

Then we use the hourly results for other analyses.

1.1. Quickstart of SuPy 11
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# radiation balance
ax_output = df_1d_mean\
.loc[:, ['ON', 'Kdown', 'Kup', 'Ldown', 'Lup']]\
.rename (columns=dict_var_disp) \
.plot (
figsize=(10, 3),
title='Radiation Balance',
)
ax_output.set_xlabel ('Date')
ax_output.set_ylabel ('Flux ($ \mathrm{Ww \ m*{-2}1}$)")
ax_output.legend ()

<matplotlib.legend.Legend at 0x7f8ebl49a0b8>

# water balance
ax_output = df_1d_sum\
.loc[:, ['Rain', 'Irr', 'Evap', 'RO', 'TotCh']]\
.rename (columns=dict_var_disp) \
.plot (
figsize=(10, 3),
title='Surface Water Balance',
)
ax_output.set_xlabel ('Date')
ax_output.set_ylabel ('Water amount (mm) ")
ax_output.legend()

<matplotlib.legend.Legend at 0x7f8ef208bcl8>

Get an overview of partitioning in energy and water balance at monthly scales:

# get a monthly Resampler
df_plot=df_output_suews.loc[grid].copy ()
df_plot.index=df_plot.index.set_names ('Month'")
rsmp_1M = df_plot\

.shift (-1)\

.dropna (how="all")\

.resample ('1IM', kind='period')
# mean values
df_1M _mean = rsmp_1lM.mean ()
# sum values
df_1M_sum = rsmp_1M.sum()

# month names
name_mon = [x.strftime('%$b') for x in rsmp_1M.groups]
# create subplots showing two panels together
fig, axes = plt.subplots (2, 1, sharex=True)
# surface energy balance
df_1M mean\
.loc[:, ['ON', 'QS', 'QE', 'QH', 'QF']l1\
.rename (columns=dict_var_disp) \
.plot (
ax=axes[0], # specify the axis for plotting
figsize=(10, 6), # specify figure size
title='Surface Energy Balance',
kind='bar',

(continues on next page)
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(continued from previous page)

)
# surface water balance
df_1M_sum\
.loc[:, ['Rain', 'Irr', 'Evap', 'RO', 'TotCh']]\
.rename (columns=dict_var_disp) \
.plot (
ax=axes|[1], # specify the axis for plotting
title='Surface Water Balance',
kind="'bar'

# annotations

axes[0] .set_ylabel ('Mean Flux ($ \mathrm{w \ m*{-2}}S$)")

axes[0] .legend()

axes[1l].set_xlabel ('Month'")

axes[l].set_ylabel ('Total Water Amount (mm) ')

axes[1l].xaxis.set_ticklabels (name_mon, rotation=0)
[

axes[1l].legend()

<matplotlib.legend.Legend at 0x7f8ecl95a9b0>

Output

The supy output can be saved as txt files for further analysis using supy function save_supy.

list_path_save = sp.save_supy (df_output,df_state_final, path_runcontrol=path_
—runcontrol)

for file_out in list_path_save:
print (file_out.name)

Kc98_2012_SUEWS_5.txt
Kc98_2012_snow_5.txt
Kc98_2012_RSL_5.txt
Kc98_2012_DailyState.txt
Kc98_2012_SUEWS_60.txt
Kc98_2012_snow_60.txt
Kc98_2012_RSL_60.txt
InitialConditionsKc98_2013_EndofRun.nml

End of doc/tutorial/quick-start.ipynb

The following section was generated from docs/source/tutorial/impact-studies-parallel.ipynb

1.2 Impact Studies Using SuPy

1.2.1 Aim

In this tutorial, we aim to perform sensitivity analysis using supy in a parallel mode to investigate the impacts on
urban climate of

1. surface properties: the physical attributes of land covers (e.g., albedo, water holding capacity, etc.)

1.2. Impact Studies Using SuPy 13
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2. background climate: longterm meteorological conditions (e.g., air temperature, precipitation, etc.)

1.2.2 Prepare supy for the parallel mode
load supy and sample dataset

from dask import delayed

from dask import dataframe as dd
import os

import supy as sp

import seaborn as sns

import pandas as pd

import numpy as np

import matplotlib.pyplot as plt
import matplotlib.dates as mdates
from time import time

import logging
logging.basicConfig ()
logging.getLogger () .setLevel (logging.WARNING)

get_ipython() .run_line_magic('matplotlib', 'inline')

# produce high-quality figures, which can also be set as one of ['svg', 'pdf', 'retina
="', 'png']

# 'svg' produces high quality vector figures

%config InlineBackend.figure_format = 'svg'

# show supy version info

sp.show_version ()

supy: 2019.8.30dev
supy_driver: 2019a4

# load sample datasets

df_state_init, df_forcing = sp.load_SampleData ()

# perform an example run to get output samples for later use
df_output, df_state_final = sp.run_supy (df_forcing, df_state_init)

Paralell setup for supy using dask

Given the nature of impact studies that requires multiple independent models with selected parameters/variables vary-
ing across the setups, such simulations well fall into the scope of so-called *embarrassingly parallel computation*
that is fully supported by dask. Also, as supy is readily built on the data structure pandas.DataFrame,
we can fairly easily transfer it to the dask framework for parallel operations thanks to “dask.dataframe
<http://docs.dask.org/en/latest/dataframe.htmI>‘__, a specialized dataframe extending pandas.DataFrame’s
ability in parallel operations.

JR—)

Prior to version 2019.5, for a given forcing dataset df_forcing, supy would loop over the grids in a
df_state_init to conduct simulations. Since version 2019.5, supy has been using the dask.dataframe
to gain the parallel benefits through its parallelized apply method.

dask.dataframe essentially divides the work into pieces for parallel operations. As such, depending on the
number of processors in your computer, it would be more efficient to set the partition number as the multipliers
of CPU numbers.
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import platform
import psutil
list_info=['machine', 'system', 'mac_ver', 'processor']
for info in list_info:

info_x=getattr (platform, info) ()

print (info, ':',info_x)
cpu_count=psutil.cpu_count ()
print ('number of CPU processors:', cpu_count)
mem_size=psutil.virtual_memory ().total/1024%%3
print ('memory size (GB) :',mem_size)

machine : x86_64

system : Darwin

mac_ver : ('10.14.6', ('', '', ''), 'x86_64")
processor : 1386

number of CPU processors: 12

memory size (GB): 32.0

To demonstrate the parallelization, we simply duplicate the contents in df_state_init to make it seemingly large.
Note we intentionally choose 24 as the number for copies to accompany the power of CPU.

Before we move on to the parallel mode, we perform a simulation in the traditional serial way to see the baseline
performance.

Baseline serial run

# just run for 30 days
df_forcing_part = df_forcing.iloc[:288%30]
df_state_init_mgrids = df_state_init.copy ()
# construct a multi-grid "df_state_init’
for i in range(24-1):
df_state_init_mgrids = df_state_init_mgrids.append (
df_state_init, ignore_index=True)
# perform a serial run
t0 = time ()
for i in range (24-1):
xxX = sp.run_supy (df_forcing part, df_state_init_mgrids.iloc[[i]])
tl = time ()
t_ser = tl-t0
logging.warning (f'Execution time: {t_ser:.2f} s')

WARNING:root:Execution time: 7.61 s

Parallel run

# parallel run is enabled in supy by default

t0 = time ()
xx = sp.run_supy (df_forcing part, df_state_init_mgrids)
tl = time ()

t_par = tl1-t0
logging.warning (f'Execution time: {t_par:.2f} s')

WARNING:root:Execution time: 4.13 s

1.2. Impact Studies Using SuPy 15
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Benchmark test

Note: this test may take a considerably long time depending on the machine performance

# different running length
list_sim_len = [
day * 288 for day im [30, 90, 120, 150, 180, 270, 365, 365 x 2, 365 x 3]

# number of test grids
n_grid = 12

# construct a multi-grid "df_state init’
df_state_init_m = df_state_init.copy ()
for i in range(n_grid - 1):
df_state_init_m = df_state_init_m.append(df_state_init, ignore_index=True)

# construct a longer df forcing ' for three years

df_forcing m = pd.concat ([df_forcing for i in range(3)])

df_forcing m.index = pd.date_range (df_forcing.index[0],
freg=df_forcing.index. freq,
periods=df_forcing_m.index.size)

dict_time_ser = dict ()
dict_time_par = dict ()
for sim _len in list_sim_len:
df_forcing _part = df_forcing m.iloc[:sim_len]
logging.warning (f'Sim days: {sim_len / 288}"')
logging.warning (f'No. of grids: {df_state_init_m.shape[0]}")
# serial run
logging.warning('serial:")
t0 = time ()
for i in range (df_state_init_m.shape[0]):
sp.run_supy (df_forcing part, df_state_init_m.iloc[[i]])
tl = time ()
t_test = tl1l - tO0
logging.warning (f'Execution time: {t_test:.2f} s')

dict_time_ser.update({sim_len: t_test})

# parallel run

logging.warning ('parallel:")

t0 = time ()

sp.run_supy (df_forcing_part, df_state_init_m)

tl = time ()

t_test = tl - tO

logging.warning (f'Execution time: {t_test:.2f} s\n')

dict_time_par.update ({sim_len: t_test})

WARNING:root:Sim days: 30.0
WARNING:root:No. of grids: 12
WARNING:root:serial:
WARNING:root:Execution time: 4.07 s
WARNING:root:parallel:
WARNING:root:Execution time: 2.17 s

WARNING:root:Sim days: 90.0
(continues on next page)
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WARNING:
WARNING:
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:No. of grids: 12
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root:
:No. of grids: 12
:serial:

Execution time: 13.29 s
:parallel:
Execution time: 5.80 s
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root:
:No. of grids: 12
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:No. of grids: 12
root:
root:

serial:

Execution time: 8.99 s
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Execution time: 4.07 s

Sim days: 120.0

serial:

Execution time: 10.88 s
:parallel:

root :Execution time: 5.08 s

Sim days: 150.0

Sim days: 180.0

:No. of grids: 12
root:
:Execution time: 15.47 s
:parallel:
Execution time: 6.70 s

serial:
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(continued from previous page)
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df_benchmark = pd.DataFrame ([
dict_time_par,
dict_time_ser])\
.transpose () \
.rename (columns={0: 'parallel', 1: 'serial'})
idx_bmk = (df_benchmark.index / 288) .astype (int)
df_benchmark.index = idx_bmk.set_names ('Length of Simulation Period

# calculate execution time ratio between parallel and serial runs
ser_ratio = df_benchmark|['parallel'] / df_benchmark['serial']
df_benchmark = df_benchmark.assign (ratio=ser_ratio)\

.rename (columns={'ratio': 'ratio (=p/s, right) '})

# show executation times and ratio on plot

ax = df_benchmark.plot (secondary_y='ratio (=p/s, right)',
marker='o"',
fillstyle="'none')

ax.set_ylabel ('Execution Time (s) ')

lines = ax.get_lines () + ax.right_ax.get_lines()
ax.legend(lines, [l.get_label() for 1 in lines], loc='best')

ax.right_ax.set_ylabel ('Execution Ratio (=p/s)', color='C2")
ax.right_ax.spines['right'].set_color('C2")
ax.right_ax.tick_params (axis='y', colors='C2")

1.2.3 Surface properties: surface albedo
Examine the default albedo values loaded from the sample dataset

df_state_init.alb

ind_dim (0,) (1,) (2,) (3,) (4,) (5,) (6,)
grid
98 0.12 0.15 0.12 0.18 0.21 ©0.21 0.1

Copy the initial condition bataFrame to have a clean slate for our study

Note: DataFrame.copy () defaults to deepcopy

df_state_init_test = df_state_init.copy ()

Set the B1dg land cover to 100% for this study

df_state_init_test.sfr = 0
df_state_init_test.loc[:, ('sfr', '"(1,)")] = 1
df_state_init_test.sfr

(day) ")

18
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ind_dim (0,) (1,) (2,) (3,) (4,) (5,) (6,)
grid
98 0 1 0 0 0 0 0

Construct a df_state_init_x dataframe to perform supy simulation with specified albedo

# create a 'df_state _init_x' with different surface properties

n_test = 48

list_alb_test = np.linspace (0.1, 0.8, n_test) .round(2)

df_state_init_x = df_state_init_test.append(
[df_state_init_test]«* (n_test-1), ignore_index=True)

# here we modify surface albedo
df_state_init_x.loc[:, ('alb', '"(1,)'")] = list_alb_test

Conduct simulations with supy

df_forcing_part = df_forcing.loc['2012 01':'2012 07"']
df_res_alb_test,df_state_final_x = sp.run_supy (df_forcing part, df_state_init_x)

Examine the simulation results

# choose results of July 2012 for analysis
df_res_alb_test_july=df_res_alb_test.SUEWS.unstack(0).loc['2012 7'"]
df_res_alb_T2_stat = df_res_alb_test_july.T2.describe ()
df_res_alb_ T2 diff = df_res_alb_T2 stat.transform(

lambda x: x - df_res_alb T2 stat.iloc[:, 01)
df_res_alb_T2_diff.columns = list_alb_test-list_alb_test[0]

ax_temp_diff = df_res_alb_T2_diff.loc[['max', 'mean', 'min']].T.plot ()
ax_temp_diff.set_ylabel ('$\Delta T_2$ ($"{\circ}}$C)")
ax_temp_diff.set_xlabel (r'S\Delta\alpha$')

ax_temp_diff.margins (x=0.2, y=0.2)

Why a bi-linear Aae — AT ,,,,,; relationship?

Although the relations for mean and minimum 75 demonstrate single linear patterns, the one for maximum 75, inter-
estingly, consists of two linear sections.

df_t2=df_res_alb_test_july.T2
df_t2.columns=1list_alb_test

df_t2.idxmax () .unique ()

array (['2012-07-25T13:35:00.000000000"', '2012-07-25T15:30:00.000000000"7,
dtype='datetime64[ns]")
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By looking into the peaking times of 1% 44, We see a shift in the peaking times from 13:35 to 15:30 on 2012-07-25
as albedo increases. Taking the two ending cases, a = 0.1 and a = 0.8, we see diurnal cycles of T5 evolves according
to the albedo: peak is delayed as albedo increases.

df_t2.loc['2012-07-25"].1iloc[:, [0,-1]].plot ()

<matplotlib.axes._subplots.AxesSubplot at 0x7£9630da73c8>

Furthermore, when the Ao — ATy relations at the two peaking times are shown below, we can see the bi-linear
relation based on the T5 ;,,4, values for the July 2012 is actually composed of two linear relations at different times
under different peaking scenarios.

ax_t2_max=df_t2.loc['2012-07-25 13:35':'2012-07-25 15:30"'].iloc[[0,-1]].T.plot ()
ax_t2_max.set_xlabel (r'S\alphas$’')
ax_t2_max.set_ylabel ('$T_{2,max}$ ($"{\circ}}$C)")

Text (0, 0.5, 'ST {2,max}$ ($*{\\circ}}s$c)")

1.2.4 Background climate: air temperature
Examine the monthly climatology of air temperature loaded from the sample dataset

df_plot = df_forcing.Tair.iloc[:-1].resample('lm') .mean ()
ax_temp = df_plot.plot.bar(color="tab:blue')
ax_temp.set_xticklabels (df_plot.index.strftime('%b'))
ax_temp.set_ylabel ('Mean Air Temperature ($”\degrees$C)')
ax_temp.set_xlabel ('Month'")

ax_temp

<matplotlib.axes._subplots.AxesSubplot at 0x7£9630d7f668>

Construct a function to perform parallel supy simulation with specified diff_airtemp_test: the
difference in air temperature between the one used in simulation and loaded from sample dataset.

Note: forcing data ‘‘df forcing‘‘ has different data structure from ‘‘df state_init*‘; so we need to modify
“run_supy_mgrids‘‘ to implement a ‘‘run_supy_mclims‘‘ for different climate scenarios

Let’s start the implementation of run_supy_mclims with a small problem of four forcing groups (i.e., climate
scenarios), where the air temperatures differ from the baseline scenario with a constant bias.

# save loaded sample datasets
df_forcing_part_test = df_forcing.loc['2012 1':'2012 7'].copy()
df_state_init_test = df_state_init.copy()

# create a dict with four forcing conditions as a test
n_test = 4
list_TairDiff test = np.linspace (0., 2, n_test).round(2)
dict_df_forcing_x = {

tairdiff: df_forcing part_test.copy ()

for tairdiff in list_TairDiff_test}
for tairdiff in dict_df_forcing x:

(continues on next page)
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(continued from previous page)

dict_df_forcing_x[tairdiff].loc[:, 'Tair'] += tairdiff

dd_forcing x = {
k: delayed(sp.run_supy) (df, df_state_init_test) [0]
for k, df in dict_df_ forcing x.items ()}

df_res_tairdiff test0 = delayed(pd.concat) (
dd_forcing_x,
keys=1list_TairDiff_ test,
names=["'tairdiff'],

# test the performance of a parallel run

t0 = time ()

df_res_tairdiff test = df_res_tairdiff testO\
.compute (scheduler="threads') \
.reset_index ('grid', drop=True)

tl = time ()

t_par = t1 - tO0

print (f'Execution time: {t_par:.2f} s')

Execution time: 6.83 s

# function for multi-climate ‘run_supy’
# wrapping the above code into one
def run_supy_mclims (df_state_init, dict_df_forcing mclims) :
dd_forcing_x = {
k: delayed(sp.run_supy) (df, df_state_init_test) [0]
for k, df in dict_df_forcing x.items ()}
df_output_mclims0 = delayed (pd.concat) (
dd_forcing_x,
keys=1list (dict_df_forcing_x.keys()),

names=['clm'],
) .compute (scheduler="threads")
df_output_mclims = df_output_mclimsO.reset_index('grid', drop=True)

return df_output_mclims

Construct dict_df_forcing_x with multiple forcing DataFrames

# save loaded sample datasets
df_forcing_part_test = df_forcing.loc['2012 1':'2012 7'].copy()
df_state_init_test = df_state_init.copy ()

# create a dict with a number of forcing conditions
n_test = 24 # can be set with a smaller value to save simulation time
list_TairDiff_test = np.linspace(0., 2, n_test).round(2)
dict_df_forcing x = {

tairdiff: df_forcing_ part_test.copy ()

for tairdiff in list_TairDiff test}
for tairdiff in dict_df_forcing x:

dict_df_forcing x[tairdiff].loc[:, 'Tair'] += tairdiff

1.2. Impact Studies Using SuPy 21



[25]:

[26]:

SuPy Documentation, Release 2020.3.18

Perform simulations

# run parallel simulations using run_supy_mclims’

t0 = time ()
df_airtemp_test_x = run_supy_mclims (df_state_init_test, dict_df_forcing_x)
tl = time ()

t_par = tl1-t0
print (f'Execution time: {t_par:.2f} s')

Execution time: 38.52 s

Examine the results

df_airtemp_test = df_airtemp_test_x.SUEWS.unstack (0)
df_temp_diff=df_airtemp_test.T2.transform(lambda x: x - df_airtemp_test.T2[0.0])
df_temp_diff_ ana=df_temp_diff.loc['2012 7']

df_temp_diff_ stat=df_temp_diff_ ana.describe().loc[['max', 'mean', 'min']].T

ax_temp_diff stat=df_temp_diff_ stat.plot ()
ax_temp_diff_stat.set_ylabel ('S\\Delta T_2$ ($~{\\circ}}sSC)")
ax_temp_diff_stat.set_xlabel ('$\\Delta T_{a}$ ($"{\\circ}}s$C)")
ax_temp_diff stat.set_aspect ('equal')

The T5 results indicate the increased T, has different impacts on the T metrics (minimum, mean and maximum) but
all increase linearly with 7. The maximum 75 has the stronger response compared to the other metrics.

End of doc/tutorial/impact-studies—-parallel.ipynb

The following section was generated from docs/source/tutorial/external-interaction.ipynb

1.3 Interaction between SuPy and external models

1.3.1 Introduction

SUEWS can be coupled to other models that provide or require forcing data using the SuPy single timestep running
mode. We demonstrate this feature with a simple online anthropogenic heat flux model.

Anthropogenic heat flux () is an additional term to the surface energy balance in urban areas associated with
human activities (Gabey et al., 2018; Grimmond, 1992; Nie et al., 2014; 2016; Sailor, 2011). In most cities, the largest
emission source is from buildings (Hamilton et al., 2009; Iamarino et al., 2011; Sailor, 2011) and is high dependent on
outdoor ambient air temperature.

load necessary packages

import supy as sp
import pandas as pd
import numpy as np
import matplotlib.pyplot as plt
import matplotlib.dates as mdates
import seaborn as sns
(continues on next page)
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$matplotlib inline

# produce high-quality figures, which can also be set as one of ['svg', 'pdf', 'retina
="', 'png']

# 'svg' produces high quality vector figures

from IPython.display import set_matplotlib_formats

set_matplotlib_formats ('svg')

sp.show_version ()

supy: 2019.8.30dev
supy_driver: 2019a4

run SUEWS with default settings

# load sample run dataset

df_state_init, df_forcing = sp.load_SampleData ()
df_state_init_def=df_state_init.copy ()

# set QF as zero for later comparison
df_forcing_def=df_forcing.copy ()
grid=df_state_init_def.index[0]
df_state_init_def.loc[:, 'emissionsmethod']=0
df_forcing_def['gf']=0

# run supy

df_output, df_state = sp.run_supy(df_forcing_def, df_state_init_def)
df_output_def = df_output.loc[grid, 'SUEWS']

INFO:root:All cache cleared.
INFO:root:
INFO:root:Simulation period:

INFO:root: Start: 2012-01-01 00:05:00
INFO:root: End: 2013-01-01 00:00:00
INFO:root:

INFO:root:No. of grids: 1

INFO:root:SuPy is running in serial mode
INFO:root:Execution time: 3.0 s
INFO:root:

df_output_def.columns

Index (['Kdown', 'Kup', 'Ldown', 'Lup', 'Tsurf', 'ON', 'QF', 'QS', 'QH', 'QE',
'QHlumps', 'QElumps', 'QHresis', 'Rain', 'Irr', 'Evap', 'RO', 'TotCh',
'SurfCh', 'State', 'NWtrState', 'Drainage', 'SMD', 'FlowCh', 'AddWater',
'ROS0il', 'ROPipe', 'ROImp', 'ROVeg', 'ROWater', 'WUInt', 'WUEveTr',
'WUDecTr', 'WUGrass', 'SMDPaved',6 'SMDBldgs', 'SMDEveTr', 'SMDDecTr',
'SMDGrass', 'SMDBSoil', 'StPaved', 'StBldgs', 'StEveTr', 'StDecTr',
'StGrass', 'StBSoil', 'StWater', 'Zenith', 'Azimuth', 'AlbBulk', 'Fcld',
'Al', 'zOm', 'zdm', 'UStar', 'Lob', 'RA', 'RS', 'Fc', 'FcPhoto',
'FcRespi', 'FcMetab', 'FcTraff', 'FcBuild', 'FcPoint', 'QONSnowFr',
'ONSnow', 'AlbSnow', 'OM', 'QMFreeze', 'QOMRain', 'SWE', 'MeltWater',
'MeltWStore', 'SnowCh', 'SnowRPaved', 'SnowRBldgs', 'Ts', 'T2', 'Q2',
'Ul0', 'RH2'],

dtype='object', name='var')

1.3.2 a simple QF model: QF _simple
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model description

For demonstration purposes we have created a very simple model instead of using the SUEWS Q r (Jarvi et al. 2011)
with feedback from outdoor air temperature. The simple @) r model considers only building heating and cooling:

(1} —-Ikﬂ x Cg, Ty > T¢

Qr =
Qro

(7}{—-75)X Hp, To < Ty

where To (1) is the cooling (heating) threshold temperature of buildings, g () is the building cooling (heating)
rate, and g is the baseline anthropogenic heat. The parameters used are: « (z) set as 20 °C (10 °C), g (p) setas 1.5

Wm 2K !'GWm 2K ) and Qpg is set as 0 W m 2

, implying other building activities (e.g. lightning, water

heating, computers) are zero and therefore do not change the temperature or change with temperature.

implementation

: def QF_simple (T2) :

gf_cooling = (T2-20)+5 if T2 > 20 else 0
gf_heating =
gf_res = np.max([gf_heating,

return gf_res

Visualise the QF _simple model:

ser_temp = pd.Series(np.arange (-5, 45,
index=np.arange (-5,

0.5),
45,
ser_gf_heating =
r'heating:$(T_H-T_a)
ser_gf_cooling =
r'cooling:
ser_qgf_zero =
df_temp_qgf =

\times H_BS$')
S(T_a-T_C) \times C_BS$')

pd.concat ([ser_temp,

(10-T2)*x10 if T2 < 10 else O

ser_temp.loc[10:20] .map (QF_simple) .rename ('baseline:
ser_qgf_cooling,

gf_cooling])*0.3

0.5)) .rename ('temp_C")

ser_temp.loc[-5:10] .map (QF_simple) . rename (

ser_temp.loc[20:45] .map (QF_simple) .rename (

$Q_{FO}$")

ser_gf_heating, ser_gf_zero],

axis=1) .set_index ('temp_C"')

ax_qgf_func = df_temp_qgf.plot ()
ax_qgf_func.set_xlabel ('ST_2S$ ($"\circ$C)")
ax_qgf_func.set_ylabel ('SQO_FS$
ax_qgf_func.legend(title="'simple S$SQ_FS$')
ax_qgf_func.annotate (
SN E SR
xy=(20, 0),
xycoords="data',
xytext=(25, 5),
textcoords="'data',
arrowprops=dict (
arrowstyle="->",
color="0.5",
shrinkA=5,
shrinkB=5,
patchA=None,
patchB=None,
connectionstyle='arc3',

)y

ax_qgf_func.annotate (
"$T_H$ll,

($ \mathrm{Ww \ m~{-2}}$)")

(continues on next page)
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(continued from previous page)

xy=(10, 0),

xycoords="'data',

xytext=(5, 5),

textcoords="'data',

arrowprops=dict (
arrowstyle="->",
color="0.5",
shrinkA=5,
shrinkB=5,
patchA=None,
patchB=None,
connectionstyle='arc3',

) 4

)

ax_qgf_func.annotate (
"slope: S$C_BS",
xy= (30, QF_simple (30)),
xycoords="data',
xytext=(20, 20),
textcoords="data',
arrowprops=dict (
arrowstyle="->",
color="0.5",
shrinkA=5,
shrinkB=5,
patchA=None,
patchB=None,
connectionstyle='arc3, rad=0.3"',
) s
)
ax_qgf_func.annotate (
"slope: S$H_BS",
xy=(5, QF_simple(5)),
xycoords="data',
xytext=(10, 20),
textcoords="'data',
arrowprops=dict (
arrowstyle="->",
color="0.5",
shrinkA=5,
shrinkB=5,
patchA=None,
patchB=None,
connectionstyle='arc3, rad=-0.3",
)I

)
ax_qgf_func.plot (10, 0, 'o', color='Cl', fillstyle='none')
_ = ax_gf_func.plot (20, 0, 'o', color='C0', fillstyle='none')

1.3.3 communication between supy and QF_simple

construct a new coupled function

The coupling between the simple Q) r model and SuPy is done via the low-level function suews_cal_tstep, which
is an interface function in charge of communications between SuPy frontend and the calculation kernel. By setting
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SuPy to receive external ) as forcing, at each timestep, the simple () r model is driven by the SuPy output 7% and
provides SuPy with @)z, which thus forms a two-way coupled loop.

# load extra low-level functions from supy to construct interactive functions
from supy. post import pack_df_output, pack_df_state
from supy._ run import suews_cal_tstep, pack_grid _dict

def run_supy_qgf (df_forcing_test, df_state_init_test):
grid = df_state_init_test.index[0]
df_state_init_test.loc[grid, 'emissionsmethod'] = 0

df_forcing_test = df_forcing_test\

.assign(
metforcingdata_grid=0,
tsbmindata_ir=0,

)\

. rename (
# remanae is a workaround to resolve naming inconsistency between
# suews fortran code interface and input forcing file hearders
columns={

'S+ 'iy': 'iy',
'id': 'id’',

it': 'it',

'imin': 'imin',
'gn': 'gnl_obs',
'gh': 'gh_obs',
'ge': 'ge',

'gs': 'gs_obs',
'gf': 'gf_obs',

'u': 'avul',

'RH': 'avrh',
'Tair': 'temp_c',
'pres': 'press_hpa',
'rain': 'precip',
'kdown': 'avkdn',
'snow': 'snowfrac_obs',
'ldown': 'ldown_obs',
'fcld': 'fcld _obs',
'Wuh': 'wu_m3',
'xsmd': 'xsmd',
'lai': 'lai_obs',
'kdiff': 'kdiff',
'kdir': 'kdir',
'wdir': 'wdir',

t2_ext = df_forcing_test.iloc[0].temp_c
gf_ext = QF_simple (t2_ext)

# initialise dicts for holding results
dict_state = {}
dict_output = {}

# starting tstep
t_start = df_forcing_test.index[0]
# convert df to dict with ‘itertuples’ for better performance

(continues on next page)
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(continued from previous page)

dict_forcing = {

row.Index: row._asdict ()

for row in df_forcing_test.itertuples|()
}
# dict_state 1is used to save model states for later use
dict_state = {(t_start, grid): pack_grid_dict (series_state_init)

for grid, series_state_init in df_state_init_test.iterrows ()}

# just use a single grid run for the test coupling
for tstep in df_forcing_test.index:
# load met forcing at ‘tstep’
met_forcing_tstep = dict_forcing[tstep]
# inject "gf_ext’ to "met_forcing_ tstep’
met_forcing_tstep['gf_obs'] = gf_ext

# update model state
dict_state_start = dict_state[ (tstep, grid)]

dict_state_end, dict_output_tstep = suews_cal_tstep(
dict_state_start, met_forcing_tstep)

# the fourth to the last is 'T2 ' stored in the result array

t2_ext = dict_output_tstep['dataoutlinesuews'] [-4]

gf_ext = QF_simple (t2_ext)

dict_output.update ({ (tstep, grid): dict_output_tstep})
dict_state.update ({ (tstep + tstep.freq, grid): dict_state_end})

# pack results as easier DataFrames

df_output_test = pack_df_output (dict_output) .swaplevel (0, 1)
df_state_test = pack_df_state(dict_state) .swaplevel (0, 1)
return df_output_test.loc[grid, 'SUEWS'], df_state_test

simulations for summer and winter months
The simulation using SuPy coupled is performed for London 2012. The data analysed are a summer (July) and a

winter (December) month. Initially @ is 0 W m~2 the T is determined and used to determine Q Fp1) Which in turn
modifies T5(;] and therefore modifies @ p[2) and the diagnosed T5[y).

spin-up run (January to June) for summer simulation

df_output_june, df_state_jul = sp.run_supy (
df_forcing.loc[:'2012 6'], df_state_init)
df_state_jul_init = df_state_jul.reset_index('datetime', drop=True) .iloc[[-11]]

INFO:root:
INFO:root:Simulation period:

INFO:root: Start: 2012-01-01 00:05:00
INFO:root: End: 2012-06-30 23:55:00
INFO:root:

INFO:root:No. of grids: 1

INFO:root:SuPy is running in serial mode
INFO:root:Execution time: 1.6 s
INFO:root:
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spin-up run (July to October) for winter simulation

df_output_oct, df_state_dec = sp.run_supy (
df_forcing.loc['2012 7':'2012 11'], df_state_jul_init)
df_state_dec_init df_state_dec.reset_index ('datetime', drop=True).iloc[[-1]]

INFO:root :======= ===
INFO:root:Simulation period:

INFO:root: Start: 2012-07-01 00:00:00
INFO:root: End: 2012-11-30 23:55:00
INFO:root:

INFO:root:No. of grids: 1

INFO:root:SuPy is running in serial mode
INFO:root:Execution time: 1.3 s
INFO:root:

coupled simulation

df_output_test_summer, df_state_summer_test = run_supy_dgf (
df_forcing.loc['2012 7'], df_state_jul_init.copy())

df_output_test_winter, df_state_winter_test = run_supy_qgf (
df_forcing.loc['2012 12'], df_state_dec_init.copy())

examine the results

sumer

var = 'QF'

var_label = 'SQ_F$ ($ \mathrm{Ww \ m*{-2}1}9$)"
var_label_right = '$\Delta Q_F$ ($ \mathrm{w \ m*{-2}}$)"
period = '2012 7'

df_test = df_output_test_summer

yl = df_test.loc[period, var].rename ('gf_simple')

y2 = df_output_def.loc[period, var].rename ('suews')

y3 (yl-y2) .rename ('diff")

df_plot = pd.concat ([yl, y2, y3], axis=1)

ax = df_plot.plot (secondary_y="'diff")

ax.set_ylabel (var_label)

# sns.lmplot (data=df _plot,x='qgf simple',y='diff')
ax.right_ax.set_ylabel (var_label_right)

lines = ax.get_lines () + ax.right_ax.get_lines()
ax.legend(lines, [l.get_label() for 1 in lines], loc='best')

<matplotlib.legend.Legend at 0x7fa3853clb00>

var = 'T2"

var_label = 'ST_2$ ($*{\circ}sC)'
var_label_right = '$\Delta T_2$ ($"{\circ}sC)"'
period = '2012 7'

df_test = df_output_test_summer

(continues on next page)
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(continued from previous page)

yl = df_test.loc[period, var].rename ('gf_simple')
y2 = df_output_def.loc[period, var].rename ('suews')
y3 = (yl-y2) .rename('diff'")

df_plot = pd.concat ([yl, y2, y3], axis=1)

ax = df_plot.plot (secondary_y="'diff")

ax.set_ylabel (var_label)

ax.right_ax.set_ylabel (var_label_right)

lines = ax.get_lines () + ax.right_ax.get_lines()
ax.legend(lines, [l.get_label() for 1 in lines], loc='best')

<matplotlib.legend.Legend at 0x7fa3852ccb70>

winter

var = 'QF'

var_label = 'S$SQ FS$ ($ \mathrm{w \ m*{-2}}$)"'
var_label_right = '$\Delta Q_F$ ($ \mathrm{w \ m*{-2}}$)"
period = '2012 12'

df_test = df_output_test_winter

vyl df_test.loc[period, var].rename('gf_ simple')
y2 df_output_def.loc([period, var].rename ('suews')
y3 = (yl-y2).rename ('diff")

df_plot = pd.concat([yl, y2, y3], axis=l)

ax = df_plot.plot (secondary_y="diff")

ax.set_ylabel (var_label)

# sns.lmplot (data=df _plot,x="'qgf simple',y="'diff"')
ax.right_ax.set_ylabel (var_label_right)

lines = ax.get_lines() + ax.right_ax.get_lines()
ax.legend(lines, [l.get_label() for 1 in lines], loc='best')

<matplotlib.legend.Legend at 0x7fa3852cc0b8>

var = 'T2'

var_label = 'ST _2$ ($~{\circ}$C)"

var_label_right = '$\Delta T_2$ ($"{\circ}$C)"
period = '2012 12"

df_test = df_output_test_winter

yl = df_test.loc[period, var].rename('gf_simple')
y2 = df_output_def.loc[period, var].rename ('suews')
y3 = (yl-y2).rename ('diff")

df_plot = pd.concat([yl, y2, y3], axis=l)

ax = df_plot.plot (secondary_y="diff")

ax.set_ylabel (var_label)

ax.right_ax.set_ylabel (var_label_right)

lines = ax.get_lines () + ax.right_ax.get_lines()

ax.legend(lines, [l.get_label() for 1 in lines], loc='center right')

<matplotlib.legend.Legend at 0x7fa2d0e6£940>
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comparison in AQ -AT?2 feedback between summer and winter

# filter results using “where' to choose periods when

# (i.e. activated by outdoor air temperatures)

df_diff summer = (df_output_test_summer - df_output_def)\
.where (df_output_def.T2 > 20, np.nan)\
.dropna (how="all', axis=0)

df_diff winter = (df_output_test_winter - df_output_def)\

.where (df_output_test_winter.T2 < 10, np.nan)\

.dropna (how="all', axis=0)

set_matplotlib_formats ('svg')
# set_matplotlib formats ('retina')
df_diff_ season = pd.concat ([
df_diff_winter.assign (season='winter'),
df_diff_ summer.assign (season="'"summer'),
1) .1loc[:, ['season', 'QF', 'T2']]
g = sns.lmplot (
data=df_diff_ season,
x="QF",
y="'T2",
hue='season',
height=4,
truncate=False,
markers="'o"
legend_out=False,
scatter_kws={
's': 1,
'zorder': O,
'alpha': 0.8,
by
line_kws={
'zorder': 6,
'linestyle': "'—-='
}I
)

g.set_axis_labels(

'$S\Delta Q_F$ ($ \mathrm{Ww \ m*{-2}}%)",

"$\Delta T_2$ ($"{\circ}s$C)',
)
g.ax.legend (markerscale=4)
g.despine (top=False, right=False)

<seaborn.axisgrid.FacetGrid at 0x7fa35b350748>

‘QF simple’

is effective

The above figure indicate a positive feedback, as Q) is increased there is an elevated 75 but with different magnitudes
given the non-linearlity in the SUEWS modelling system. Of particular note is the positive feedback loop under warm
air temperatures: the anthropogenic heat emissions increase which in turn elevates the outdoor air temperature causing
yet more anthropogenic heat release. Note that London is relatively cool so the enhancement is much less than it

would be in warmer cities.

End of doc/tutorial/external-interaction.ipynb
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The following section was generated from docs/source/tutorial /AMF-sim.ipynb

1.4 Modelling Surface Energy Balance at an AmeriFlux Site Using
SuPy

This tutorial aims to demonstrate how to use an advanced land surface model (SuPy, SUEWS in Python) to better
understand the surface energy balance (SEB) features by conducting simulation at an AmeriFlux site. This would be
particularly useful after building your own model: as you will learn how sophisticated models could be developed
from those simpler ones.

SuPy is a Python-enhanced urban climate model with SUEWS, *Surface Urban Energy and Water Balance Scheme*,
as its computation core. More SuPy tutorials are available here.

In this tutorial the workflow to model the surface energy balance (SEB) at a chosen AmeriFlux (AMF) site using
SuPy/SUEWS is undertaken. The steps, consist of

1. Preparing the input data;
2. Running a simulation;

3. Examination of results; and
4. Further exploration

Before starting, you need to install SuPy and load the following necessary packages.

pip install supy==2019.11.18.dev0

# !pip install supy==2019.11.18.dev0 &> install.log

: import matplotlib.pyplot as plt

import supy as sp
import pandas as pd
import numpy as np

from pathlib import Path
$matplotlib inline

: %load _ext autoreload

%autoreload 2

: sp.show_version ()

supy: 2019.11.18dev
supy_driver: 2019al8

1.4.1 Prepare input data
Overview of SuPy input

Load sample data:

To ease the preparation of model input, a helper function 1oad_SampleData is provided to get the sample input
for SuPy simulations, which will later be used as template to populate your specific model configurations and forcing
input.
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df_state_init, df_forcing = sp.load_SampleData ()

2019-11-22 09:16:28,573 —— SuPy —— INFO —-- All cache cleared.

df state_init

df_state_init includes model Initial state consisting of:

* surface characteristics (e.g., albedo, emissivity, land cover fractions, etc.; full details refer to SUEWS documen-
tation).

* model configurations (e.g., stability; full details refer to SUEWS documentation).
Detailed description of variables in df_state_init refers to SuPy input.

* Surface land cover fraction information in the sample input dataset:

df_state_init.filter (like='"sfr'")

l: var sfr
ind_dim (0,) (1,) (2,) (3,) (4,) (5,) (6,)
grid
98 0.43 0.38 0.001 0.019 0.029 0.001 ©0.14

 Heights of bluff-bodies (m):

df_state_init.loc[:, ['bldgh', 'evetreeh', 'dectreeh']]

]: var bldgh dectreeh evetreeh
ind_dim 0 0 0
grid
98 22.0 13.1 13.1
df_forcing

df_forcing includes meteorological and other external forcing information.
Detailed description of variables in df_forcing refers to SuPy input.

Below is a view of heading lines of the forcing variables.

df_forcing.head()

iy 4id it imin an gh ge gs gf \
2012-01-01 00:05:00 2012 1 0 5 -999.0 -999.0 -999.0 -999.0 -999.0
2012-01-01 00:10:00 2012 1 0 10 -999.0 -999.0 -999.0 -999.0 -999.0
2012-01-01 00:15:00 2012 1 0 15 -999.0 -999.0 -999.0 -999.0 -999.0
2012-01-01 00:20:00 2012 1 0 20 =999.0 -999.0 -999.0 -999.0 -999.0
2012-01-01 00:25:00 2012 1 0 25 -999.0 -999.0 -999.0 -999.0 -999.0
U snow ldown fcld Wuh xsmd lai \
2012-01-01 00:05:00 4.5225 ... =999.0 -999.0 -999.0 -999.0 -999.0 -999.0
2012-01-01 00:10:00 4.5225 ... =999.0 -999.0 -999.0 -999.0 -999.0 -999.0
2012-01-01 00:15:00 4.5225 ... =-999.0 -999.0 -999.0 -999.0 -999.0 -999.0
2012-01-01 00:20:00 4.5225 ... =999.0 -999.0 -999.0 -999.0 -999.0 -999.0
2012-01-01 00:25:00 4.5225 ... =999.0 -999.0 -999.0 -999.0 -999.0 -999.0

(continues on next page)
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kdiff kdir wdir isec

2012-01-01 00:05:00 -999.0 -999.0 -999.0 0.0
2012-01-01 00:10:00 -999.0 -999.0 -999.0 0.0
2012-01-01 00:15:00 -999.0 -999.0 -999.0 0.0
2012-01-01 00:20:00 -999.0 -999.0 -999.0 0.0
2012-01-01 00:25:00 -999.0 -999.0 -999.0 0.0

[5 rows x 25 columns]

Site-specific configuration of surface parameters

(continued from previous page)

Given pandas.DataFrame as the core data structure of SuPy, all operations, including modification, output,
demonstration, etc., on SuPy inputs (df_state_init and df_forcing) can be done using pandas-based func-

tions/methods. Please see SuPy quickstart for methods to do so.

Below we will modify several key properties of the chosen site with appropriate values to run SuPy. First, we copy the

df_state_init to have a new DataFrame for manipulation.

df_state_amf = df_state_init.copy ()

# site identifier

name_site = 'US-AR1'

location

# latitude

df_state_amf.loc[:, 'lat']l = 41.37

# longitude

df_state_amf.loc[:, 'lng'] = -106.24
# altitude

df_state_amf.loc[:, 'alt']l] = 611.

land cover fraction

Land covers in SUEWS

# view the surface fraction variable: “sfr’
df_state_amf.loc[:, 'sfr']l] =0
df_state_amf.loc[:, ('sfr', "(4,)")] =1
df_state_amf.loc[:, 'sfr']

ind_dim (0,) (1,) (2,) (3,) (4,) (5,) (6,)
grid
98 0.0 0.0 0.0 0.0 1.0 0.0 0.0
albedo

1.4. Modelling Surface Energy Balance at an AmeriFlux Site Using SuPy
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# we only set values for grass as the modelled site has a single land cover type:,

—grass.

df_state_amf.albmax_grass
df_state_amf.albmin_grass

# initial albedo
df_state_amf.loc]

LAl/phenology

value

.7

df_state_amf.filter (like="lai')

: var laimax
ind_dim (0,) (1
grid
98 5.1 5.
var
ind_dim (3, 0)
grid
98 0.0005

laimin

) (2,) (0,)

(3, 2)

0.0005 0.0005

[1 rows x 25 columns]

'albgrass_id"']

0.19
0.14

= 0.1

(1,) (2,
1.0 1.

laitype
(0,)

0.0

4

)

(1,)

0.

laipower

(0, 0)

0.03

(2,)

0 0.0

# properties to control vegetation phenology
# you can skip the details for and just set them as provided below

# LAI paramters
df_state_amf.loc]|
df_state_amf.loc]
# initial LAT
df_state_amf.loc|

# BaseT
df_state_amf.loc|
# BaseTe
df_state_amf.loc|

# SDDFull
df_state_amf.loc|

# GDDFull
df_state_amf.loc]|

surface resistance

# parameters

:, ('laimax',
:, ('laimin',
:, ('lai_id!',
:, ('baset', '

:, ('basete',

:, ('sddfull',

:, ('gddfull',

df_state_amf.maxconductance =
df_state_amf.gl = 1
df_state_amf.g2 = 104.215
df_state_amf.g3 = 0.424
df_state_amf.g4 = 0.814
df_state_amf.g5 = 36.945
df_state_amf.g6 = 0.025

'(2,)")]

(2,)")]

"(2,)")]

'(2,)")]

'(2,)")]

to model surface resistance
18.7

5

20

-1000

1000

(0, 1) (0, 2) (1, 0) '
0.03 0.03 0.0005
laicalcyes lai_id
0 (0,) (1,) (2,)
1 4.0 1.0 1.6
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measurement height

# height where forcing variables are measured/collected
df_state_amf.z = 2.84

urban feature

# disable anthropogenic heat by setting zero population
df_state_amf.popdensdaytime = 0
df_state_amf.popdensnighttime = 0

check df_state

# this procedure is to double-check proper values are set in “df_state amf’
sp.check_state (df_state_amf)

2019-11-22 09:16:30,954 —- SuPy —-- INFO —-- SuPy is validating "df_state ...
2019-11-22 09:16:31,120 -- SuPy -- INFO -- All checks for "df_state’ passed!

prepare forcing conditions

Here we use the a SuPy utility function read_forcing to read in forcing data from an external file in the format
of SUEWS input. Also note, this read_forcing utility will also resample the forcing data to a proper temporal
resolution to run SuPy/SUEWS, which is usually 5 min (300 s).

load and resample forcing data

# load forcing data from an external file and resample to a resolution of 300 s.

# Note this dataset has been gap-filled.

df_forcing_amf = sp.util.read_forcing('./data/US-AR1_2010_data_60.txt"',
tstep_mod=300)

# this procedure is to double-check proper forcing values are set in 'df_forcing amf’
= sp.check_forcing(df_forcing_amf)

2019-11-22 09:16:32,059 —— SuPy -- INFO -- SuPy is validating “df_forcing ...
2019-11-22 09:16:34,374 —— SuPy —-- ERROR —-- Issues found in “df_forcing :

"kdown® should be between [0, 1400] but "-1.3057500000000002° is found at 2010-01-01_
—00:05:00

The checker detected invalid values in variable kdown: negative incoming solar radiation is found. We then need to
fix this as follows:

# modify invalid values
df_forcing_amf.kdown = df_forcing_amf.kdown.where (df_forcing_amf.kdown > 0, 0)

# check "df_forcing  again
= sp.check_forcing(df_forcing_amf)
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2019-11-22 09:16:34,466 —— SuPy -- INFO -- SuPy is validating “df_forcing ...
2019-11-22 09:16:36,946 —-— SuPy -- INFO -- All checks for "df_forcing  passed!

examine forcing data

We can examine the forcing data:

list_var_forcing = [
'kdown',
'Tair’',
'"RH',
'pres’',
g,
'rain',
]
dict_var_label = {

'kdown': 'Incoming Solar\n Radiation
'"Tair': 'Air Temperature ($”~{\circ}}$C)’',
'RH': r'Relative Humidity (%) ',

'pres': 'Air Pressure (hPa)',

'rain': 'Rainfall (mm)',

'U': 'Wind Speed (m $\mathrm{s"~{-1}}$)"'

}
df_plot_forcing x = df_forcing_amf.loc|:,
—1) .dropna (how="any")

df_plot_forcing = df_plot_forcing_x.resample('lh') .mean ()

($ \mathrm{Ww \ m~{-2}}S)"',

list_var_forcing] .copy () .shift (

df_plot_forcing['rain'] = df_plot_forcing x['rain'].resample('lh') .sum()

axes = df_plot_forcing.plot (
subplots=True,
figsize=(8, 12),
legend=False,

fig = axes[0].figure

fig.tight_layout ()
fig.autofmt_xdate (bottom=0.2, rotation=0,

ha='center')
for ax, var in zip(axes, list_var_forcing):
= ax.set_ylabel (dict_var_label[var])
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1.4.2 Run simulations

Once met-forcing (via df_forcing_amf) and initial conditions (via df_state_amf) are loaded in, we call
sp.run_supy to conduct a SUEWS simulation, which will return two pandas DataFrames: df_output and
df_state_final.
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df_output, df_state_final = sp.run_supy(df_forcing_amf, df_state_amf)

2019-11-22 09:16:40,809 -- SuPy —-- INFO —-

2019-11-22 09:16:40,810 -- SuPy -- INFO -- Simulation period:

2019-11-22 09:16:40,811 —- SuPy -- INFO -- Start: 2010-01-01 00:05:00
2019-11-22 09:16:40,811 -- SuPy —-- INFO —- End: 2011-01-01 00:00:00
2019-11-22 09:16:40,812 —-- SuPy —- INFO —-

2019-11-22 09:16:40,813 -- SuPy -- INFO -- No. of grids: 1

2019-11-22 09:16:40,813 —-- SuPy —-- INFO —-- SuPy 1is running in serial mode
2019-11-22 09:16:54,304 -- SuPy -- INFO -- Execution time: 13.5 s
2019-11-22 09:16:54,305 —— SuPy -- INFO -- ==========

df_output

df_output is an ensemble output collection of major SUEWS output groups, including:

e SUEWS: the essential SUEWS output variables

* DailyState: variables of daily state information

* snow: snow output variables (effective when snowuse = 1setindf_state_init)

e RSL: profile of air temperature, humidity and wind speed within roughness sub-layer.
Detailed description of variables in df_output refers to SuPy output
df_output.columns.levels[0]

Index (['SUEWS', 'snow', 'RSL', 'DailyState'], dtype='object', name='group')

df state final

df_state_final is a DataFrame for holding:

1. all model states if save_state is set to True when calling sp. run_supy and supy may run significantly
slower for a large simulation;

2. or, only the final state if save_state is set to False (the default setting) in which mode supy has a similar
performance as the standalone compiled SUEWS executable.

Entries in df_state_final have the same data structure as df_state_init and can thus be used for other
SUEWS simulations staring at the timestamp as in df_state_final.

Detailed description of variables in df_state_final refers to SuPy output

df_state_final.T.head()

datetime 2010-01-01 00:05:00 2011-01-01 00:05:00

grid 98 98

var ind_dim

ah_min (0,) 15.0 15.0
(1,) 15.0 15.0

ah_slope_cooling (0,) 2.7 2.7
(1,) 2.7 2.7

ah_slope_heating (0,) 2.7 2.7
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1.4.3 Examine results

Thanks to the functionality inherited from pandas and other packages under the PyData stack, compared with the
standard SUEWS simulation workflow, supy enables more convenient examination of SUEWS results by statistics
calculation, resampling, plotting (and many more).

Ouptut structure

df_output is organised with MultiIndex (grid, timestamp) and (group,varaible) as index and
columns, respectively.

df_output.head ()

group

var

grid datetime

98 2010-01-01
2010-01-01
2010-01-01
2010-01-01
2010-01-01

group

var

grid datetime

98 2010-01-01
2010-01-01
2010-01-01
2010-01-01
2010-01-01

group

var

grid datetime

98 2010-01-01
2010-01-01
2010-01-01
2010-01-01
2010-01-01

group

var

grid datetime

98 2010-01-01
2010-01-01
2010-01-01
2010-01-01
2010-01-01

group

var

grid datetime

98 2010-01-01
2010-01-01
2010-01-01
2010-01-01
2010-01-01

00:
00:
00:
00:
00:

00:
00:
00:
00:
00:

00:
00:
00:
00:
00:

00:
00:
00:
00:
00:

00:
00:
00:
00:
00:

05:
10:
15:
20:
25:

05:
10:
15:
20:
25:

05:
10:
15:
20:
25:

05:
10:
15:
20:
25:

05:
10:
15:
20:
25:

00
00
00
00
00

00
00
00
00
00

00
00
00
00
00

00
00
00
00
00

00
00
00
00
00

SUEWS
Kdown Kup
0.0 0.0 265.
0.0 0.0 265.
0.0 0.0 265.
0.0 0.0 265.
0.0 0.0 265.
ON QF
-39.775166 0.0
-39.775166 0.0
-39.775166 0.0
-39.775166 0.0
-39.775166 0.0
DailyState

DensSnow_Paved

NaN
NaN
NaN
NaN
NaN

DensSnow_DecTr

NaN
NaN
NaN
NaN
NaN

DensSnow_Water

NaN
NaN
NaN
NaN
NaN

Ldown

638676
638676
638676
638676
638676

-50.
-50.
-50.
-50.
-50.

305.
305.
305.
305.
305.

QS

989269
729902
481342
243138
014860

Lup

413842
413842
413842
413842
413842

QH

11.054221
10.795477
10.547515
10.309886
10.082159

Tsurf

.587667
-1.
-1.
-1.
.587667

587667
587667
587667

QE

.159883
.159259
.158661
.158086
.157534

O O O O o

DensSnow_Bldgs DensSnow_EveTr

DensSnow_Grass

al a2
NaN
NaN
NaN
NaN
NaN

NaN
NaN
NaN
NaN
NaN

NaN
NaN
NaN
NaN
NaN

NaN
NaN
NaN
NaN
NaN

a3

NaN
NaN
NaN
NaN
NaN

NaN
NaN
NaN
NaN
NaN

DensSnow_BSoil

NaN
NaN
NaN
NaN
NaN

(continues on next page)
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[5 rows x 345 columns]

Here we demonstrate several typical scenarios for SUEWS results examination.

(continued from previous page)

The essential SUEWS output collection is extracted as a separate variable for easier processing in the following sections.
More advanced slicing techniques are available in pandas documentation.

grid

df_output_suews = df_output.loc[grid,

= df_state_amf.index[0]

Statistics Calculation

'SUEWS ']

We can use .describe () method for a quick overview of the key surface energy balance budgets.

df_output_suews.loc[:, ['ON',

. var QN

count 105120.000000 105120.
mean 118.291222 9.
std 213.150698 82.
min -98.895138 -103.
25% -32.252113 -46.
50% -1.216564 -33.
75% 247.458581 55.
max 746.187700 262.
Plotting

Basic example

YQSI,

QS
000000
117453
433076
332153
922708
883630
231281
700179

'QH', 'QE',

105120.
53.

72

-136.
9.
25.
75.

403

QOH
000000
611159
.044586
770097
790903
756834
382465
.492712

105120.
56.

93.
-10.

0.

4.

67.
445.

'QF']1] .describe ()

QE
000000
302547
959856
592811
633106
240341
207728
496829

0
|

105120.

O O O O O O o
O O O O O O o o

Plotting is very straightforward via the . plot method bounded with pandas.DataFrame. Note the usage of 1oc
for to slices of the output DataFrame.

# a dict for better display variable names

dict_var_disp = {
'"ON': 'S$Q"xS$',
'0S': r'$\Delta Q_S$',
"QE': 'SQ_ES',
"QH': 'SQ_HS',
'QF': 'SQ_FS',

r'SK_{\downarrow}$"',

'Kdown':

'Kup': r'SK_{\uparrow}s',

'Ldown': r'S$SL_{\downarrow}$',
'Lup': r'$L_{\uparrow}s$',
'Rain': 'SPS$',

'"Irr': 'SIS',

'Evap': 'SES',

'RO': 'SRS$',

'"TotCh': '$\Delta S$',

Peek at the simulation results:
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grid = df_state_init.index[0]

ax_output = df_output_suews\

.1loc['2010-06-01"':'2010-06-07",

['ON', 'QS', '"QE', 'QH', 'QF']I]\

.rename (columns=dict_var_disp) \

.plot ()
= ax_output.set_xlabel ('Date')
ax_output.set_ylabel ('Flux ($ \mathrm{W \ m~{-2}1}$)")
ax_output.legend()

Fiux (W m~2)

Plotting after resampling

The suggested runtime/simulation frequency of SUEWS is 300 s, which usually results a large output and may be
over-weighted for storage and analysis. Also, you may feel apparent slowdown in producing the above figure as a large
amount of data were used for the plotting. To slim down the result size for analysis and output, we can resample
the default output very easily.

: rsmp_1ld = df_output_suews.resample('ld")

# daily mean values
df_1d_mean = rsmp_ld.mean ()
# daily sum values
df_1d_sum = rsmp_1ld.sum()

We can then re-examine the above energy balance at hourly scale and plotting will be significantly faster.

# energy balance
ax_output = df_1d_mean\
.loc[:, ['ON', 'QS', 'QE', 'QH', 'QF']I]\
.rename (columns=dict_var_disp) \
.plot (
figsize=(10, 3),
title='Surface Energy Balance',
)
_ = ax_output.set_xlabel ('Date')
(continues on next page)
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= ax_output.set_ylabel ('Flux
ax_output.legend()

(continued from previous page)

($ \mathrm{W \ m~{-2}}9)

Surface Energy Balance
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Then we use the hourly results for other analyses.
[36]: # radiation balance
ax_output = df_1d_mean\
.loc[:, ['ON', 'Kdown', 'Kup', 'Ldown', 'Lup']]\
.rename (columns=dict_var_disp) \
.plot (
figsize=(10, 3),
title='Radiation Balance',
)
_ = ax_output.set_xlabel ('Date")
_ = ax_output.set_ylabel ('Flux ($ \mathrm{Ww \ m"{-2}}$)
_ = ax_output.legend()
Radiafion Balance
500 - o
400 - — K
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i | lﬁjl
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[37]: # water balance
ax_output = df_1d_sum\
.loc[:, ['Rain', 'Irr', 'Evap', 'RO', 'TotCh']]\
.rename (columns=dict_var_disp) \
.plot (

figsize=(10, 3),

(continues on next page)
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title='Surface Water Balance',
)
= ax_output.set_xlabel ('Date')
= ax_output.set_ylabel ('Water amount (mm) ')
ax_output.legend()

Surface Water Balance

(continued from previous page)

Water amount {mm}

Get an overview of partitioning in energy and water balance at monthly scales:

# get a monthly Resampler
df_plot = df_output_suews.copy ()
df_plot.index = df_plot.index.set_names ('Month')
rsmp_1M = df_plot\

.shift (-1)\

.dropna (how="all")\

.resample ('1IM', kind='period')
# mean values
df_1M _mean = rsmp_lM.mean ()
# sum values
df_IM_sum = rsmp_1M.sum()

# month names
name_mon = [x.strftime('$b') for x in rsmp_1M.groups]
# create subplots showing two panels together
fig, axes = plt.subplots (2, 1, sharex=True)
# surface energy balance
_=df_1M mean\
.loc[:, ['ON', 'QS', 'QE', 'QH', 'QF']]\
.rename (columns=dict_var_disp) \

.plot (
a