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Overview

pvops is a python package for PV operators & researchers.
It consists of a set of documented functions for supporting operations
research of photovoltaic (PV) energy systems.
The library leverages advances in machine learning, natural
language processing and visualization
tools to extract and visualize actionable information from common
PV data including Operations & Maintenance (O&M) text data, timeseries
production data, and current-voltage (IV) curves.


Module Overview






	Module

	Type of data

	Highlights of functions





	text

	O&M records

	
	fill data gaps in dates and categorical records


	visualize word clusters and patterns over time







	timeseries

	Production data

	
	estimate expected energy with multiple models


	evaluate inverter clipping







	text2time

	O&M records and production data

	
	analyze overlaps between O&M and production (timeseries) records


	visualize overlaps between O&M records and production data







	iv

	IV records

	
	simulate IV curves with physical faults


	extract diode parameters from IV curves


	classify faults using IV curves












Statement of Need

Continued interest in PV deployment across the world has resulted in increased awareness of needs associated
with managing reliability and performance of these systems during operation. Current open-source packages for
PV analysis focus on theoretical evaluations of solar power simulations (e.g., pvlib; [HHM18]),
specific use cases of empirical evaluations (e.g., RdTools; [DJN+18] and Pecos; [KS16]
for degradation analysis), or analysis of electroluminescene images (e.g., PVimage; [PKL+20]). However,
a general package that can support data-driven, exploratory evaluations of diverse field collected information is currently lacking.
To address this gap, we present pvOps, an open-source, Python package that can be used by  researchers and industry
analysts alike to evaluate different types of data routinely collected during PV field operations.

PV data collected in the field varies greatly in structure (i.e., timeseries and text records) and quality
(i.e., completeness and consistency). The data available for analysis is frequently semi-structured.
Furthermore, the level of detail collected between different owners/operators might vary.
For example, some may capture a general start and end time for an associated event whereas others might include
additional time details for different resolution activities. This diversity in data types and structures often
leads to data being under-utilized due to the amount of manual processing required. To address these issues,
pvOps provides a suite of data processing, cleaning, and visualization methods to leverage insights across a
broad range of data types, including operations and maintenance records,  production timeseries, and IV curves.
The functions within pvOps enable users to better parse available data to understand patterns in outages and production losses.


Available resources:


	Overview

	User Guide

	pvOps Tutorials

	API Documentation

	Developing pvOps

	Contributing

	What’s New

	References








            

          

      

      

    

  

    
      
          
            
  
User Guide


Getting Started


	Installation






Module Guides


	Text Guide

	Text2Time Guide

	Timeseries Guide

	IV Guide






Abbreviations


	Abbreviations/Terminology








            

          

      

      

    

  

    
      
          
            
  
Installation

pvops is tested on Python versions 3.8, 3.9, 3.10, and 3.11 and depends on a variety of
packages.

The latest release of pvops is accessible via PYPI using the following
command line prompt:

$ pip install pvops





Alternatively, the package can be installed using github:

$ git clone https://github.com/sandialabs/pvOps.git
$ cd pvops
$ pip install .






NLTK data

Functions in the text package rely on the “punkt” dataset from the nltk package.
After proper installation of pvops, run the commands:

>>> import nltk
>>> nltk.download('punkt')
>>> nltk.download('stopwords')





Those operating under a proxy may have difficulty with this installation.
This stack exchange post [https://stackoverflow.com/questions/38916452/nltk-download-ssl-certificate-verify-failed]
may help.





            

          

      

      

    

  

    
      
          
            
  
Text Guide


Module Overview

This module aims to support the consistent extraction of key features
in O&M data:


	timestamp information


	characteristic categorical information


	a concise synopsis of the issue for context




Implemented functions include those for filling in data gaps (text.preprocess submodule),
machine learning analyses to fill in gaps in categorical information and to
generate concise summary strings (text.classify submodule), functions
to prepare data for natural language processing (text.nlp_utils submodule),
and a visualization suite (text.visualize submodule).

An example implementation of all capabilities can be found in
text_class_example.py [https://github.com/sandialabs/pvOps/blob/master/tutorials/text_class_example.py]
for specifics, and tutorial_textmodule.ipynb [https://github.com/sandialabs/pvOps/blob/master/tutorials/tutorial_textmodule.ipynb] for basics.


Text pre-processing

preprocess

These functions process the O&M data into concise, machine learning-ready documents.
Additionally, there are options to extract dates from the text.


	preprocessor() acts as a wrapper function,
utilizing the other preprocessing functions, which prepares the data for machine learning.


	See text_class_example.prep_data_for_ML for an example.






	preprocessor() should be used with the keyword argument
extract_dates_only = True if the primary interest is date extraction
instead continuing to use the data for machine learning.


	See text_class_example.extract_dates module for an example.










Text classification

classify

These functions process the O&M data to make an inference on the specified event descriptor.


	classification_deployer() is used to conduct supervised
or unsupervised classification of text documents.
This function conducts a grid search across the passed classifiers and hyperparameters.


	The supervised_classifier_defs() and
unsupervised_classifier_defs()
functions return default values for conducting the grid search.


	See text_class_example.classify_supervised or text_class_example.classify_unsupervised
modules for an example.






	Once the model is built and selected, classification (for supervised ML)
or clustering (for unsupervised ML) analysis can be conducted on the best model returned from the pipeline object.


	See text_class_example.predict_best_model module for an example.










Utils

utils

These helper functions focus on performing exploratory or secondary processing activities for the O&M data.


	pvops.text.nlp_utils.remap_attributes() is used to reorganize an attribute column into a new set of labels.






NLP Utils

utils

These helper functions focus on processing in preparation for NLP activities.


	summarize_text_data() prints summarized contents of the O&M data.


	Doc2VecModel performs a gensim Doc2Vec
transformation of the input documents to create embedded representations of the documents.


	DataDensifier is a data structure transformer which converts sparse data to dense data.


	create_stopwords() concatenates a list of stopwords using both words grabbed from nltk and user-specified words






Visualizations

These functions create visualizations to get a better understanding about your documents.


	visualize_attribute_connectivity() visualizes the connectivity of two attributes.

[image: ../../_images/vis_attr_connect_example.svg]

	visualize_attribute_timeseries() evaluates the density of an attribute over time.

[image: ../../_images/vis_attr_timeseries_example.svg]

	visualize_cluster_entropy() observes the performance of different text embeddings.

[image: ../../_images/vis_cluster_entropy_example.svg]

	visualize_document_clusters() visualizes popular words in clusters after a cluster analysis is ran.

[image: ../../_images/vis_doc_clusters_example.svg]

	visualize_word_frequency_plot() visualizes word frequencies in the associated attribute column of O&M data.

[image: ../../_images/vis_freq_plot_example.svg]








            

          

      

      

    

  

    
      
          
            
  
Text2Time Guide


Module Overview

Aligning production data with O&M tickets is not a trivial task since
intersection of dates and identification of anomalies depends on the nuances
within the two datasets. This set of functions facilitate this
data fusion. Key features include:


	conducting quality checks and controls on data.


	identification of overlapping periods between O&M and production data.


	generation of baseline values for production loss estimations.


	calculation of losses from production anomalies for specific time periods.




An example of usage can be found in
tutorial_text2time_module.ipynb [https://github.com/sandialabs/pvOps/blob/master/tutorials/tutorial_text2time_module.ipynb].

The text2time package can be broken down into three main components:
data pre-processing, utils, and visualizations.


Data pre-processing

text2time.preprocess module

These functions pre-process user O&M and production data to prepare them for
further analyses and visualizations.


	om_date_convert() and
prod_date_convert()
convert dates in string format to date-time objects in the O&M and
production data respectively.


	data_site_na()
handles missing site IDs in the user data.  This function can
be used for both O&M and production data.


	om_datelogic_check()
detects and handles issues with the logic of the O&M date, specifically
when the conclusion of an event occurs before it begins.


	om_nadate_process() and
prod_nadate_process()
detect and handle any missing time-stamps in the O&M and
production data respectively.






Utils

text2time.utils module

These functions perform secondary calcuations
on the O&M and production data to aid in data analyses and visualizations.


	iec_calc() calculates a
comparison dataset for the production data based on an irradiance as
calculated by IEC calculation.


	summarize_overlaps() summarizes
the overlapping production and O&M data.


	om_summary_stats() summarizes
statistics (e.g., event duration and month of occurrence) of O&M data.


	overlapping_data() trims the
production and O&M data frames and only retain the data where both datasets
overlap in time.


	prod_anomalies() detects and handles
issues when the production data is input in cumulative format and unexpected
dips show up in the data.


	prod_quant() calculates a
comparison between the actual production data and a baseline
(e.g. from a model from timeseries models).






Visualizations

text2time.visualize module

These functions visualize the processed O&M and production data:


	visualize_categorical_scatter()
generates categorical scatter plots of chosen variable based on specified
category (e.g. site ID) for the O&M data.

[image: ../../_images/vis_cat_scatter_example.svg]

	visualize_counts()
generates a count plot of categories based on a chosen categorical variable
column for the O&M data.
If that variable is the user’s site ID for every ticket, a plot for total
count of events can be generated.

[image: ../../_images/vis_counts_example.svg]

	visualize_om_prod_overlap()
creates a visualization that overlays the O&M data on top of the
coinciding production data.

[image: ../../_images/vis_overlap_example.png]







Example Code

Load in OM data and convert dates to python date-time objects

>>> import pandas as pd
>>> import os
>>> from pvops.text2time import preprocess

>>> example_OMpath = os.path.join('example_data', 'example_om_data2.csv')
>>> om_data = pd.read_csv(example_OMpath, on_bad_lines='skip', engine='python')
>>> om_col_dict = {
... 'siteid': 'randid',
... 'datestart': 'date_start',
... 'dateend': 'date_end',
... 'workID': 'WONumber',
... 'worktype': 'WOType',
... 'asset': 'Asset',
... 'eventdur': 'EventDur', #user's name choice for new column (Repair Duration)
... 'modatestart': 'MonthStart', #user's name choice for new column (Month when an event begins)
... 'agedatestart': 'AgeStart'} #user's name choice for new column (Age of system when event begins)
>>> om_data_converted = preprocess.om_date_convert(om_data, om_col_dict)









            

          

      

      

    

  

    
      
          
            
  
Timeseries Guide


Module Overview

These funcions provide processing and modelling capabilities for timeseries
production data. Processing functions prepare data to train two
types of expected energy models:


	AIT: additive interaction trained model, see Hopwood and Gunda [HG22]
for more information.


	Linear: a high flexibility linear regression model.




Additionally, the ability to generate expected energy via IEC
standards (iec 61724-1) is implemented in the iec
module.

An example of usage can be found in
tutorial_timeseries_module.ipynb <https://github.com/sandialabs/pvOps/blob/master/tutorials/tutorial_timeseries_module.ipynb>.


Preprocess


	pvops.timeseries.preprocess.prod_inverter_clipping_filter()
filters out production periods with inverter clipping.
The core method was adopted from pvlib/pvanalytics.


	pvops.timeseries.preprocess.normalize_production_by_capacity()
normalizes power by site capacity.


	pvops.timeseries.preprocess.prod_irradiance_filter()
filters rows of production data frame according to performance and data
quality. NOTE: this method is currently in development.


	pvops.timeseries.preprocess.establish_solar_loc()
adds solar position data to production data using
pvLib.






Models


	pvops.timeseries.models.linear.modeller() is a wrapper method
used to model timeseries data using a linear model.
This method gives multiple options for the
learned model structure.


	pvops.timeseries.models.AIT.AIT_calc() Calculates expected energy
using measured irradiance based on trained regression model from field data.


	pvops.timeseries.models.iec.iec_calc() calculates expected energy using measured irradiance
based on IEC calculations.







Example Code

load in data and run some processing functions





            

          

      

      

    

  

    
      
          
            
  
IV Guide


Module Overview

These functions focus on current-voltage (IV) curve simulation and
classification.


Note

To use the capabilites in this module, pvOps must be installed with the iv option:
pip install pvops[iv].




	Tutorials that exemplify usage can be found at:
	
	tutorial_iv_classifier.ipynb [https://github.com/sandialabs/pvOps/blob/master/tutorials/tutorial_iv_classifier.ipynb].


	tutorial_iv_diode_extractor.ipynb [https://github.com/sandialabs/pvOps/blob/master/tutorials/tutorial_iv_diode_extractor.ipynb].


	tutorial_iv_simulator.ipynb [https://github.com/sandialabs/pvOps/blob/master/tutorials/tutorial_iv_simulator.ipynb].









extractor


	extractor primarily features the
BruteForceExtractor class, which
extracts diode parameters from IV curves (even outdoor-collected).






physics_utils

physics_utils contains methods which aid the IV
Simulator’s physics-based calculations and the preprocessing pipeline’s
correction calculations.


	calculate_IVparams() calculates
key parameters of an IV curve.


	smooth_curve() smooths
IV curve using a polyfit.


	iv_cutoff() cuts off IV curve
greater than a given voltage value.


	intersection() computes
the intersection between two curves.


	T_to_tcell() calculates
a cell temperature given ambient temperature via NREL weather-correction
tools.


	bypass() limits voltage
to above a minimum value.


	add_series() adds two
IV curves in series.


	voltage_pts()
provides voltage points for an IV curve.


	gt_correction() corrects IV
trace using irradiance and temperature using one of three
available options.






preprocess

preprocess contains the preprocessing function
* preprocess() which
corrects a set of data according to irradiance and temperature and
normalizes the curves so they are comparable.



simulator

simulator holds the
IV Simulator class which can simulate
current-voltage (IV) curves under different environmental and fault
conditions. There is also a utility function
create_df() for building an IV curve dataframe
from a set of parameters.



utils

utils holds the utility function
get_CEC_params() which connects to the
California Energy Commission (CEC)
database hosted by pvLib for cell-level and module-level parameters.



timeseries_simulator

timeseries_simulator contains
IVTimeseriesGenerator,
a subclass of the IV Simulator,
which allows users to specify time-based failure degradation
patterns. The class
TimeseriesFailure
is used to define the time-based failures.






            

          

      

      

    

  

    
      
          
            
  
Abbreviations/Terminology


	AIT: Additive Interaction Model described in [HG22]


	CEC: California Energy Commission


	WS: wind speed


	Varr: Voltage array


	T: Average cell temperature


	Rsh_mult: Multiplier usually less than 1 to simulate a drop in RSH


	Rs_mult: Multiplier usually less than 1 to simulate a drop in RS


	Io_mult: Multiplier usually less than 1 to simulate a drop in IO


	Il_mult: Multiplier usually less than 1 to simulate a drop in IL


	nnsvth_mult: Multiplier usually less than 1 to simulate a drop in NNSVTH


	E: Irradiance


	Tc: Cell temp


	gt: (G - Irradiation and T - temperature)


	v_rbd: Reverse bias diode voltage


	v_oc: Open circuit voltage







            

          

      

      

    

  

    
      
          
            
  
pvOps Tutorials

Check out the tutorials below!


Text & Text2Time tutorials:



  [image: ]
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Text2Time Module Tutorial

This notebook demonstrates the use of pvops to analyze a combination of operations and maintenance (OM) and production data. The data will be processed and cleaned in preparation for an intersection analysis and subsequent visualizations.

Import modules


[1]:





import numpy as np
import pandas as pd
import matplotlib.pyplot as plt
import shutil
import sys
import os








[2]:





from pvops.text2time import visualize, utils, preprocess
from pvops.timeseries.models import linear, iec








1. Load and explore data

Define csv paths to OM, production, and meta data.


[3]:





example_OMpath = os.path.join('example_data', 'example_om_data2.csv')
example_prodpath = os.path.join('example_data', 'example_prod_data_cumE2.csv')
example_metapath = os.path.join('example_data', 'example_metadata2.csv')







Load in csv files as pandas DataFrames. prod_data contains energy production and irradiance data over time for potentially multiple sites. om_data contains operations and maintenance tickets. metadata contains information about the sites, such as location and DC size.


[4]:





prod_data = pd.read_csv(example_prodpath, on_bad_lines='skip', engine='python')
om_data = pd.read_csv(example_OMpath, on_bad_lines='skip', engine='python')
metadata = pd.read_csv(example_metapath, on_bad_lines='skip', engine='python')







Explore production data


[5]:





prod_data








[5]:
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Text Module Tutorial


[56]:





import pandas as pd
import matplotlib.pyplot as plt

from pvops.text import utils
import text_class_example








Problem statements:


1. Text Preprocessing

Process the documents into concise, machine learning-ready documents. Additionally, extract dates from the text.



2. Text Classification

The written tickets are used to make an inference on the specified event descriptor.




Text processing


Import text data


[57]:





folder = 'example_data//'
filename = 'example_ML_ticket_data.csv'
df = pd.read_csv(folder+filename)
df.head(n=3)








[57]:
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Timeseries Tutorial

This notebook demonstrates the use of timeseries module capabilities to process data for analysis and build expected energy models.


[20]:





import numpy as np
import pandas as pd
import matplotlib.pyplot as plt
import os
import warnings
warnings.filterwarnings("ignore")








[21]:





from pvops.timeseries import preprocess
from pvops.timeseries.models import linear, iec
from pvops.text2time import utils as t2t_utils, preprocess as t2t_preprocess








[22]:





example_prodpath = os.path.join('example_data', 'example_prod_with_covariates.csv')








Load in data


[23]:





prod_data = pd.read_csv(example_prodpath, on_bad_lines='skip', engine='python')







Production data is loaded in with the columns: - date: a time stamp - randid: site ID - generated_kW: generated energy - expected_kW: expected energy - irrad_poa_Wm2: irradiance - temp_amb_C: ambient temperature - wind_speed_ms: wind speed - temp_mod_C: module temperature


[24]:





prod_data.head()








[24]:
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Timeseries AIT Tutorial

The goal of this notebook is to use the trained AIT model to calculate expected energy levels based on field data. First we will load in and clean the data and after the expected energy is calculated, we will create comparitive visualizations.


[1]:





import numpy as np
import pandas as pd
import matplotlib.pyplot as plt
import os








[2]:





from pvops.timeseries import preprocess
from pvops.timeseries.models import linear, iec, AIT
from pvops.text2time import utils as t2t_utils, preprocess as t2t_preprocess








Load in data


[3]:





example_OMpath = os.path.join('example_data', 'example_om_data2.csv')
example_prodpath = os.path.join('example_data', 'example_prod_with_covariates.csv')
example_metapath = os.path.join('example_data', 'example_metadata2.csv')








[4]:





prod_data = pd.read_csv(example_prodpath, on_bad_lines='skip', engine='python')








[5]:





prod_data.head(5)








[5]:
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Timeseries IV Simulation


[90]:





import numpy as np
import pandas as pd
import matplotlib.pyplot as plt
import sys
import os

from pvops.iv import timeseries_simulator
from pvops.timeseries import preprocess
from pvops.timeseries.models import linear
from pvops.text2time import utils as t2t_utils, preprocess as t2t_preprocess







Next we load in example data. We only simulate for irradiance above 200 select one of the two sites to focus on. Additionally, we drop rows without the data needed for simulation.


[91]:





example_prodpath = os.path.join('example_data', 'example_prod_with_covariates.csv')
env_df = pd.read_csv(example_prodpath)
env_df.index = pd.to_datetime(env_df["date"])
env_df = env_df.sort_index()

# Only simulate where irradiance > 200
env_df = env_df[env_df['irrad_poa_Wm2'] > 200]
# Two sites have data here so we choose one
env_df = env_df[env_df['randid'] == 'R15']
# Remove any NaN environmental specifications
env_df = env_df.dropna(subset=['irrad_poa_Wm2','temp_amb_C'])
env_df.head()








[91]:
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IV Simulator Tutorial

A python class which simulates PV faults in IV curves.


Step 1: Start off by instantiating the object.


[1]:





from pvops.iv import simulator

sim = simulator.Simulator()









Step 2: Definition of Faults

Two methods exist to define a fault: 1. Use a pre-existing definition (defined by authors) by calling add_preset_conditions. 2. Manually define a fault by calling add_manual_condition.


Preset definition of faults


[2]:





heavy_shading = {'identifier':'heavy_shade',
                   'E': 400,
                   'Tc': 20}
light_shading = {'identifier':'light_shade',
                    'E': 800}
sim.add_preset_conditions('landscape', heavy_shading, rows_aff = 2)
sim.add_preset_conditions('portrait', heavy_shading, cols_aff = 2)
sim.add_preset_conditions('pole', heavy_shading, light_shading = light_shading, width = 2, pos = None)

sim.print_info()













Condition list: (Cell definitions)
        [pristine]: 1 definition(s)
        [heavy_shade]: 1 definition(s)
        [light_shade]: 1 definition(s)

Modcell types: (Cell mappings on module)
        [pristine]: 1 definition(s)
        [landscape_2rows]: 1 definition(s)
        [portrait_2cols]: 1 definition(s)
        [pole_2width]: 1 definition(s)

String definitions (Series of modcells)
        No instances.









Manual definition of faults

To define a fault manually, you must provide two specifications: 1. Mapping of cells onto a module, which we call a modcell. 2. Definition of cell conditions, stored in condition_dict.


[3]:





modcells = { 'another_example':  [[0,0,0,0,0,0,0,0,0,0,  # Using 2D list (aka, multiple conditions as input)
                                    1,1,1,1,1,1,1,1,1,1,
                                    1,1,1,0,0,0,0,1,1,1,
                                    1,1,1,0,0,0,0,1,1,1,
                                    1,1,1,0,0,0,0,1,1,1,
                                    0,0,0,0,0,0,0,0,0,0],

                                  [1,1,1,1,1,1,1,1,1,1,
                                    0,0,0,0,0,0,0,0,0,0,
                                    0,0,0,1,1,1,1,0,0,0,
                                    0,0,0,1,1,1,1,0,0,0,
                                    0,0,0,1,1,1,1,0,0,0,
                                    1,1,1,1,1,1,1,1,1,1]]
            }
condition_dict = {0: {},
                  1: {'identifier': 'heavy_shade',
                      'E': 405,
                     }
                 }
sim.add_manual_conditions(modcells, condition_dict)

sim.print_info()













Condition list: (Cell definitions)
        [pristine]: 1 definition(s)
        [heavy_shade]: 2 definition(s)
        [light_shade]: 1 definition(s)

Modcell types: (Cell mappings on module)
        [pristine]: 1 definition(s)
        [landscape_2rows]: 1 definition(s)
        [portrait_2cols]: 1 definition(s)
        [pole_2width]: 1 definition(s)
        [another_example]: 2 definition(s)

String definitions (Series of modcells)
        No instances.










Step 3: Generate many samples via latin hypercube sampling

Pass in dictionaries which describe a distribution.
    {PARAMETER: {'mean': MEAN_VAL,
                 'std': STDEV_VAL,
                 'low': LOW_VAL,
                 'upp': UPP_VAL
                }
    }

PARAMETER: parameter defined in condition_dict





If all values are provided, a truncated gaussian distribution is used

If low and upp not specified, then a gaussian distribution is used


[4]:





N = 10
dicts = {'E': {'mean': 400,
               'std': 500,
               'low': 200,
               'upp': 600},

         'Tc':{'mean': 30,
               'std': 10}}


sim.generate_many_samples('heavy_shade', N, distributions = dicts)

dicts = {'E': {'mean': 800,
               'std': 500,
               'low': 600,
               'upp': 1000}}

sim.generate_many_samples('light_shade', N, distributions = dicts)

sim.print_info()













Condition list: (Cell definitions)
        [pristine]: 1 definition(s)
        [heavy_shade]: 12 definition(s)
        [light_shade]: 11 definition(s)

Modcell types: (Cell mappings on module)
        [pristine]: 1 definition(s)
        [landscape_2rows]: 1 definition(s)
        [portrait_2cols]: 1 definition(s)
        [pole_2width]: 1 definition(s)
        [another_example]: 2 definition(s)

String definitions (Series of modcells)
        No instances.









Step 4: Define a string as an assimilation of modcells

Define a dictionary with keys as the string name and values as a list of module names.

{STRING_IDENTIFIER: LIST_OF_MODCELL_NAMES}





Use sim.modcells.keys() to get list of modules defined thusfar, or look at modcell types list in function call sim.print_info()


[3]:





sim.modcells.keys()








[3]:







dict_keys(['pristine', 'landscape_2rows', 'portrait_2cols', 'pole_2width'])







[5]:





sim.build_strings({'pole_bottom_mods': ['pristine', 'pristine', 'pristine', 'pristine', 'pristine', 'pristine',
                                        'pole_2width', 'pole_2width', 'pole_2width', 'pole_2width', 'pole_2width', 'pole_2width'],
                   'portrait_2cols_3bottom_mods': ['pristine', 'pristine', 'pristine', 'pristine', 'pristine', 'pristine',
                                                   'pristine', 'pristine', 'pristine', 'portrait_2cols', 'portrait_2cols', 'portrait_2cols']})









Step 5: Simulate!

sim.simulate() simulates all cells, substrings, modules, and strings defined in steps 2 - 4


[6]:





import time
start_t = time.time()
sim.simulate()
print(f'\nSimulations completed after {round(time.time()-start_t,2)} seconds')

sim.print_info()













Simulating cells:   0%|                                                                          | 0/3 [00:00<?, ?it/s]c:\users\mwhopwo\appdata\local\programs\python\python36\lib\site-packages\scipy\optimize\zeros.py:463: RuntimeWarning: some failed to converge after 100 iterations
  warnings.warn(msg, RuntimeWarning)
Simulating cells: 100%|██████████████████████████████████████████████████████████████████| 3/3 [00:01<00:00,  2.93it/s]
Adding up simulations: 100%|█████████████████████████████████████████████████████████████| 2/2 [00:09<00:00,  4.66s/it]
Adding up other definitions: 100%|███████████████████████████████████████████████████████| 5/5 [00:01<00:00,  3.62it/s]













Simulations completed after 11.74 seconds
Condition list: (Cell definitions)
        [pristine]: 1 definition(s)
        [heavy_shade]: 12 definition(s)
        [light_shade]: 11 definition(s)

Modcell types: (Cell mappings on module)
        [pristine]: 1 definition(s)
        [landscape_2rows]: 1 definition(s)
        [portrait_2cols]: 1 definition(s)
        [pole_2width]: 1 definition(s)
        [another_example]: 2 definition(s)

String definitions (Series of modcells)
        [pole_bottom_mods]: 132 definition(s)
        [portrait_2cols_3bottom_mods]: 12 definition(s)






















Step 6: Visualization suite


	Plot distribution of cell-condition parameter definitions defined in steps 2 and 3




1a) TODO: The truncated gaussians should show cutoff at tails


	Plot module-level IV curves


	Plot string-level IV curves





[7]:





sim.visualize()
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Step 6 cont’d: Visualize cell IV curves and settings

visualize_cell_level_traces(cell_identifier, cutoff = True, table = True)





Automatically turns off table if the cell_identifier’s number of definitions > 20


[8]:





sim.visualize_cell_level_traces('heavy_shade', cutoff = True, table = True)
sim.visualize_cell_level_traces('light_shade', cutoff = True, table = True)








[8]:







array([<matplotlib.axes._subplots.AxesSubplot object at 0x000001A4685F5D68>,
       <matplotlib.axes._subplots.AxesSubplot object at 0x000001A4686300B8>],
      dtype=object)
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Step 6 cont’d: Visualize modcells


[9]:





for mod_identifier in sim.modcells.keys():
    sim.visualize_module_configurations(mod_identifier, title = mod_identifier)
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IV Failure Classification with Neural Networks

This notebook demonstrates the use of the pvops.iv.models.nn module for classification of faults.


[1]:





import os
import sys

from pvops.iv import simulator, extractor, preprocess
from pvops.iv.models import nn







Create iv column dictionary with format {pvops variable: user-specific column names}. This establishes a connection between the user’s data columns and the pvops library.


[2]:





iv_col_dict = {
    "mode": "mode",
    "current": "current",            # Populated in simulator
    "voltage": "voltage",            # Populated in simulator
    "irradiance": "E",               # Populated in simulator
    "temperature": "T",              # Populated in simulator
    "power": "power",                # Populated in preprocess
    "derivative": "derivative",      # Populated in feature_generation
    "current_diff": "current_diff",  # Populated in feature_generation
}








Step 1: Collect your IV curves.

In this case, we simulate some curves, but you can replace this step by reading in your own data, if wanted.


[3]:





def define_failure_at_environment(sim, E, Tc, N_samples = 10):

    def namer(name):
        suffix = f"-{E}_{Tc}"
        return name + suffix

    sim.pristine_condition = {'identifier': 'pristine',
                              'E': E,
                              'Tc': Tc,
                              'Rsh_mult': 1,
                              'Rs_mult': 1,
                              'Io_mult': 1,
                              'Il_mult': 1,
                              'nnsvth_mult': 1,
                              }
    condition = {'identifier':namer('weathered_pristine')}
    sim.add_preset_conditions('complete', condition, save_name = namer('Complete_weathered_pristine'))
    condition = {'identifier':namer('shade'),'Il_mult':0.6}
    sim.add_preset_conditions('complete', condition, save_name = namer('Complete_shading'))
    condition = {'identifier':namer('cracking'),'Rs_mult':1.5}
    sim.add_preset_conditions('complete', condition, save_name = namer('Complete_cracking'))

    dicts = {'Il_mult':{'mean': 0.6,
                        'std': 0.7,
                        'low': 0.33,
                        'upp': 0.95,
                        }
            }
    sim.generate_many_samples(namer('shade'), N_samples, dicts)

    dicts = {
            'Rs_mult':{'mean':1.3,
                        'std':0.6,
                        'low':1.1,
                        'upp':1.8
                        },
            'Rsh_mult':{'mean':0.5,
                        'std':0.6,
                        'low':0.3,
                        'upp':0.7
                        }
            }
    sim.generate_many_samples(namer('cracking'), N_samples, dicts)

    sim.build_strings({
                    namer('Partial Soiling (1M)'): [namer('Complete_weathered_pristine')]*11 + [namer('Complete_shading')]*1,
                    namer('Partial Soiling (6M)'): [namer('Complete_weathered_pristine')]*6 + [namer('Complete_shading')]*6,
                    namer('Cell cracking (4M)'): [namer('Complete_weathered_pristine')]*8 + [namer('Complete_cracking')]*4,
                    })
    return sim









[4]:





import numpy as np

sim = simulator.Simulator(
                pristine_condition = {
                                        'identifier': 'pristine',
                                        'E': 1000,
                                        'Tc': 50,
                                        'Rsh_mult': 1,
                                        'Rs_mult': 1,
                                        'Io_mult': 1,
                                        'Il_mult': 1,
                                        'nnsvth_mult': 1,
                                    })

sim.build_strings({'Pristine array': ['pristine']*12})

Tc = 35
for E in np.arange(200,1100,100):
    for Tc in np.arange(35,60,5):
        define_failure_at_environment(sim, E, Tc, N_samples = 25)
sim.simulate()













Simulating cells:   0%|          | 0/136 [00:00<?, ?it/s]/home/klbonne/.local/bin/anaconda3/envs/pvops_dev/lib/python3.8/site-packages/scipy/optimize/_zeros_py.py:466: RuntimeWarning: some failed to converge after 100 iterations
  warnings.warn(msg, RuntimeWarning)
Simulating cells: 100%|██████████| 136/136 [00:39<00:00,  3.43it/s]
Adding up simulations: 100%|██████████| 136/136 [00:45<00:00,  3.02it/s]
Adding up other definitions: 100%|██████████| 136/136 [00:00<00:00, 584452.20it/s]







[5]:





df = sim.sims_to_df(focus=['string'], cutoff=True)
df.head()








[5]:
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IV: Brute-force diode parameter extraction


[1]:





from pvops.iv import simulator, extractor








Step 1: Collect your IV curves.

In this case, we simulate some curves, but you can replace this step by reading in your own data, if wanted.


[2]:





sim = simulator.Simulator(
                mod_specs = {
                            'Jinko_Solar_Co___Ltd_JKM270PP_60': {'ncols': 6,
                                                                    'nsubstrings': 3
                                                                }
                            }
)

sim.build_strings({'Unstressed': ['pristine']*12})

N = 100
dicts = {'E':       {'mean': 800,
                        'std': 500,
                        'low': 400,
                        'upp': 1100
                    },
         'Tc':      {'mean': 30,
                      'std': 5,
                    },
         'Rs_mult': {'mean': 1.3,
                    'std': 0.6,
                    'low': 0.9,
                    'upp': 1.5
                    },
         'Rsh_mult': {'mean': 0.8,
                    'std': 0.9,
                    'low': 0.3,
                    'upp': 1.0
                    },
        'Il_mult': {'mean': 1.0,
                    'std': 0.5,
                    'low': 0.95,
                    'upp': 1.05
                    },
        'Io_mult': {'mean': 1.0,
                    'std': 0.6,
                    'low': 0.85,
                    'upp': 1.1
                    },
        'nnsvth_mult': {'mean': 1.0,
                        'std': 0.5,
                        'low': 0.85,
                        'upp': 1.1
                        }
        }
sim.generate_many_samples('pristine', N, dicts)
sim.simulate()

sim.print_info()













Simulating cells:   0%|          | 0/1 [00:00<?, ?it/s]/home/klbonne/.local/bin/anaconda3/envs/pvops_dev/lib/python3.8/site-packages/scipy/optimize/_zeros_py.py:466: RuntimeWarning: some failed to converge after 100 iterations
  warnings.warn(msg, RuntimeWarning)
Simulating cells: 100%|██████████| 1/1 [00:02<00:00,  2.63s/it]
Adding up simulations: 100%|██████████| 1/1 [00:01<00:00,  1.69s/it]
Adding up other definitions: 100%|██████████| 1/1 [00:00<00:00, 10433.59it/s]












Condition list: (Cell definitions)
        [pristine]: 101 definition(s)

Modcell types: (Cell mappings on module)
        [pristine]: 1 definition(s)

String definitions (Series of modcells)
        [Unstressed]: 101 definition(s)





















[3]:





sim.visualize()













/home/klbonne/Documents/GitHub/pvOps/pvops/iv/simulator.py:1442: UserWarning:

`distplot` is a deprecated function and will be removed in seaborn v0.14.0.

Please adapt your code to use either `displot` (a figure-level function with
similar flexibility) or `kdeplot` (an axes-level function for kernel density plots).

For a guide to updating your code to use the new functions, please see
https://gist.github.com/mwaskom/de44147ed2974457ad6372750bbe5751

  axs = sns.distplot(
/home/klbonne/Documents/GitHub/pvOps/pvops/iv/simulator.py:1445: UserWarning:

`distplot` is a deprecated function and will be removed in seaborn v0.14.0.

Please adapt your code to use either `displot` (a figure-level function with
similar flexibility) or `kdeplot` (an axes-level function for kernel density plots).

For a guide to updating your code to use the new functions, please see
https://gist.github.com/mwaskom/de44147ed2974457ad6372750bbe5751

  axs = sns.distplot(
/home/klbonne/Documents/GitHub/pvOps/pvops/iv/simulator.py:1445: UserWarning:

`distplot` is a deprecated function and will be removed in seaborn v0.14.0.

Please adapt your code to use either `displot` (a figure-level function with
similar flexibility) or `kdeplot` (an axes-level function for kernel density plots).

For a guide to updating your code to use the new functions, please see
https://gist.github.com/mwaskom/de44147ed2974457ad6372750bbe5751

  axs = sns.distplot(
/home/klbonne/Documents/GitHub/pvOps/pvops/iv/simulator.py:1445: UserWarning:

`distplot` is a deprecated function and will be removed in seaborn v0.14.0.

Please adapt your code to use either `displot` (a figure-level function with
similar flexibility) or `kdeplot` (an axes-level function for kernel density plots).

For a guide to updating your code to use the new functions, please see
https://gist.github.com/mwaskom/de44147ed2974457ad6372750bbe5751

  axs = sns.distplot(
/home/klbonne/Documents/GitHub/pvOps/pvops/iv/simulator.py:1445: UserWarning:

`distplot` is a deprecated function and will be removed in seaborn v0.14.0.

Please adapt your code to use either `displot` (a figure-level function with
similar flexibility) or `kdeplot` (an axes-level function for kernel density plots).

For a guide to updating your code to use the new functions, please see
https://gist.github.com/mwaskom/de44147ed2974457ad6372750bbe5751

  axs = sns.distplot(
/home/klbonne/Documents/GitHub/pvOps/pvops/iv/simulator.py:1445: UserWarning:

`distplot` is a deprecated function and will be removed in seaborn v0.14.0.

Please adapt your code to use either `displot` (a figure-level function with
similar flexibility) or `kdeplot` (an axes-level function for kernel density plots).

For a guide to updating your code to use the new functions, please see
https://gist.github.com/mwaskom/de44147ed2974457ad6372750bbe5751

  axs = sns.distplot(
/home/klbonne/Documents/GitHub/pvOps/pvops/iv/simulator.py:1445: UserWarning:

`distplot` is a deprecated function and will be removed in seaborn v0.14.0.

Please adapt your code to use either `displot` (a figure-level function with
similar flexibility) or `kdeplot` (an axes-level function for kernel density plots).

For a guide to updating your code to use the new functions, please see
https://gist.github.com/mwaskom/de44147ed2974457ad6372750bbe5751

  axs = sns.distplot(
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[4]:





df = sim.sims_to_df(focus=['string'], cutoff=True)
df.head()








[4]:
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text module


text.classify module


	
pvops.text.classify.classification_deployer(X, y, n_splits, classifiers, search_space, pipeline_steps, scoring, greater_is_better=True, verbose=3)

	The classification deployer builds a classifier evaluator with an ingrained hyperparameter fine-tuning grid search protocol.
The output of this function will be a data frame showing the performance of each classifier when utilizing a specific hyperparameter
configuration.

To see an example of this method’s application, see tutorials//text_class_example.py


	Parameters:

	
	X (list of str) – List of documents (str). The documents will be passed through the pipeline_steps, where they will be transformed into vectors.


	y (list) – List of labels corresponding with the documents in X


	n_splits (int) – Integer defining the number of splits in the cross validation split during training


	classifiers (dict) – Dictionary with key as classifier identifier (str) and value as classifier instance following sklearn’s
base model convention: sklearn_docs.

classifiers = {
    'LinearSVC' : LinearSVC(),
    'AdaBoostClassifier' : AdaBoostClassifier(),
    'RidgeClassifier' : RidgeClassifier()
}





See supervised_classifier_defs.py or unsupervised_classifier_defs.py for this package’s defaults.



	search_space (dict) – Dictionary with classifier identifiers, as used in classifiers, mapped to its hyperparameters.

search_space = {
    'LinearSVC' : {
    'clf__C' : [1e-2,1e-1],
    'clf__max_iter':[800,1000],
    },
    'AdaBoostClassifier' : {
    'clf__n_estimators' : [50,100],
    'clf__learning_rate':[1.,0.9,0.8],
    'clf__algorithm' : ['SAMME.R']
    },
    'RidgeClassifier' : {
    'clf__alpha' : [0.,1e-3,1.],
    'clf__normalize' : [False,True]
    }
}





See supervised_classifier_defs.py or unsupervised_classifier_defs.py for this package’s defaults.



	pipeline_steps (list of tuples) – Define embedding and machine learning pipeline. The last tuple must be ('clf', None) so that the output
of the pipeline is a prediction.
For supervised classifiers using a TFIDF embedding, one could specify

pipeline_steps = [('tfidf', TfidfVectorizer()),
                  ('clf', None)]





For unsupervised clusterers using a TFIDF embedding, one could specify

pipeline_steps = [('tfidf', TfidfVectorizer()),
                  ('to_dense', DataDensifier.DataDensifier()),
                  ('clf', None)]





A densifier is required from some clusters, which fail if sparse data is passed.



	scoring (sklearn callable scorer (i.e., any statistic that summarizes predictions relative to observations).) – Example scorers include f1_score, accuracy, etc.
Callable object that returns a scalar score created using sklearn.metrics.make_scorer
For supervised classifiers, one could specify

scoring = make_scorer(f1_score, average = 'weighted')





For unsupervised classifiers, one could specify

scoring = make_scorer(homogeneity_score)







	greater_is_better (bool) – Whether the scoring parameter is better when greater (i.e. accuracy) or not.


	verbose (int) – Control the specificity of the prints. If greater than 1, a print out is shown when a new “best classifier”
is found while iterating. Additionally, the verbosity during the grid search follows sklearn’s definitions.
The frequency of the messages increase with the verbosity level.






	Returns:

	DataFrame – Summarization of results from all of the classifiers










	
pvops.text.classify.get_attributes_from_keywords(om_df, col_dict, reference_df, reference_col_dict)

	Find keywords of interest in specified column of dataframe, return as new column value.

If keywords of interest given in a reference dataframe are in the specified column of the
dataframe, return the keyword category, or categories.
For example, if the string ‘inverter’ is in the list of text, return [‘inverter’].


	Parameters:

	
	om_df (pd.DataFrame) – Dataframe to search for keywords of interest, must include text_col.


	col_dict (dict of {str : str}) – A dictionary that contains the column names needed:


	data : string, should be assigned to associated column which stores the tokenized text logs


	predicted_col : string, will be used to create keyword search label column






	reference_df (DataFrame) – Holds columns that define the reference dictionary to search for keywords of interest,
Note: This function can currently only handle single words, no n-gram functionality.


	reference_col_dict (dict of {str : str}) – A dictionary that contains the column names that describes how
referencing is going to be done


	reference_col_from : string, should be assigned to
associated column name in reference_df that are possible input reference values
Example: pd.Series([‘inverter’, ‘invert’, ‘inv’])


	reference_col_to : string, should be assigned to
associated column name in reference_df that are the output reference values
of interest
Example: pd.Series([‘inverter’, ‘inverter’, ‘inverter’])










	Returns:

	om_df (pd.DataFrame) – Input df with new_col added, where each found keyword is its own row, may result in
duplicate rows if more than one keywords of interest was found in text_col.











text.defaults module


	
pvops.text.defaults.supervised_classifier_defs(settings_flag)

	Establish supervised classifier definitions
which are non-specific to embeddor, and therefore,
non-specific to the natural language processing application


	Parameters:

	settings_flag (str) – Either ‘light’, ‘normal’ or ‘detailed’; a setting which
determines the number of hyperparameter combinations
tested during the grid search. For instance, a dataset
of 50 thousand samples may run for hours on the ‘normal’
setting but for days on ‘detailed’.



	Returns:

	
	search_space (dict) – Hyperparameter instances for each clusterer


	classifiers (dict) – Contains sklearn classifiers instances















	
pvops.text.defaults.unsupervised_classifier_defs(setting_flag, n_clusters)

	Establish supervised classifier definitions which are
non-specific to embeddor, and therefore, non-specific to
the natural language processing application


	Parameters:

	
	setting_flag (str) – Either ‘normal’ or ‘detailed’; a setting which determines
the number of hyperparameter combinations tested during
the grid search. For instance, a dataset of 50,000 samples
may run for hours on the ‘normal’ setting but for days
on ‘detailed’.


	n_clusters (int,) – Number of clusters to organize the text data into. Usually
set to the number of unique categories within data.






	Returns:

	
	search_space (dict) – Hyperparameter instances for each clusterer


	clusterers (dict) – Contains sklearn cluster instances
















text.nlp_utils module


	
class pvops.text.nlp_utils.DataDensifier

	Bases: BaseEstimator

A data structure transformer which converts sparse data to dense data.
This process is usually incorporated in this library when doing unsupervised machine learning.
This class is built specifically to work inside a sklearn pipeline.
Therefore, it uses the default transform, fit, fit_transform method structure.


	
fit(X, y=None)

	Placeholder method to conform to the sklearn class structure.


	Parameters:

	
	X (array) – Input data


	y (Not utilized.)






	Returns:

	DataDensifier object










	
fit_transform(X, y=None)

	Performs same action as DataDensifier.transform(),
which returns a dense array when the input is sparse.


	Parameters:

	
	X (array) – Input data


	y (Not utilized.)






	Returns:

	dense array










	
transform(X, y=None)

	Return a dense array if the input array is sparse.


	Parameters:

	X (array) – Input data of numerical values. For this package, these values could
represent embedded representations of documents.



	Returns:

	dense array














	
class pvops.text.nlp_utils.Doc2VecModel(vector_size=100, dm_mean=None, dm=1, dbow_words=0, dm_concat=0, dm_tag_count=1, dv=None, dv_mapfile=None, comment=None, trim_rule=None, callbacks=(), window=5, epochs=10)

	Bases: BaseEstimator

Performs a gensim Doc2Vec transformation of the input documents to create
embedded representations of the documents. See gensim’s
Doc2Vec model for information regarding the hyperparameters.


	
fit(raw_documents, y=None)

	Fits the Doc2Vec model.






	
fit_transform(raw_documents, y=None)

	Utilizes the fit() and transform() methods in this class.






	
set_fit_request(*, raw_documents: bool | None | str = '$UNCHANGED$') → Doc2VecModel

	Request metadata passed to the fit method.

Note that this method is only relevant if
enable_metadata_routing=True (see sklearn.set_config()).
Please see User Guide on how the routing
mechanism works.

The options for each parameter are:


	True: metadata is requested, and passed to fit if provided. The request is ignored if metadata is not provided.


	False: metadata is not requested and the meta-estimator will not pass it to fit.


	None: metadata is not requested, and the meta-estimator will raise an error if the user provides it.


	str: metadata should be passed to the meta-estimator with this given alias instead of the original name.




The default (sklearn.utils.metadata_routing.UNCHANGED) retains the
existing request. This allows you to change the request for some
parameters and not others.


New in version 1.3.




Note

This method is only relevant if this estimator is used as a
sub-estimator of a meta-estimator, e.g. used inside a
Pipeline. Otherwise it has no effect.




	Parameters:

	raw_documents (str, True, False, or None,                     default=sklearn.utils.metadata_routing.UNCHANGED) – Metadata routing for raw_documents parameter in fit.



	Returns:

	self (object) – The updated object.










	
set_transform_request(*, raw_documents: bool | None | str = '$UNCHANGED$') → Doc2VecModel

	Request metadata passed to the transform method.

Note that this method is only relevant if
enable_metadata_routing=True (see sklearn.set_config()).
Please see User Guide on how the routing
mechanism works.

The options for each parameter are:


	True: metadata is requested, and passed to transform if provided. The request is ignored if metadata is not provided.


	False: metadata is not requested and the meta-estimator will not pass it to transform.


	None: metadata is not requested, and the meta-estimator will raise an error if the user provides it.


	str: metadata should be passed to the meta-estimator with this given alias instead of the original name.




The default (sklearn.utils.metadata_routing.UNCHANGED) retains the
existing request. This allows you to change the request for some
parameters and not others.


New in version 1.3.




Note

This method is only relevant if this estimator is used as a
sub-estimator of a meta-estimator, e.g. used inside a
Pipeline. Otherwise it has no effect.




	Parameters:

	raw_documents (str, True, False, or None,                     default=sklearn.utils.metadata_routing.UNCHANGED) – Metadata routing for raw_documents parameter in transform.



	Returns:

	self (object) – The updated object.










	
transform(raw_documents)

	Transforms the documents into Doc2Vec vectors.










	
pvops.text.nlp_utils.create_stopwords(lst_langs=['english'], lst_add_words=[], lst_keep_words=[])

	Concatenate a list of stopwords using both words grabbed from nltk and user-specified words.


	Parameters:

	
	lst_langs (list) – List of strings designating the languages for a nltk.corpus.stopwords.words query. If empty list is passed, no stopwords will be queried from nltk.


	lst_add_words (list) – List of words(e.g., “road” or “street”) to add to stopwords list. If these words are already included in the nltk query, a duplicate will not be added.


	lst_keep_words (list) – List of words(e.g., “before” or “until”) to remove from stopwords list. This is usually used to modify default stop words that might be of interest to PV.






	Returns:

	list – List of alphabetized stopwords










	
pvops.text.nlp_utils.summarize_text_data(om_df, colname)

	Display information about a set of documents located in a dataframe, including
the number of samples, average number of words, vocabulary size, and number of words
in total.


	Parameters:

	
	om_df (DataFrame) – A pandas dataframe containing O&M data, which contains at least the colname of interest


	colname (str) – Column name of column with text






	Returns:

	dict – dictionary containing printed summary data











text.preprocess module


	
pvops.text.preprocess.get_dates(document, om_df, ind, col_dict, print_info, infer_date_surrounding_rows=True)

	Extract dates from the input document.

This method is utilized within preprocessor.py. For an easy way to extract dates, utilize the preprocessor and set
extract_dates_only = True.


	Parameters:

	
	document (str) – String representation of a document


	om_df (DataFrame) – A pandas dataframe containing O&M data, which contains at least the columns within col_dict.


	ind (integer) – Designates the row of the dataframe which is currently being observed. This is required because if the
current row does not have a valid date in the eventstart, then an iterative search is conducted
by first starting at the nearest rows.


	col_dict (dict of {str : str}) – A dictionary that contains the column names relevant for the get_dates fn


	data : string, should be assigned to associated column which stores the text logs


	eventstart : string, should be assigned to associated column which stores the log submission datetime






	print_info (bool) – Flag indicating whether to print information about the preprocessing progress


	infer_date_surrounding_rows (bool) – If True, utilizes iterative search in dataframe to infer the datetime from surrounding rows if the current row’s date value is nan
If False, does not utilize the base datetime. Consequentially, today’s date is used to replace the missing parts of the datetime.
Recommendation: set True if you frequently publish documents and your dataframe is ordered chronologically






	Returns:

	list – List of dates found in text










	
pvops.text.preprocess.get_keywords_of_interest(document_tok, reference_df, reference_col_dict)

	Find keywords of interest in list of strings from reference dict.

If keywords of interest given in a reference dict are in the list of
strings, return the keyword category, or categories. For example,
if the string ‘inverter’ is in the list of text, return [‘inverter’].


	Parameters:

	
	document_tok (list of str) – Tokenized text, functionally a list of string values.


	reference_df (DataFrame) – Holds columns that define the reference dictionary to search for keywords of interest,
Note: This function can currently only handle single words, no n-gram functionality.


	reference_col_dict (dict of {str : str}) – A dictionary that contains the column names that describes how
referencing is going to be done


	reference_col_from : string, should be assigned to
associated column name in reference_df that are possible input reference values
Example: pd.Series([‘inverter’, ‘invert’, ‘inv’])


	reference_col_to : string, should be assigned to
associated column name in reference_df that are the output reference values
of interest
Example: pd.Series([‘inverter’, ‘inverter’, ‘inverter’])










	Returns:

	included_equipment (list of str) – List of keywords from reference_dict found in list_of_txt, can be more than one value.










	
pvops.text.preprocess.preprocessor(om_df, lst_stopwords, col_dict, print_info=False, extract_dates_only=False)

	Preprocessing function which processes the raw text data into processed text data and extracts dates


	Parameters:

	
	om_df (DataFrame) – A pandas dataframe containing O&M data, which contains at least the columns within col_dict.


	lst_stopwords (list) – List of stop words which will be filtered in final preprocessing step


	col_dict (dict of {str : str}) – A dictionary that contains the column names relevant for the get_dates fn


	data : string, should be assigned to associated column which stores the text logs


	eventstart : string, should be assigned to associated column which stores the log submission datetime


	save_data_column : string, should be assigned to associated column where the processed text should be stored


	save_date_column : string, should be assigned to associated column where the extracted dates from the text should be stored






	print_info (bool) – Flag indicating whether to print information about the preprocessing progress


	extract_dates_only (bool) – If True, return after extracting dates in each ticket
If False, return with preprocessed text and extracted dates






	Returns:

	df (DataFrame) – Contains the original columns as well as the processed data, located in columns defined by the inputs










	
pvops.text.preprocess.text_remove_nondate_nums(document, PRINT_INFO=False)

	Conduct initial text processing steps to prepare the text for date
extractions. Function mostly uses regex-based text substitution to
remove numerical structures within the text, which may be mistaken
as a date by the date extractor.


	Parameters:

	
	document (str) – String representation of a document


	PRINT_INFO (bool) – Flag indicating whether to print information about the preprocessing
progress






	Returns:

	string – string of processed document










	
pvops.text.preprocess.text_remove_numbers_stopwords(document, lst_stopwords)

	Conduct final processing steps after date extraction


	Parameters:

	
	document (str) – String representation of a document


	lst_stopwords (list) – List of stop words which will be filtered in final preprocessing step






	Returns:

	string – string of processed document











text.utils module


	
pvops.text.utils.remap_attributes(om_df, remapping_df, remapping_col_dict, allow_missing_mappings=False, print_info=False)

	
	A utility function which remaps the attributes of om_df using columns
	within remapping_df.






	Parameters:

	
	om_df (DataFrame) – A pandas dataframe containing O&M data, which needs to be remapped.


	remapping_df (DataFrame) – Holds columns that define the remappings


	remapping_col_dict (dict of {str : str}) – A dictionary that contains the column names that describes how
remapping is going to be done


	attribute_col : string, should be assigned to associated
column name in om_df which will be remapped


	remapping_col_from : string, should be assigned
to associated column name in remapping_df that matches
original attribute of interest in om_df


	remapping_col_to : string, should be assigned to
associated column name in remapping_df that contains the
final mapped entries






	allow_missing_mappings (bool) – If True, allow attributes without specified mappings to exist in
the final dataframe.
If False, only attributes specified in remapping_df will be in
final dataframe.


	print_info (bool) – If True, print information about remapping.






	Returns:

	DataFrame – dataframe with remapped columns populated










	
pvops.text.utils.remap_words_in_text(om_df, remapping_df, remapping_col_dict)

	
	A utility function which remaps a text column of om_df using columns
	within remapping_df.






	Parameters:

	
	om_df (DataFrame) – A pandas dataframe containing O&M note data


	remapping_df (DataFrame) – Holds columns that define the remappings


	remapping_col_dict (dict of {str : str}) – A dictionary that contains the column names that describes how
remapping is going to be done


	data : string, should be assigned to associated
column name in om_df which will have its text tokenized and remapped


	remapping_col_from : string, should be assigned
to associated column name in remapping_df that matches
original attribute of interest in om_df


	remapping_col_to : string, should be assigned to
associated column name in remapping_df that contains the
final mapped entries










	Returns:

	DataFrame – dataframe with remapped columns populated











text.visualize module


	
pvops.text.visualize.visualize_attribute_connectivity(om_df, om_col_dict, figsize=(20, 10), attribute_colors=['lightgreen', 'cornflowerblue'], edge_width_scalar=10, graph_aargs={})

	Visualize a knowledge graph which shows the frequency of combinations between attributes
ATTRIBUTE1_COL and ATTRIBUTE2_COL

NOW USES BIPARTITE LAYOUT
ATTRIBUTE2_COL is colored using a colormap.


	Parameters:

	
	om_df (DataFrame) – A pandas dataframe containing O&M data, which contains columns specified in om_col_dict


	om_col_dict (dict of {str : str}) – A dictionary that contains the column names to be used in
visualization:

{
    'attribute1_col' : string,
    'attribute2_col' : string
}







	figsize (tuple) – Figure size, defaults to (20,10)


	attribute_colors (list[str]) – List of two strings which designate the colors for Attribute1 and Attribute 2, respectively.


	edge_width_scalar (numeric) – Weight utilized to scale widths based on number of connections between Attribute 1
and Attribute 2. Larger values will produce larger widths, and smaller values will produce smaller widths.


	graph_aargs (dict) – Optional, arguments passed to networkx graph drawer.
Suggested attributes to pass:


	with_labels=True


	font_weight=’bold’


	node_size=19000


	font_size=35










	Returns:

	
	Matplotlib axis,


	networkx graph















	
pvops.text.visualize.visualize_attribute_timeseries(om_df, om_col_dict, date_structure='%Y-%m', figsize=(12, 6), cmap_name='brg')

	Visualize stacked bar chart of attribute frequency over time, where x-axis is time and y-axis is count, displaying separate bars
for each label within the label column


	Parameters:

	
	om_df (DataFrame) – A pandas dataframe of O&M data, which contains columns in om_col_dict


	om_col_dict (dict of {str : str}) – A dictionary that contains the column names relevant for the get_dates fn


	label (string), should be assigned to associated column name for the label/attribute of interest in om_df


	date (string), should be assigned to associated column name for the dates relating to the documents in om_df






	date_structure (str) – Controls the resolution of the bar chart’s timeseries
Default : “%Y-%m”. Can change to include finer resolutions (e.g., by including day, “%Y-%m-%d”)
or coarser resolutions (e.g., by year, “%Y”)


	figsize (tuple) – Optional, figure size


	cmap_name (str) – Optional, color map name in matplotlib






	Returns:

	Matplotlib figure instance










	
pvops.text.visualize.visualize_classification_confusion_matrix(om_df, col_dict, title='')

	Visualize confusion matrix comparing known categorical values, and predicted categorical values.


	Parameters:

	
	om_df (DataFrame) – A pandas dataframe containing O&M data, which contains columns specified in om_col_dict


	col_dict (dict of {str : str}) – A dictionary that contains the column names needed:


	data : string, should be assigned to associated column which stores the tokenized text logs


	attribute_col : string, will be assigned to attribute column and used to create new attribute_col


	predicted_col : string, will be used to create keyword search label column






	title (str) – Optional, title of plot






	Returns:

	Matplotlib figure instance










	
pvops.text.visualize.visualize_cluster_entropy(doc2vec, eval_kmeans, om_df, data_cols, ks, cmap_name='brg')

	Visualize entropy of embedding space parition. Currently only supports doc2vec embedding.


	Parameters:

	
	doc2vec (Doc2Vec model instance) – Instance of gensim.models.doc2vec.Doc2Vec


	eval_kmeans (callable) – Callable cluster fit function
For instance,

def eval_kmeans(X,k):
    km = KMeans(n_clusters=k)
    km.fit(X)
    return km







	om_df (DataFrame) – A pandas dataframe containing O&M data, which contains columns specified in om_col_dict


	data_cols (list) – List of column names (str) which have text data.


	ks (list) – List of k parameters required for the clustering mechanic eval_kmeans


	cmap_name – Optional, color map






	Returns:

	Matplotlib figure instance










	
pvops.text.visualize.visualize_document_clusters(cluster_tokens, min_frequency=20)

	Visualize words most frequently occurring in a cluster. Especially useful when visualizing
the results of an unsupervised partitioning of documents.


	Parameters:

	
	cluster_tokens (list) – List of tokenized documents


	min_frequency (int) – Minimum number of occurrences that a word must have in a cluster for it to be visualized






	Returns:

	Matplotlib figure instance










	
pvops.text.visualize.visualize_word_frequency_plot(tokenized_words, title='', font_size=16, graph_aargs={})

	Visualize the frequency distribution of words within a set of documents


	Parameters:

	
	tokenized_words (list) – List of tokenized words


	title (str) – Optional, title of plot


	font_size (int) – Optional, font size


	aargs – Optional, other parameters passed to nltk.FreqDist.plot()






	Returns:

	Matplotlib figure instance
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text2time module


text2time.preprocess module

These functions focus on pre-processing user O&M and production data to
create visualizations of the merged data


	
pvops.text2time.preprocess.data_site_na(pom_df, df_col_dict)

	Drops rows where site-ID is missing (NAN) within either production
or O&M data.


	Parameters:

	
	pom_df (DataFrame) – A data frame corresponding to either the production or O&M
data.


	df_col_dict (dict of {str : str}) – A dictionary that contains the column names associate