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LAMPIRAN 

Source Code Wemos D1 Mini 

#include "ThingsBoard.h" 

#include "DHT.h" 

#include <SoftwareSerial.h> 

#include <PZEM004Tv30.h> 

#include <ESP8266WiFi.h> 

#include <PubSubClient.h> 

#define DHTTYPE DHT11 

#define DHTPIN D5 

#define WIFI_AP             "Edosaniau" 

#define WIFI_PASSWORD       "1sampai0" 

PZEM004Tv30 pzem(D3, D4); 

DHT dht(DHTPIN, DHTTYPE); 

float h; 

float t; 

float V; 

float I; 

float I1;  

float W; 
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float Hz; 

float pf; 

// See https://thingsboard.io/docs/getting-started-guides/helloworld/ 

// to understand how to obtain an access token 

#define TOKEN               "lHO53hiskAoUw0X7eL1O" 

#define THINGSBOARD_SERVER  "192.168.8.100" 

// Baud rate for debug serial 

#define SERIAL_DEBUG_BAUD   115200 

// Initialize ThingsBoard client 

WiFiClient espClient; 

// Initialize ThingsBoard instance 

ThingsBoard tb(espClient); 

// the Wifi radio's status 

int status = WL_IDLE_STATUS; 

void setup() { 

  // initialize serial for debugging 

  Serial.begin(SERIAL_DEBUG_BAUD); 

  WiFi.begin(WIFI_AP, WIFI_PASSWORD); 

  Serial.println("Inisialisasi PZEM004T!"); 

  Serial.println("Inisialisasi DHT11!"); 

  dht.begin(); 

  InitWiFi(); 

} 

void loop() { 

  delay(1000); 

  if (WiFi.status() != WL_CONNECTED) { 

    reconnect(); 

  } 
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  if (!tb.connected()) { 

    // Connect to the ThingsBoard 

    Serial.print("Connecting to: "); 

    Serial.print(THINGSBOARD_SERVER); 

    Serial.print(" with token "); 

    Serial.println(TOKEN); 

    if (!tb.connect(THINGSBOARD_SERVER, TOKEN)) { 

      Serial.println("Failed to connect"); 

      return; 

    } 

  } 

  sensor(); 

  pzem004Tv30(); 

  Serial.println("Sending data..."); 

  Serial.println("------------------------------------"); 

  // Uploads new telemetry to ThingsBoard using MQTT. 

  // See https://thingsboard.io/docs/reference/mqtt-api/#telemetry-upload-api 

  // for more details 

} 

 

void InitWiFi() 

{ 

  Serial.println("Connecting to AP ..."); 

  // attempt to connect to WiFi network 

  WiFi.begin(WIFI_AP, WIFI_PASSWORD); 

  while (WiFi.status() != WL_CONNECTED) { 

    delay(500); 

    Serial.print("."); 
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  } 

  Serial.println("Connected to AP"); 

} 

void reconnect() { 

  // Loop until we're reconnected 

  status = WiFi.status(); 

  if ( status != WL_CONNECTED) { 

    WiFi.begin(WIFI_AP, WIFI_PASSWORD); 

    while (WiFi.status() != WL_CONNECTED) { 

      delay(500); 

      Serial.print("."); 

    } 

    Serial.println("Connected to AP"); 

  } 

} 

void sensor() { 

  // Wait a few seconds between measurements. 

  // Reading temperature or humidity takes about 250 milliseconds! 

  // Sensor readings may also be up to 2 seconds 'old' (its a very slow sensor) 

  float h = dht.readHumidity(); 

  // Read temperature as Celsius (the default) 

  float t = dht.readTemperature(); 

  // Read temperature as Fahrenheit (isFahrenheit = true) 

  // Check if any reads failed and exit early (to try again). 

  if (isnan(h) || isnan(t)) { 

    Serial.println ("Failed to read from DHT sensor!"); 

    return; 

  } 
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  Serial.print("Humidity    : "); 

  Serial.println(h); 

  Serial.print("Tenperature : "); 

  Serial.println(t); 

  tb.sendTelemetryInt("temperature", t); 

  tb.sendTelemetryFloat("humidity", h); 

  tb.loop(); 

} 

void pzem004Tv30(){ 

   float V = pzem.voltage(); 

    if(V != NAN){ 

        Serial.print("Voltage: "); Serial.print(V); Serial.println("V"); 

    } else { 

        Serial.println("Error reading voltage"); 

    } 

    float I1 = pzem.current(); 

    float I = I1; 

    if(I != NAN){ 

        Serial.print("Current: "); Serial.print(I, 3); Serial.println("A"); 

    } else { 

        Serial.println("Error reading current"); 

    } 

    float W = pzem.power(); 

    if(I != NAN){ 

        Serial.print("Power: "); Serial.print(W); Serial.println("W"); 

    } else { 

        Serial.println("Error reading power"); 

    } 
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    float kWh = pzem.energy(); 

    if(I != NAN){ 

        Serial.print("Energy: "); Serial.print(kWh,3); Serial.println("kWh"); 

    } else { 

        Serial.println("Error reading energy"); 

    } 

    float Hz = pzem.frequency(); 

    if(I != NAN){ 

        Serial.print("Frequency: "); Serial.print(Hz, 1); Serial.println("Hz"); 

    } else { 

        Serial.println("Error reading frequency"); 

    } 

    float pf = pzem.pf(); 

    if(I != NAN){ 

        Serial.print("PF: "); Serial.println(pf); 

    } else { 

        Serial.println("Error reading power factor"); 

    } 

 tb.sendTelemetryFloat("Volt", V); 

 tb.sendTelemetryFloat("Ampere", I); 

 tb.sendTelemetryFloat("Watt", W); 

 tb.sendTelemetryFloat("WattHours", kWh); 

 tb.sendTelemetryFloat("Frequency", Hz); 

 tb.sendTelemetryFloat("Power Factor", pf); 

 //tb.loop(); 

 delay(1000); 

} 
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ARIMA Source Code 

import numpy as np 

import pandas as pd 

import statsmodels.api as sm 

import matplotlib.pyplot as plt 

 

df = pd.read_csv('database_dataset950.csv') 

df['date'] = pd.to_datetime(df['date']) 

 

df.set_index('date',inplace=True) 

df.head() 

 

ls=df['arus'] 

ls.plot() 

ls1=df['temp'] 

ls1.plot() 

 

timeseries = df['arus'] 

timeseries.rolling(12).mean().plot(label='arus mean') 

timeseries.rolling(12).std().plot(label='arus Std') 

timeseries.plot() 

plt.legend() 

 

timeseries = df['temp'] 

timeseries.rolling(12).mean().plot(label='temp mean') 

timeseries.rolling(12).std().plot(label='temp Std') 

timeseries.plot() 

plt.legend() 
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from statsmodels.tsa.seasonal import seasonal_decompose 

decomposition = seasonal_decompose(df['arus']) 

figure=plt.figure() 

figure=decomposition.plot() 

figure.set_size_inches(30,20) 

 

from statsmodels.tsa.seasonal import seasonal_decompose 

decomposition = seasonal_decompose(df['temp']) 

figure=plt.figure() 

figure=decomposition.plot() 

figure.set_size_inches(30,20) 

 

from statsmodels.tsa.stattools import adfuller as adf 

test_result=adf(df['arus']) 

print('ADF Test:') 

labels = ['ADF Statistic','p-Value','No.of lags used','Number of observations used'] 

for value,label in zip(test_result, labels): 

    print(label+':'+str(value)) 

if test_result[1]<=0.05: 

    print('Reject, null hypotesis an data is stationary') 

else: 

    print('fail') 

     

from statsmodels.tsa.stattools import adfuller as adf 

test_result=adf(df['temp']) 

print('ADF Test:') 

labels = ['ADF Statistic','p-Value','No.of lags used','Number of observations used'] 
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for value,label in zip(test_result, labels): 

    print(label+':'+str(value)) 

if test_result[1]<=0.05: 

    print('Reject, null hypotesis an data is stationary') 

else: 

    print('fail') 

     

df['arus1']=df['arus']-df['arus'].shift(1) 

df_check=(df['arus1'].dropna()) 

df['temp1']=df['temp']-df['temp'].shift(1) 

df_check=(df['temp1'].dropna()) 

 

df['arus1'].plot() 

df['temp1'].plot() 

 

from statsmodels.graphics.tsaplots import plot_acf as acf 

fig_first = acf(df['arus'].dropna()) 

 

from statsmodels.graphics.tsaplots import plot_acf as acf 

fig_first = acf(df['temp'].dropna()) 

 

model=sm.tsa.statespace.SARIMAX(df['arus'],order=(0,0,1),seasonal_order=(1,1,1,12)) 

ARIMAresult = model.fit() 

print(ARIMAresult.summary()) 

 

model1=sm.tsa.statespace.SARIMAX(df['temp'],order=(0,0,1),seasonal_order=(1,1,1,12)

) 

ARIMAresult1 = model1.fit() 

print(ARIMAresult1.summary()) 
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df['forecast_data']=ARIMAresult.predict(start=650,end=950) 

df[['arus','forecast_data']].plot(figsize=(20,8)) 

 

df['forecast_data1']=ARIMAresult1.predict(start=650,end=950) 

df[['temp','forecast_data1']].plot(figsize=(20,8)) 

 

prediction=ARIMAresult.predict(start=950,end=999, model='additive') 

df['arus'].plot(legend=True, label='train', figsize=(10,6)) 

prediction.plot(legend=True, label='prediction', ) 

 

prediction=ARIMAresult1.predict(start=950,end=999, model='additive') 

df['temp'].plot(legend=True, label='train', figsize=(10,6)) 

prediction.plot(legend=True, label='prediction', ) 

 

fcast = ARIMAresult.predict(start=950,end=999,dynamic=False) 

fcast1 = ARIMAresult1.predict(start=950,end=999,dynamic=False) 

 

fcast.to_csv("data_prediksi_Arus_50.csv") 

fcast1.to_csv("data_prediksi_Temp_50.csv") 

 

data_arus = pd.read_csv("data_prediksi_Arus_50.csv") 

data_aktual = pd.read_csv("database_actual.csv") 

data_temp = pd.read_csv("data_prediksi_Temp_50.csv") 

 

data_a = data_arus['predicted_mean'] 

dataAktual = data_aktual['arus'] 

dataAktual1 = data_aktual['temp'] 
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data_t = data_temp['predicted_mean'] 

import sklearn.metrics as metrics 

mae = metrics.mean_absolute_error(dataAktual, data_a) 

mae1 = metrics.mean_absolute_error(dataAktual1, data_t) 

mse = metrics.mean_squared_error(dataAktual, data_a) 

mse1 = metrics.mean_squared_error(dataAktual1, data_t) 

rmse = np.sqrt(mse) # or mse**(0.5)   

rmse1 = np.sqrt(mse1) # or mse**(0.5) 

r2 = metrics.r2_score(dataAktual, data_a) 

r21 = metrics.r2_score(dataAktual1, data_t) 

def mape(dataAktual, data_a):  

    dataAktual, data_a = np.array(dataAktual), np.array(data_a) 

    return np.mean(np.abs((dataAktual - data_a) / dataAktual)) * 100 

m = mape(dataAktual,data_a) 

def mape1(dataAktual1, data_t):  

    dataAktual1, data_t = np.array(dataAktual1), np.array(data_t) 

    return np.mean(np.abs((dataAktual1 - data_t) / dataAktual1)) * 100 

m1 = mape(dataAktual1,data_t) 

print("Results of sklearn.metrics :") 

print("MAE Arus :",mae) 

print("MAE Temp :",mae1) 

print("MSE Arus :", mse) 

print("MSE Temp :", mse1) 

print("RMSE Arus :", rmse) 

print("RMSE Temp :", rmse1) 

print("R-Squared Arus :", r2) 

print("R-Squared Temp :", r21) 

print("MAPE Arus :", m) 
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print("MAPE temp :", m1) 

data_arus['date'] = pd.to_datetime(data_arus['date']) 

data_arus.set_index('date',inplace=True) 

data_aktual['date'] = pd.to_datetime(data_aktual['date']) 

data_aktual.set_index('date',inplace=True) 

data_temp['date'] = pd.to_datetime(data_temp['date']) 

data_temp.set_index('date',inplace=True) 

data_aktual['arus'].plot(legend=True, label='Data Aktual', figsize=(10,6)) 

data_arus['predicted_mean'].plot(legend=True, label='Data Prediksi', ) 

data_aktual['temp'].plot(legend=True, label='Data Aktual', figsize=(10,6)) 

data_temp['predicted_mean'].plot(legend=True, label='Data Prediksi', ) 

 

Data Aktual dan Data Predriksi 

date T_Aktual T_Prediksi A_Aktual A_Prediksi 

2022-04-24 25.9 25.976919205721998 1.55 1.5427528048315649 

2022-04-25 25.9 26.018960709299304 1.55 1.5447829581879868 

2022-04-26 26 25.976096783177937 1.55 1.5468222137041618 

2022-04-27 26 25.940771584112216 1.56 1.5418377198769682 

2022-04-28 26.1 25.94201111534256 1.56 1.5456286745553887 

2022-04-29 26 25.98785463460188 1.56 1.5505385461671068 

2022-04-30 26 25.983629884036358 1.55 1.5485721624822446 

2022-05-01 25.9 26.02148952135474 1.55 1.5460537296565993 

2022-05-02 25.9 26.0585439682571 1.56 1.5398865892517288 

2022-05-03 26 26.015939652002206 1.56 1.539805685762417 

2022-05-04 26 25.984401495102517 1.56 1.5416115391456888 

2022-05-05 26.1 25.984531227378707 1.55 1.54434088314127 

2022-05-06 26.2 25.975515754337152 1.55 1.544426209505234 

2022-05-07 26.1 25.990395558408487 1.55 1.5448035549367896 

2022-05-08 26 25.967671252927186 1.55 1.5468347595238892 

2022-05-09 26 25.95514296424342 1.55 1.5418304646054868 

2022-05-10 25.9 25.956819411891995 1.55 1.5456064526909516 

2022-05-11 25.9 25.983573573005444 1.55 1.5505364200004932 
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2022-05-12 26 25.977859660376225 1.56 1.548577799548564 

2022-05-13 26 25.99381573929642 1.56 1.5460693094318625 

2022-05-14 26.1 26.00868281009278 1.56 1.5398870369944877 

2022-05-15 26 25.986309623114618 1.56 1.5398064529101003 

2022-05-16 26 25.97890325292622 1.56 1.54160517683 

2022-05-17 25.9 25.97907871391021 1.56 1.5443237454446854 

2022-05-18 25.9 25.975021058489872 1.56 1.544419602946009 

2022-05-19 25.8 25.98032676537785 1.56 1.5448034736213474 

2022-05-20 25.9 25.96470137818042 1.56 1.5468347099933109 

2022-05-21 25.9 25.960208663096505 1.55 1.5418304932491147 

2022-05-22 26 25.96203911731776 1.55 1.545606540422309 

2022-05-23 26 25.982064562136546 1.56 1.550536428394545 

2022-05-24 26 25.975825741913955 1.56 1.548577777293569 

2022-05-25 25.9 25.98406114059028 1.56 1.5460692479233047 

2022-05-26 25.9 25.991107489600218 1.56 1.5398870352268106 

2022-05-27 26 25.975865476346364 1.56 1.5398064498814208 

2022-05-28 25.9 25.976965203912684 1.56 1.5416052019482611 

2022-05-29 25.9 25.977156783589557 1.56 1.544323813103877 

2022-05-30 25.8 25.97484668552337 1.56 1.5444196290285375 

2022-05-31 25.9 25.976777664815373 1.56 1.5448034739423786 

2022-06-01 25.9 25.963654541275325 1.55 1.5468347101888562 

2022-06-02 26 25.961994246988645 1.55 1.5418304931360305 

2022-06-03 26 25.963878986248048 1.55 1.5456065400759478 

2022-06-04 26.1 25.981532658133027 1.56 1.5505364283614056 

2022-06-05 26 25.97510881575046 1.56 1.548577777381431 

2022-06-06 26 25.98062278887828 1.56 1.5460692481661389 

2022-06-07 25.9 25.9849124491762 1.56 1.5398870352337892 

2022-06-08 25.9 25.97218406914522 1.57 1.539806449893378 

2022-06-09 26 25.976282070311356 1.57 1.5416052018490949 

2022-06-10 25.9 25.976479331588973 1.56 1.5443238128367602 

2022-06-11 26 25.974785221632754 1.56 1.5444196289255643 

2022-06-12 26.1 25.975526659380634 1.55 1.5448034739411112 
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