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Cleaning Data

The original data we download from lowa State University ASOS
Network contains contains 30 variables. However, most of them
are not that helpful and contains WAY TOO MUCH missing

values.

After carefully reviewing each variables, we decided to keep the
following variables:

'station’, 'valid', 'tmpf', 'dwpf', 'relh’, 'drct’, 'sknt’, 'pO1i',

‘alti', 'mslp’, 'vsby','skyc1','skyl1','feel'

snowdepth
ice_accretion_3hr
skycd

sleyl4
ice_accretion_ghr
ice_accretion_lhr
peak_wind_gust
peak_wind_drct
peak_wind_time
skyc3

skyl2
wxcodes

skyll
mslp
plli
drct
feal
sknt
skycl
d WD f
relh
tmpf
wsby
alti
station
wvalid
metar
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Selected Variables

e  Statio:three or four character site identifier

e  Valid:timestamp of the observation

e tmpf:Air Temperature in Fahrenheit, typically @ 2 meters

e  Dwpf: Dew Point Temperature in Fahrenheit, typically @ 2 meters

e Relh: Relative Humidity in %

e  Drct: Wind Direction in degrees from *true* north

e  Sknt:Wind Speed in knots

e  PO1li: One hour precipitation for the period from the observation time to the time of the previous hourly precipitation
reset.

e Alti: Pressure altimeter in inches

e  Mslp: Sea Level Pressure in millibar

e  Vshy: Visibility in miles

e  Skycl:Sky Level 1 Coverage

e  Skyll:Sky Level 1 Altitude in feet

e  Feel: Apparent Temperature (Wind Chill or Heat Index) in Fahrenheit
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Cleaning Data

Separate ‘valid’ column into four columns:Year,
month, day, hour

Fill in NaN values: There are still many NaN values in
our dataframe, since our variables are about
weather, we use the ‘Last Observation Carried
Forward’ method to fill those NaN values.

Check Correlation:

dwpf & tempf have high correlation of 0.91

alti & mslp have high correlation of 1

We drop dwpf and alti columns.

yearr

monthh

datee

hourr

tmpf

dwpf

relh

dret

sknt

pO1i

alti

mslp

1.00
1.00




Multiple Linear Regression Model

from sklearn.linear_model import LinearRegression
from sklearn.model_selection import cross_val_score
lr = LinearRegression().fit(X_train, y_train)
np.mean{cross_wval_score(lr, X_train, y_train, cv=5))

8.11217934523843542
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5 typical days power comsumption

2 3 4 5 6 7 B 9 10 11 12 13 14 15 16 17 18

995.2 999.13 1006.4 1021.4 1024.8 1039.9 1036.9 1044.1 1049.2 1060.8 1081.6 1081.7 1114.7 11286 1130.3 1136.8 1147.2 11601 1155.9 1158.6 1152.8 1185.4 1181.6 11718

995.09 1031.4 1047.3 1036.4 1064.2 1073.6 1080.6 1082.5 1086 1095.1 1103.9 1121.8 1134.9 1140.4 1146.71154.2 1161.6 1172.2 1176.6|1150.1 1195.2 1201.9 1200.7 1222.8
11927 1207.1 1208.6 1227.2 1242.6 1252.7|1253.1
1092.2 1108.1 1116.% 1103.4 1104.8 1082.4 1033.7 963.63 986.67 1032.1 1122.3 1126 1122.3 1134.6 1137.6 1148.8 11456 1167.5 1162.4 1174.1 1144.1 1178.5 1185.6 1167.9

11534 1151 1157.3 11624 1163.6 1186.6 11B4.6

1065.6 1083.6 1085.5 1036.8 1040.6 1056.9 1099.8 1093 1085.9 1127.2/1133.2 1130.9 1164, 155.1/1169.3 1157.6 1184.1

1027.4 1001.4 1018.7 1066.2 1075.2 1082.3 1073.9 10824 1095 1109.6 1078.4 1105.1 1131.6 1113.5 1134.4 1141.2 1155.3

1% 0 21 22 23 24 25

Predict Value & Real value

0

1209.360154
1177.352581
1075.221780
1091.009084
1041.104234

902.133435
1198.785909
1025.423534
1127.307795
1105.112642

1102.033
1190.934
1M77.578
1172.951

559,464
1040.533
1393.293
1266.172
1121.585
1090.752
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Multiple Linear Regression Model
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Random Forest Regression Model

from sklearn.ensemble import RandomForestRe 0 Predict Value Real value
rf = RandomForestRegressor()

y_tr ain, cv=5) | 1187.84494 | 1102.033
1064.43623 | 1190.984
1051.87970 | 1177.578
07231617

942 14033

1142.30232
1401.84201
1007.59489
1098.34358

1066.53211
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5 Day Power Load

2 3 1 5 6 7 8 9 11 12 13 14 15 16 17 18 19 20
1001.3 980.48 955.363964.516 928.072 973.101 940.547 941.628 947.113 982.526 1015.34 1049.18 1069.16 1207.331229.91 1186.18 1181.92 1210.41 1202.67
979.655998.223 996.344 964.757 993.979 1001.24/ 1015.4 941.429 980.395 1042.63 1067.4 7.21/1109.78 1212.22 1232.98 1273.66 1263.38 1239.04 1260.62
1128.36 1082.05 1099.07 115 1085.54 1089.52/1132.93/1132.22 1150.97 1174.95 1204.351243.39 1261.77 1338.32 1335.47 1345.71 1344.68 1326.89 1354.6
1083.711110.34 1128.381152.36 1168.26 1158.34 1211.71/1248.61 1185.47 1167.9 |1186.19 1287.02 1262.17 1337.39/1326.21 1315.42 1318.99 1306.39 1277.84
1082.32 1075.46 1052.14 1056.01 1069.54 1068.42 1133.85 1133.6 1110.28 1147.11/1112.76/1191.16/1179.63 1217.11 1253.06 1218.3 1192.47 1215.451261.95

Axis Title

21 22 23 24 25
1240.62/1188.99 1163.33 1088.74 1138.15
1250.131245.04 1304.16 1271.51 1180.35
1319.5411285.61 1191.13 1088.52 1061.25
1248.351201.33 1174.59 1134.29 1107.97
1225.651185.27 1137.75 1092.37 1074.64




Learn from those Models

e variable ‘Hour’ would definitely affect power grid load, so we use it as one of the input variables.

There are patterns of the load curve. For example, in most of the days, 3 am is the time where power
grid load meet its minimum. From 3 am to 6 pm, the power grid load continue increasing and meet its
maximum at 6 or 7 pm. Then it continues decreasing to meet its minimum at 3 am.

As for our models’ prediction, we did not do well. As shown in previous slides, our multiple linear
regression model predict that the power grid load would continue to increase in a given day.

For our random forest regression model, the results are slightly better than the Linear Regression
model. The model successfully predict the pattern that from 6 pm to 3 am, the power grid load would
continue to decrease to daily minimum, then continues to increase to daily maximum at 6 pm.

If we have more time, we would build a time series model, this should predict better outcomes that fits
the power grid load in real data!



Thank You!



