排卵算法最佳实践
import numpy as np
import pandas as pd 
import seaborn as sns
from IPython.display import display
import matplotlib.pyplot as plt
from mpl_toolkits.mplot3d import Axes3D
import sklearn
%matplotlib inline

    d1 =  pd.read_excel("data_all_2020514.xlsx")
    d2 = pd.read_excel("data2019_2020_old.xlsx")
data =d1.append(d2)
# data[data["whiteBalance"] == 0]只取那些没有白平衡的数据，这一点很重要，白平衡后，数据差异大，造成算法准确率降低很多。
    data_all = data[data["whiteBalance"] == 0]

train_labels = data_all["index"]
train_features = data_all.drop("dateTime",axis=1)
train_features = train_features.drop("index",axis=1)
train_features = train_features.drop("whiteBalance",axis=1)

# train_features_9是选择出来的训练算法的特征值。经过多轮测试，我发现，RGB,LAB数据没有提高准确率，甚至降低了准确度。最终我选择的特征值包括，T线的hsv和灰度相关的stddev, hist, max, min
train_features_9 = pd.DataFrame()
train_features_9['right_grayValue'] = train_features['right_grayValue']
train_features_9['right_grayStddevValue'] = train_features['right_grayStddevValue']
train_features_9['right_grayHist'] = train_features['right_grayHist']
train_features_9['left_right_gray_value'] = train_features['left_grayValue'] - train_features['right_grayValue']
train_features_9['left_right_gray_stddev'] = train_features['left_grayStddevValue'] - train_features['right_grayStddevValue']
train_features_9['left_right_gray_hist'] = train_features['left_grayHist'] - train_features['right_grayHist']
train_features_9['left_right_gray_max'] = train_features['left_grayMax'] - train_features['right_grayMax']
train_features_9['left_right_gray_min'] = train_features['left_grayMin'] - train_features['right_grayMin']

train_features_9['right_H_stddev'] = train_features['right_block_H_stddev']
train_features_9['right_S_stddev'] = train_features['right_block_S_stddev']
train_features_9['right_V_stddev'] = train_features['right_block_V_stddev']
train_features_9['left_right_H'] = train_features['left_block_H'] - train_features['right_block_H']
train_features_9['left_right_S'] = train_features['left_block_S'] - train_features['right_block_S']
train_features_9['left_right_V'] = train_features['left_block_V'] - train_features['right_block_V']
train_features_9['left_right_H_stddev'] = train_features['left_block_H_stddev'] - train_features['right_block_H_stddev']
train_features_9['left_right_S_stddev'] = train_features['left_block_S_stddev'] - train_features['right_block_S_stddev']
train_features_9['left_right_V_stddev'] = train_features['left_block_V_stddev'] - train_features['right_block_V_stddev']
train_features_9['left_right_H_hist'] = train_features['left_block_H_hist'] - train_features['right_block_H_hist']
train_features_9['left_right_S_hist'] = train_features['left_block_S_hist'] - train_features['right_block_S_hist']
train_features_9['left_right_V_hist'] = train_features['left_block_V_hist'] - train_features['right_block_V_hist']
train_features_9['left_right_H_max'] = train_features['left_block_H_max'] - train_features['right_block_H_max']
train_features_9['left_right_S_max'] = train_features['left_block_S_max'] - train_features['right_block_S_max']
train_features_9['left_right_V_max'] = train_features['left_block_V_max'] - train_features['right_block_V_max']
train_features_9['left_right_H_min'] = train_features['left_block_H_min'] - train_features['right_block_H_min']
train_features_9['left_right_S_min'] = train_features['left_block_S_min'] - train_features['right_block_S_min']
train_features_9['left_right_V_min'] = train_features['left_block_V_min'] - train_features['right_block_V_min']

from sklearn.ensemble import RandomForestClassifier
from sklearn.metrics import accuracy_score
from sklearn.svm import SVC
from sklearn.metrics import f1_score
from sklearn.metrics import precision_score
from sklearn.metrics import recall_score
from sklearn.ensemble import ExtraTreesClassifier
from sklearn.ensemble import AdaBoostClassifier
from sklearn.model_selection import train_test_split
from sklearn.ensemble import RandomForestClassifier
from sklearn.metrics import classification_report
from sklearn.metrics import classification_report,confusion_matrix
from sklearn.metrics import f1_score
from sklearn.metrics import precision_score
from sklearn.metrics import recall_score

X_train ,X_test,y_train,y_test = train_test_split(train_features_9,train_labels,test_size = 0.3, random_state = 20)

#10棵树就够了！！！
rfc = RandomForestClassifier(n_estimators=10) ###20 30 40 50

rfc.fit(X_train, y_train)
rfc_pred = rfc.predict(X_test)
cr = classification_report(y_test,rfc_pred)
print(cr)
cm = confusion_matrix(y_test,rfc_pred)
print(cm)
print ("Accuracy of prediction:",round((cm[0,0]+cm[1,1])/cm.sum(),3))
print ("RandomForest accuracy score:" , accuracy_score(y_test,rfc_pred))
print ("f1 score:" , f1_score(y_test,rfc_pred,average='micro'))
print ("precision_score:" , precision_score(y_test,rfc_pred,average='micro'))
print ("recall_score:" , recall_score(y_test,rfc_pred,average='micro'))

#测试结果
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Accuracy of prediction: 0.109
RandomForest accuracy score: 0.9939563559665774

f1 score: 0.9939563559665774
precision_score: 0.9939563559665774
recall_score: 0.9939563559665774
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