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Abstract

The take-away industry is booming and people's demands for the quality of take-away services are
constantly improving. Since the take-out area of the take-out is basically fixed, it is the key to im-
prove efficiency by reasonably dividing the area of the take-out of the seller and assigning the
number of the sellers in each area. Based on the query algorithm model, this project analyzes the
take-out data of Shanghai during a certain period of time in 2017, trying to obtain a more reason-
able division standard for the take-out order area and give the division. K-Means is a common
partitioning clustering algorithm based on the inability of centralized system frameworks to
process and analyze massive amounts of data. However, the K-Means clustering algorithm cannot
be used for the two-dimensional point set with weight information. Therefore, it is especially ne-
cessary to study an improved Weighted K-Means algorithm. This project defines the weighted
centroid and weighted distance, proposes a new Weighted K-Means algorithm, and uses the two
methods before and after the improvement to deal with the take-out information of Shanghai
take-out orders, and gives a reasonable and feasible division of the take-out area of the take-out.
Comparing the results of the two methods, the improved Weighted K-Means is not only feasible,
but also better in regional division. At the same time, using this method to make a new division of
the take-out order area helps to optimize the existing take-away model, improve the take-out effi-
ciency and customer satisfaction.
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Figure 1. Algorithm flowchart of K-Means
1. K-Means EERIZE
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import pandas as pd #¥&5#FEL

inputfile = '../data/waimai_data.xls' #HERHEthEHIEE

outputfile = '../tmp/data_type.xls' #RELERENAXHHA

k = 10 #BEHEF

iteration = 500 #EEFAER AR

data = pd.read excel(inputfile, index col = 'Id') #EHIEHE

data_zs = 1.0*(data - data.mean())/data.std() #EUEHFAEL

from sklearn.cluster import KMeans

model = RMeans(n_clusters = k, n jobs = 4, max iter = iteration) ##A k2, 3f
RE4

model. fit (data_zs)

Figure 2. K-Means algorithm Python code
[# 2. K-Means 3% Python {15
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K-Means 0T — /MR BT SRR R
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Figure 3. K-Means clustering results
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Figure 4. Algorithm flowchart of Weighted K-Means
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Figure 5. Weighted K-Means clustering results
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def weighted kmeans(X, n_clusters, weights=None, n_init=10, max_iter=300, tol=1e-4):
if len(X.shape) == 1:
X = X[:,np.newaxis]
if n_init<= 0:
raise ValueError("Number of iteration n_init=%d must be bigger than zero." % n_init)
if n_clusters< 0:
raise ValueError("Number of clusters n_clusters=%d must be at least 1." % n_clusters)
if n_clusters>X.shape[0]:
raise ValueError("Number of clusters n_clusters=%d is larger than number of samples %d"
% (n_clusters, X.shape[0]))
X = np.array(X, dtype=tloat)
tol = _tolerance(X, tol)
# subtract mean of X for more accurate distance computations
X _mean = X.mean(axis=0)
X -= X _mean
# precompute squared norms of data points
x_squared_norms = np.einsum('ij,ij->1', X, X)
best labels, best_inertia, best centers = None, None, None
# For a single thread, less memory is needed if we just store one set
# of the best results (as opposed to one set per run per thread).
for it in range(n_init):
# run a k-means once
labels, inertia, centers, n_iter_ = weighted kmeans_single(
X, n_clusters, weights=weights, max_iter=max_iter, tol=tol,
x_squared norms=x_squared norms)
# determine if these results are the best so far
if best_inertia is None or inertia <best inertia:
best_labels = labels.copy()
best_centers = centers.copy()
best_inertia = inertia
# add mean of X to original distribution
best centers += X mean
return best_centers, best_labels, best_inertia
def weighted kmeans_single(X, n_clusters, x_squared norms, weights=None, max_iter=300, tol=1e-4):
best_labels, best_inertia, best_centers = None, None, None
# init

centers = _k_init(X, n_clusters, x_squared norms=x_squared_norms)
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# Allocate memory to store the distances for each sample to its
# closer center for reallocation in case of ties
distances = np.zeros(shape=(X.shape[0],), dtype=np.float64)
# iterations
for i in range(max_iter):
centers_old = centers.copy()
# labels assignment is also called the E-step of EM
labels, inertia =\
_labels_inertia(X, x_squared_norms, centers, weights=weights,
distances=distances)
# computation of the means is also called the M-step of EM
centers = _weighted kmeans. centers_dense(X, labels, n_clusters, distances, weights)
if best_inertia is None or inertia <best_inertia:
best_labels = labels.copy()
best centers = centers.copy()
best_inertia = inertia
# break if diff is less than tol at this iteration
diff = centers_old - centers
if (diff * diff).sum() <= tol:
break
return best_labels, best_inertia, best_centers, 1 + 1
def labels inertia_precompute dense(X, x_squared norms, centers, distances, weights=None):
n_samples = X.shape[0]
k = centers.shape[0]
all distances = euclidean_distances(centers, X, x_squared norms,
squared=True)
labels = np.empty(n_samples, dtype=np.int32)
labels.fill(-1)
mindist = np.empty(n_samples)
mindist.fill(np.infty)
for center_id in range(k):
dist = all_distances[center_id]
labels[dist<mindist] = center_id
mindist = np.minimum(dist, mindist)
if n_samples == distances.shape[0]:
# distances will be changed in-place
distances|:] = mindist
if weights is None:

inertia = mindist.sum()
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else:
inertia = (mindist * weights).sum()
return labels, inertia
def labels inertia(X, x_squared norms, centers, weights=None, distances=None):
n_samples = X.shape[0]
# set the default value of centers to -1 to be able to detect any anomaly
# easily
labels = -np.ones(n_samples, np.int32)
if distances is None:
distances = np.zeros(shape=(0,), dtype=np.float64)
# distances will be changed in-place
return _labels_inertia_precompute_dense(X, x_squared_norms, centers, distances, weights=weights)
def k init(X, n_clusters, x_squared norms, n_local trials=None):
n_samples, n_features = X.shape
centers = np.empty((n_clusters, n_features))
assert x_squared_normsis not None, 'x_squared_norms None in _k_init'
# Set the number of local seeding trials if none is given
if n_local _trials is None:
# This is what Arthur/Vassilvitskii tried, but did not report
# specific results for other than mentioning in the conclusion
# that it helped.
n_local trials =2 + int(np.log(n_clusters))
# Pick first center randomly
center_id = random.randint(n_samples)
centers[0] = X[center_id]
# Initialize list of closest distances and calculate current potential
closest_dist_sq = euclidean_distances(
[centers[0]], X, Y_norm_squared=x_squared_norms, squared=True)
current_pot = closest_dist_sq.sum()
# Pick the remaining n_clusters-1 points
for ¢ in range(1, n_clusters):
# Choose center candidates by sampling with probability proportional
# to the squared distance to the closest existing center
rand_vals = random.random_sample(n_local trials) * current_pot
candidate ids = np.searchsorted(closest_dist_sq.cumsum(), rand_vals)
# Compute distances to center candidates
distance to candidates = euclidean_distances(
X[candidate ids], X, Y_norm_squared=x_squared norms, squared=True)
# Decide which candidate is the best
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best_candidate = None
best_pot = None
best_dist sq = None
for trial in range(n_local_trials):
# Compute potential when including center candidate
new_dist sq = np.minimum(closest_dist sq,
distance to_candidates|trial])
new_pot =new_dist sq.sum()
# Store result if it is the best local trial so far
if (best_candidate is None) or (new_pot<best pot):
best_candidate = candidate ids[trial]
best_pot =new_pot
best_dist sq=new_dist_sq
# Permanently add best center candidate found in local tries
centers[c] = X[best_candidate]
current_pot = best_pot
closest dist sq = best_dist sq
return centers
def _tolerance(X, tol):
variances = np.var(X, axis=0)
return np.mean(variances) * (ol

class WeightedKMeans():

def init_ (self, n_clusters=8, n_init=10, max_iter=300, tol=1e-4):

self.n_clusters = n_clusters
self. max_iter = max_iter
self.tol = tol
self.n_init =n_init
def check fitted(self):
if not hasattr(self, "cluster centers "):
raise AttributeError("Model has not been trained yet.")
def fit(self, X, weights=None):
self.cluster_centers_, self.labels_, self.inertia_ =\
weighted_kmeans(
X, n_clusters=self.n_clusters, weights=weights,
n_init=self.n_init, max_iter=self.max_iter, tol=self.tol)
return self
def fit_predict(self, X):
return self.fit(X).labels
def fit_transform(self, X, y=None):
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X =self._check fit data(X)
return self.fit(X)._transform(X)
def transform(self, X):
self. check fitted()
X =self. check test data(X)
return self. transform(X)
def _transform(self, X):
return euclidean_distances(X, self.cluster centers )
def predict(self, X):
self._check_fitted()
x_squared_norms = np.einsum('ij,ij->1', X, X)
return _labels_inertia(X, x_squared_norms, self.cluster centers )[0]
def score(self, X):
self. check_fitted()
x_squared norms = np.einsum('ij,ij->1', X, X)

return -_labels_inertia(X, x_squared norms, self.cluster _centers )[1]
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