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In operating a coffee shop business that faces fluctuating daily demand, daily sales
forecasting plays a vital role in planning raw material procurement, workforce management, and cost
control. Perishable ingredients such as fresh milk, yogurt, or bakery items, if purchased without
accurate demand estimation, may result in spoilage or lost sales opportunities. Furthermore,
consumer behavior tends to vary by day of the week, time of day, weather conditions, holidays,
making traditional forecasting methods insufficiently responsive to actual conditions. This research
aims to develop a daily sales forecasting model for coffee shop businesses by applying the Prophet
model, a time series forecasting tool capable of handling nonlinear trends, seasonal variations, and
special events or holidays efficiently. The model’s outcomes can be applied to support daily
operational planning, reduce waste costs, improve resource management, and enhance service

quality to align with the constantly changing behavior of consumers.
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1.5 UeNANTLRNIET

1.5.1 N1INENTULIDAUL (Sales Forecasting)
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1.5.2 dR3/aa1nsuan (Time Series Data)
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1.6.3 N3RS 9ULLANABIN1INE N (Model Building)
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A 1 a
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2.2.5 R? (Coefficient of Determination / R-Squared / R? Score)

1
o o A

Audsz@Anannsdndula iWunisludadnntenldlunislssiliunanaiunmaey
wuna1aeIniIsnenend tneuaneliiiingl wuueaiaesainisnesunamnNLlsduesdays

v ¥ = IS 1 =X A a = o 1 1 ¥
I/LC"W&I’]f]“LéﬂHL‘WENELG] TANA1ITENIN9 0 DS 1 (Vﬁ“ﬂ‘ﬂ’]“’Wlﬂ@‘]_lbl,muﬂﬁ‘mu‘i_l‘]_l@’]@ﬂ\‘]LLEIﬂfJ’]GLﬂ]

.
ANLARE)
ANN1T
2
n
2 i=1(yactual o ypredicted)
R¥= 1= —
izl(yactual . y)
Tae?
- A 1 dl 1 a 21/
y AR ANLRAYUYRAIANATINNUIINA
A 1 a
V.ctual AR AT
2 \ A o vaa/
)@mdmmd AR ANLLLLUANARINEINTIU LA

nswilanaAn R2

R2 = 1 uuneld WLA1aeaN1Inas LA Hulsiuaasdayalivisnn na1aAe

neNsllARnsaiUANIAI 100%

R? = 0 Munede wuuanaedliannInesuneanutlsiuresteyaliias Ane o Ay

nsldinesAeatvasdayaduionensnl
=X o 1 ! Y dl ¥ &, o
R? < 0 uu18Dd wuuaaedutndinisldAeasaastayalunisnensad (nnulu

[ dl . A ZJ/ 1 1
LUURNABNN overfit UTRRAN ﬂ’]vl,ll WIHNCAN)



15

2.3 uAREdiNaITas

H91139AUUNINNMLLS AN NETALAE Machine Learning 1ndszensfldlu

L a ! a 4 = a dl di =X

nisnensnlaanteluraINuaeLILY 1MW g3NAAIUAN §INARIMNTULATATENAN FAND
grnauwnldu Tnaiuialuduaanuusiugn Annngunsnlun1sdnnisdeyaldaiaan waznis
UszgneldiaTasilaninsnziiasial

2.3.1 Prediction of Footwear Demand Using Prophet and SARIMA {me Pablo
Negre wazAtde (2024) (Negre et al., 2024)
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232 UNAIINIARE L'%;'aq Forecasting Daily Freight Flow in Cold Regions of
China Using the Hybrid Prophet Model Considering the Importance of Festivals and
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233 UNAITINIAE L‘%‘;’ﬂ 4 A Switching Based Forecasting Approach for
Forecasting Sales Data in Supply Chains Tmel Supriyo Ahmed wazAe (2023)
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Points) MATWAMANN SBFA Huualtdunazaasuyuinnatamulaasonlauinndanasld

THAARUUANEFA (fixed model) tanazifluiuy conventional, ML %3a DL
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234 UNAITNIRE l.fa‘:’a 4 Comparative Analysis of ARIMA and Prophet
Algorithms in Bitcoin Price Forecasting {me Michael David Angelo azAdE (2023)
(Angelo et al., 2023)
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Daily Sales Trend: Juice & Smoothies vs Coffee
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Correlation between Juice & Smoothies and Coffee Sales
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Daily Sales and 30-Day Moving Average
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port matplotlib.pyplot as plt

# Plo # marker
plt.plot(train_ ['DATE'], train_data( 3
color="#005b96', linewidth=2.5, marker= , markersize=3, label=

plt.plot(test_data] , test_data ALE'],
color="#ff7b25', linewidth=2.5, marker= , markersize=3, label='Test Ser

# tduworh

plt.axvline(x=train_data[ 'DATE" 5 g , linestyle= , alpha=e.7)

# W

plt.xlabel('Date', fontsize=14)
plt.ylabel( 'Sale lue’, fontsize=14)
plt.title('Ti sries Train-Test t
plt.legend(fontsize=14)

plt.grid( , alpha=0.3)
plt.xticks(rotation=45)
plt.tight_layout()

, fontsize=16)

plt.show()
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dl v & o
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: B Import visiasly

[from prophet import Prophet

[from sklearn.metrics import mean_absolute_error, mean_squared_error
import matplotlib.pyplot as plt

import numpy as np

[ == = PROPHET MODEL =

# [l .wSaurayaly Prophet (sacdl 'ds’ ua
prophet_train = train_data.rename(columns
prophet_test = test_data.rename(columns={'DATE": ‘ds’, "ALL_:

A nilseney 17 wasudemedni] DATE way ALL_SALE i ds uaz y
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# M Import Wsaalal

import itertools

import numpy as np

from prophet import Prophet

from sklearn.metrics import mean_absolute_error, mean_squared_error

param_grid = {
‘changepoint_prior_scale': [©.001, ©.01, ©.1, ©.5],
'seasonality prior_scale': [©.01, ©.1, 1.9, 10.0],
"holidays_prior_scale': [©.e1, ©.1, 1.0, 10.0],

': ['additive', 'multiplicative’]

'seasonality_mode
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# [ Train final model with optimized parameters and additional settings
best_prophet_model = Prophet(
changepoint_prior_scale=best_params|[ 'changepoint_prior_scale'],
seasonality prior_scale=best_params|[ 'seasonality prior_scale'],
holidays prior_scale=best_params[ 'holidays prior_scale’'],

seasonality_mode=best_params['seasonality_mode'],

changepoint_range=0.9, # Allow changepoints up to 9% of the training data
n_changepoints=25, # Set number of changepoints

daily seasonality=True # Enable daily seasonality explicitly

nweznau 20 A9AN changepoint range = 0.9, n changepoints = 25La% daily

seasonality=True
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# M =579TuAa Prophet Wiamn1s overfit Tmaiam n_changepoints
low_cp_model = Prophet(
changepoint_prior_scale=best_params|[ ‘changepoint_prior_scale’],
seasonality_prior_scale=best_params[ 'seasonality_prior_scale'],
holidays_prior_scale=best_params['holidays_prior_scale'],

seasonality mode=best_params|[ ‘seasonality_mode'],
changepoint_range=0.8, # aauuilde default
n_changepoints=18, : 1 changepoints walvlamadey
daily seasonality=True

N nisenau 21 AYAN changepoint range = 0.8, n changepoints = 10LAE daily

seasonality=True
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