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1 Introduction

The techniques and various software and hardware specifications utilized in the research
project “Traffic flow forecasting using DeepAR” is described in this configuration manual.

This guide’s parts are as follows: Section 3 provides further information on the en-
vironment setup’s characteristics. Section 4 discusses the libraries required to finish this
project. The whole dataset is described in Section 5. Section 6 offers information about
the code repository and the models’ implementation.

2 Overview

This research compares several time series models for traffic flow prediction in various
boroughs of New York City.

3 System Specifications

The prerequisites are as follows: the hardware and software infrastructures needed to
train a model on such a large amount of data.

3.1 Hardware Requirements

Processor: 11th Gen Intel(R) Core(TM) i7-1165G7 @ 2.80GHz 2.80 GHz; Installed
RAM:16.0 GB (15.8 GB usable);

System type: 64-bit operating system, x64-based processor;
OS: Microsoft Windows 11
3.2 Software Requirements

Programming Language: Python version 3.10 Integrated Development Environment
(IDE): Google Colab

4 Python Libraries Required

The image below indicates all the python libraries required for the project.



from sklearn.preprocessing import MinMaxScaler

from tensorflow.keras.models import Sequential

from tensorflow.keras.layers import LSTM, Dense
from sklearn.metrics import mean_squared_error
import gluonts

from gluonts.dataset.common import ListDataset

from gluonts.mx.model.deepar import DeepAREstimator
from gluonts.mx.trainer import Trainer

from gluonts.evaluation.backtest import make_evaluation predictions
from optuna import create_study

from gluonts.evaluation import Evaluator

import matplotlib.pyplot as plt

from statsmodels.tsa.arima.model import ARIMA

Figure 1: Required Python Libraries



5. Data Sources

5.1 Dataset

The data set was obtained from Opendata NYC website. The top 5 entries of the data set

are shown in Figure 2.
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6. Modelling

LSTM networks, Autoregressive Integrated Moving Weight Average(ARIMA) models and Deep
Autoregressive networks(DeepAR) were used for the task.

6.1 ARIMA MODELLING

1. A grid search is ran in order to determine the best parameters for the model before it’s
fitted.

for p in range(3): # Maximum p value to test
for d in range(2): # Maximum d value to test
for g in range(3): # Maximum q value to test
with warnings.catch_warnings():

warnings.simplefilter("ignore")

try:
model = ARIMA(train_data, order=(p, d, q))
fitted_model = model.fit()
forecast = fitted_model.forecast(steps=test_size)

Fig 3: Function to run grid search

2. The model is fitted to training data with optimal parameters.

# Fit ARIMA model with best order using all the available data
model = ARIMA(data, order=best_order)

fitted model = model.fit()

forecast = fitted model.forecast(steps=test size)

Fig 4: ARIMA Model Fitting

6.2 Long Short-Term Memory Networks(LSTM)

The LSTM model is fitted with training data and implemented. The figures below
indicate the code and sample output.

model = Sequential()

model.add(LSTM(units=50, return_sequences=True, input_shape=(time_step, 1)))
model.add(LSTM(units=50))

model.add(Dense(1))

model.compile(optimizer="adam', loss='mean_squared_error")

model.fit(X_train, y_train, validation_data=(X_test, y_test), epochs=50, batch_size=64, verbose=1)

Fig 5: LSTM Modelling



6.3
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Fig 6: Sample output

DeepAR Modelling

1. Before model fitting, hyperparameter optimization is implemented using modules

from Optuna library.

2. Trainer function is defined and is used for model training with most optimal
hyperparameters. The dataset is also converted into list dataset

format.

trainer = Trainer(
epochs=10,
learning_rate=learning_rate,
num_batches_per_epoch=50

)

estimator = DeepAREstimator(
freq="15min",
prediction_length=4,
trainer=trainer,
context_length=context_length,
num_layers=num_layers,
cell_type=cell_type

)

train_ds = ListDataset(
[{"start": data.index[@], "target":
freq="15min"

)

data['Vvol'].values}],

Fig.7: Trainer and estimator function definition



3. The model is then fitted to the training data using the optimal hyperparameters.

[1536 rows x 1 columns]] [gluonts.
415.
.70282, 419.31085],
.68796, 448.83813],
.6858 , 422.3639 ],
9171 , 397.97632],

[443.0591 , 399.44125,
[428.95602, 448.7329 ,
[447.2245 , 411.14673,
[396.55368, 421.1451 ,
[346.73294, 418.6611 ,
[416.40085, 419.99637,
[447.77286, 383.85318,
[416.9696 , 418.57346,
[440.92743, 429.60785,

.3099

model.forecast.SampleForecast(info=None, item_id=None, samples=array([[437.9876 , 415.86917, 410.39432, 413.965
88443, 448.5428 ],

376.09482],

.94373, 405.07596],
452.

13882, 409.9089 ],
85068, 411.96576]], dtype=float32), start_date=Period('2020-11-03 23:00', '15T'))]

Running evaluation: 100%|[NIIMMMEE| 1/1 [00:00<00:00, 17.77it/s]RMSE for Manhattan Data: 54.602818365332574

Fig 8: Sample output






