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Abstract: This Time series forecasting (TSF) assists in making better strategic decisions under uncertain circumstances so that
financial crisis can be avoided, wise investments can be made, under/over contracting of utility can be avoided, staffs can be
scheduled appropriately, service providers can provide better service, mankind can get prepared for natural disasters and many
more. However, the accuracy in forecasting plays a vital role and achieving such is a challenging task owing to the vagueness
and nonlinearity associated with most of the real world time series. Therefore, improving the forecasting accuracy has become a
keen area of interest among the forecasters from different domains of science and engineering. In this work, a time series
forecasting model for Chicgo taxi trip data is proposed. The proposed model utilizes neighbourhood influence in terms of taxi
demand to predict taxi demand.
Keywords: Time series forecasting, Regularization, Regression

I. INTRODUCTION
Decision making is an integral part of our day-to-day life. We make individual, social and organizational decisions based on our
past knowledge and experience. However, we often find it difficult to make the correct decision under uncertain circumstances. The
difficulty further increases as the degree of uncertainty increases. Under such uncertain situations, knowledge of the future assists in
making better decisions. For example, knowledge of the future assists financial organizations to evade financial catastrophe [1],
individuals to invest wisely in the stock market [1], electric power industry to implement the smart grid [2], energy companies to
make appropriate purchasing and selling of electricity in the balancing market [3], organizations to schedule staff [4], service
providers to provide better service [4], retailers to timely supply the exact product to the appropriate locations by keeping sufficient
inventory levels, mankind to get prepared for natural disasters like drought, flood, earthquake, cyclone, etc. The most likely future
of a phenomenon can be predicted by making a systematic analysis on its past observation (Time Series) and such a process is
known as time series forecasting (TSF) [5]. Since TSF plays a crucial role in making decisions, improving its accuracy has always
remained a keen area of interest among the forecasters. To achieve better forecasting accuracy, the choice of a particular forecasting
method and model plays a crucial role [6]. A forecasting method is a procedure to predict the future values by systematically
analyzing the past observations. The forecasting methods may be judgmental, univariate or multivariate. In judgmental methods,
forecasts are made based on individual judgment, perception, or some other additional information. In univariate methods, forecasts
are made based on the analysis of prediction series while in multivariate methods, forecasts are made based on the analysis of one or
more additional series along with the prediction series. The univariate methods are especially useful when less knowledge is
available relating to the underlying process producing data or when there is no suitable method available which reveals the
relationship between the prediction series and other series [6]. Therefore, univariate TSF methods have been widely used in several
areas of study including signal processing, retailing, computational finance, econometric, weather forecasting, astronomy and
mostly in the domains of applied science and engineering involving temporal measurements. Looking at the wide range of
applications, in this thesis efforts are made to study and improve the performance of univariate forecasting methods.
A forecasting model is a tool to reveal the relationship existing in past data and using which the future values are predicted. The
forecasting models follow either model driven or data driven approach. In model driven forecasting, experts having the deep
understanding of underlying data choose a model based on scientifically established relationships, followed by which forecasting is
done. Since it is very difficult to identify the mathematical function or model for many data generating processes (DGP) producing
the time series, such choice of pre-specified model may not be appropriate to capture the complex and dynamic behavior of time
series data. On the other hand, data driven forecasting models use the data to determine the model parameters and then use the
identified model to predict the future values. Since in the later approach the model is built upon data, it glorifies the chances to
capture the underlying complex patterns of time series data. However, the data driven models require adequate amount of data and
robust mining and/or learning techniques to learn the underlying patterns efficiently. In this internet era availability of data is not a
problem.
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Additionally, due to the emergence of fields like statistics, data mining and machine learning (ML), data driven forecasting models
have gained tremendous attention in TSF. Traditionally, data driven statistical models like autoregressive integrated moving average
(ARIMA), exponential smoothing have been widely used in TSF. This is because of the ease in understanding and implementing
these models. The statistical models assume linear correlation structure in the time series and hence fail to capture the nonlinear
patterns efficiently [6]. To add to this owe, most of the time series resulted from real world phenomena are nonlinear and have
temporal as well as spatial variability [6]. Therefore, nonlinear statistical models like autoregressive conditional heteroskedasticity
(ARCH) and generalized ARCH (GARCH) have been used to model nonlinear time series. The ARCH and GARCH family has
thousands of models with each model capable of capturing a specific type of nonlinear pattern efficiently [5, 7]. Thus, it becomes
complicated to select a suitable model without understanding the characteristics of time series. This limits the applicability of these
models in general forecasting problems. On the other hand, data driven machine learning (ML) models have the capability to
automatically extract unknown, novel, valid, and potentially useful patterns existing in data. In ML models, instead of fitting data to
a pre-specified model, the data itself is used to identify the model and its parameters. This enhances the chances to capture the
underlying complex relationships existing in the time series. Because of these advantageous characteristics, over the past few
decades, a number of TSF methods based on ML models [1, 8-9] have been developed either to improve the forecasting accuracy or
to reduce the computational complexity. Although the ML models like ANN have shown promising results in the empirical
forecasting competitions like M3 and NN3 and can provide better result, ML models have not yet outperformed the most promising
statistical models [9]. This demands a more systematic study on ML techniques for TSF.

II. LITERATURE REVIEW
Mohamday, Nazem and Tohme, Sadia (2011) used seasonal Time Series Models to forecast electrical power consumption in
Fallujah City This research deals with using seasonal time series models to study and analysis of the monthly data on consumption
of electricity in Fallujah city for the period (2005-2010), whereas these models are distinct with high accuracy and flexible in time
series analysis. The results of the application show that the proper and efficient model for representing time series data is the
multiplicative seasonal model of order: SARIMA(1, 1, 1)x(0, 1, 1)12.
Shah et al. (2014) analysed growth and trend in the area, production and yield of major crops of Khyber Pakhtunkhwa by using a
time series data from 1980-81 to 2011-12 of major crops (wheat, maize, rice, and sugarcane). The compound growth rates, as well
as trend analysis, indicated that the area under wheat crop has decreased over time due to shifting to other Rabi crops. The
production of wheat during 1981-85 to 2011-12 was increased due to the corresponding increase in per hectare yield of the wheat
crop in Khyber Pakhtunkhwa. The results showed that area, production, and yield of maize increased over time due to increased area
under hybrid and improved open-pollinated maize varieties. The area under rice crop has decreased whereas their production
increased due to the corresponding increase in per hectare yield of rice crop. It was revealed from the data that area, production, and
yield of sugarcane crop was increased at a rate of 0.24 percent, 0.85 percent, and 0.60 percent per annum, respectively.
Rajaraman and Datta (2003) intended to estimate historical agricultural outputs for five states of India— Rajasthan, Karnataka,
Punjab, Andhra Pradesh, and Uttar Pradesh — through the univariate ARIMA models. The researchers found similarity between the
ARIMA methodology process for the states Andhra Pradesh, Punjab and Rajasthan in keeping the autoregressive and moving
average terms that suit the best univariate process. Mulu and Tilahun (2009) conducted a study to examine the trends and generate a
prediction model for health and its related indicators of Ethiopia from the period 1987 to 2000. The predictors of the established
trends were obtained using ARIMA models developed in STATA. The study revealed that the mortality indicator viz Maternal
Mortality Ratio exhibited a statistically significant reduction during the study period. Indicators like Total fertility rate, postnatal
care, Physicians/100000 population, and skilled birth attendance were found to have a significant association with the Maternal
Mortality Ration Trend. The research concluded that the existing trend required to accelerate the development of indicators to help
reach the MDGs target with particular emphasis on Maternal health and provision of clean and safe water supply.
Tohme (2012) in their research to determine the number of malignant tumours infected patients applied the Time Series Analysis
forecasting process incorporating the Box & Jenkins method. The research was conducted among the victims of malignant tumours
in the province of Anbar using the dataset for the period (2006-2010). The result of the research revealed that ARIMA (2, 1, 0) was
the best-suited model for the forecasting of patients affected by malignant tumours for two consecutive years on a monthly basis.
ARIMA models were applied by Balasubramanian and Dhanavanthan (2002) to acquire cyclical crop yield predictions. The research
was based on historical data sets used in the assessment of area, production and yield rate of India and Tamil Nadu paddy food
grains. The data were collected for three consecutive seasons viz; Kuruvaui, Samba, and Kodai along with information on Kharif
and Rabi season seasons for both India and Tamil Nadu during the season 1966-99. The research concluded that seasonal ARIMA
models were effective in retrieving an accurate forecast for the crop.
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Kandiannan et al (2002) implemented the time series data analysis using the meteorological and yield data to forecast turmeric yield
using based on 20 years data set. The data set used for the research belonged to the tenure (1979-80 to 1988-89) for the development
of the forecast model and consecutive 10 years (1989-90 to 1998-99) used as a base for testing the model. The researchers were
successful in developing a forecast for dry turmeric production and yield with 89% forecasting criterion value of viz co-efficient of
determination. Nochai and Nochai (2006) attempted to develop the forecasting model for the palm oil price in Thailand for the
period of five years (2000-2005), the oil types were separated into three main types; pure oil price, wholesale price and farm price.
The researchers intended to fit the best ARIMA models for the forecast using the forecasting criterion Mean Absolute Percentage
Error (MAPE). The study concluded that final three ARIMA model suited best for the three oil category viz; ARIMA (2,1,0) for the
farm oil price, ARIMA (1,0,1) for wholesale oil price and ARIMA (3,0,0) for the pure oil price.

Peng, et al (2008) conducted a study to develop a short-term forecasting system to predict property crime for a city in China.
ARIMA methodology was fitted using the 50 weeks historical time series data, the model was designed to predict the occurrence of
crime before a period of one week. The finalized model was related to the SES and HES. The study result revealed that the ARIMA
model displayed good forecasting and fitting accuracy that other techniques like exponential smoothing. This study can help law
enforcement agencies and government bodies to predict decision-making and crime reduction. Rahman et al. (2013) conducted a
study to compare growth patterns and ARIMA models to accurately forecast the production of chickpea, pigeon pea and field pea
pulse in Bangladesh. The researcher applied the differencing order of 1 to stationarize the data set. The study comprised of two
models namely ARIMA and growth models to find the best- fitted forecasting models. The results revealed that the best models
were ARIMA (1, 1 and 1), ARIMA (0, 1 and 0) and ARIMA (1, 1 and 3) for pigeon pea, chickpea and field pea pulse production,
respectively. Among the deterministic type growth models, the cubic model was the best for pigeon pea, chickpea, and field pea
pulse production forecasting.

III. DATASET DESCRIPTION
A. Chicago Taxi Trips Records
This dataset has been collected from the official data portal handled by the Department of Business Affairs & Consumer Protection
of the city of Chicago. It contains information about taxi flow between different community areas, consisting of around 195
Millionrows of pickup and drop off locations per 15 minutes for the past four years (2016-19). The average number of records per
year is around 49 Million.

IV. PROPOSED MODEL
The proposed model aims at following (Refer Fig. 1):
1) A systematic hotspot analysis will be done on historical taxi demand data to capture the patterns and perform spatio-temporal
analysis.
2) Based on spatio-temporal analysis, appropriate spatial and temporal resolution will be identified to train the models.
3) Selection of appropriate regression model will be performed by suitable sensitivity analysis.
4) Robustness of proposed model and suitability in real world will be tested by performing sensitivity analysis.

[ rransformation and [ ; .
Datasets r = Transformed Data ! _» Spatio-Temporal
Pre-processing [ Analysis

| Taxi Demand Hotspot | | TaxiDemand | Selection of Appropriate
Forecasting Forecasting | Regression Models
\\ =
.y ~
~ T
S e
| Evaluation of performance

Using suitable evaluation metrics

Figure 1: Block diagram representing flow of proposed work.
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Algorithm 1 Demand Count Data transformation algorithm.

procedure DEMANDC OUNTDATATRANSFORMATION( interval Demand )

1:

2 for A in CA_List do

3 for row in intervalDemand do

& if row[ PiekupC ommunityAree] == (A then

5 miterval et ionary[row anterval 5] = row| Demand]
6 CA_List[CA_Count] = interval Dictionary[values|

T CA_Count = CA_Count + 1

B: dermandC ount Matriz = Tronspose{CA_List)

o return demand Coun that rix

In Chicago city, there are 77 community areas. The taxi demand in these areas is heterogeneous; that is, the demand is considerably
high in some areas while it falls short in other areas. This fluctuation in demand gives rise to prompt prediction of spatial
characteristics of taxi demand to identify the hotspots and thus redirect the taxis in the areas where the demand is high. Another
problem being the dynamic nature of taxi demand concerning the temporal dimension. If we consider hours of the day, demand may
be high during working hours whereas comparatively lower during early morning and late-night (Refer Fig. 2a). Another
perspective can be to look into the variability of demand between weekdays and weekends and across different months of the year
(Refer to Figs. 2B and 2c). This accounts for the problem of the prediction of temporal characteristics of taxi demand. Therefore, to
address the spatio-temporal heterogeneity, the 77 community areas are considered for spatial resolution. Furthermore, the prediction
in each area is done on an hourly basis and then aggregated monthly, which is deliberated as the temporal resolution of demand
prediction (Refer Fig. 2b). We are dealing with monthly prediction since the yearly aggregation will exclude the seasonality effect,
i.e., the variation of demand due to different seasons. Also, to capture the seasonality effect due to differences in demand over
weekdays and weekends, the demand pattern is analyzed separately. This spatio-temporal resolution of prediction results may aid in
identifying hotspots. Since the demand varies with both space and time, it induces dynamism in the pattern of hotspots. Hence,
hotspots will also vary from month to month and year to year. In this paper, we have proposed various dynamic demand prediction
models based on the application of various statistical and ensemble regression models to forecast the taxi demand. These models can
be further used to study the demand pattern inculcating the temporal feature and spatial characteristics and eventually to identify the
dynamic pattern of hotspots.

Algorithm 2 NPBM algorithm.
procedure NPBM(i_(" A, all_(C"A)

I:

T for 'A; in all_CA do

% for ©A; in _CA do

4 if boundaryit'A; . CA; == True) and ' A;! = CA; then
5: i_CAL A,

6 for target; in t_CA do

T pra |.r.l'r'f::"'"r": b regre ssor(i_C 1"}

B return predict,™ " i_C A

For a given community area, the taxi demand may also be affected by the distance of the drop-off destination from the pickup
location. If the destination is distant, the passenger may prefer to travel by other convenient transport like metro and buses. Thus,
neighborhood proximity may play an essential role in determining the demand in a given community area. To instill this idea of
neighborhood influence, we proposed a proximity-based prediction model.

The official data portal of Chicago city comprises taxi trip records from the year 2013 to the current year, from which we extracted
the recent 4-year data from 2016-19 for this study. Out of the 23 attributes present in this dataset as discussed in the Table I, we
considered attributes Trip Start Timestamp and Pickup Community Area for the transformation phase. Initially, we dropped all those
rows which had missing values for Pickup Community Area. This raw data consisted of taxi flow records between community areas
for every interval of 15 minutes which we aggregated on an hourly basis into a data frame interval Demand.
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We then converted the obtained data into a demand count matrix (demandCountMatrix) whose columns represented the 77
community areas, whereas rows represented the count of taxi demand for each interval of a day for the given year. To implement the
targeted transformation, we first stored each interval of the day into a dictionary (intervalDictionary) as keys and initialized its
corresponding values as 0. Then, for every community area, we iterated over the interval Demand and mapped the taxi demand into
the matching interval of dictionary value and consequently obtained the final demand count matrix of size t x c, where t is the total
number of intervals in a day multiplied by total days in a year, and c is the total number of community areas (in this case, 77). The
intervals for which there was no value for taxi demand remained 0 as initialized. These steps can be summed up by the Demand
Count Data Transformation Algorithm 1. CA list is the list of all community areas and CA Count is the taxi demand in that CA
during the given interval.

Forecasting of taxi demand is done by capitalizing the taxi booking data generated in the past, consisting of booking records of
community areas to predict the number of taxi demands that might happen in the future in those particular areas. This forecasting
problem is, in fact, a multivariate regression problem where the selection of independent variables is quite decisive. The pivotal
decision is whether to consider all the community areas as independent variables or consider an intelligent subset that is highly
correlated to the target variable. We proposed a model based on the interdependence of the target community area with its
surrounding area. The model is termed as Neighbourhood Proximity Based Model (NPBM), which is based on the concept that the
taxi demand in a given community area can be forecasted precisely if we consider the areas located in its vicinity as an influencing
factor. This spatial characteristics based model is discussed in Section VII. In a broader sense, the algorithm for taxi demand
forecasting models works by taking each community area once as a target variable and applying the models mentioned above for
determining the vector of independent variables for it. The prediction of taxi demand count in the target community area is
eventually made by employing various statistical and ensemble state-of-the-art regression models as base regressors.

Table 1: Table showing R2 values for NPBM of the year 2019

Muonths Linear Ensemble
0OLs LASS(Y LARS BR RIDM:E ET RF BAGGING STACKING  VOTING
January Weekdays 04156 L4106 1.2328 (L4160 L4156 071492 (15689 0.TI58 07135 0.TL58
Weekends 01549 {15125 1.4339 (15512 (1L.54496 LGTEY L5K45 (LGSTO (L6542 (LGSTO
February  Weckdays 015050 (L4833 L.MTE (1.5051 115050 L6E3S NG2LE L6 3 Lb6a1T LSS e
Weekends 15556 04977 13531 (1L.5200 (15556 (LGE 1D .5TRG LG [LX e
March Weekdays (12686 (L2835 . 1966 1.2703 (1. 2686 L7198 (L4899 LsTT L6474
Weekends 15536 L663T 13319 (L5548 (1.5536 .71 56 L6060 7106 .TLEE
April Weekdays 013266 (L3508 (L.0847 (L327TE 1.3266 (L6958 (1L58E1 L6T43 LGTE
Weekends (L1948 01.2030 (1.2084 0. 194 (L1948 07513 05819 NGE] G LGENZ
May Weekdays 04561 (L4388 0.2030 L4561 L4561 L6335 057490 6311 6311
Weekends 15514 (L5849 04175 (L4148 4143 LGT6Y (15622 L6309 (LGIRE L6305
June Weekdays 012562 (12562 .1499 (1L.2567 (12562 w77 (LGORD 0.T005 (L&Y T
Weekends 033x2 1.3636 1.1452 .3335 .3322 L6491 (L5607 [LX 3 LETOT LGREDSD
July Weekdays 04355 1.4221 .2T1E L4356 1.4355 (L6148 1.5951 LG 3 (a9 (L6040
Weekends (15085 14595 0.4974 (L5088 (L5085 L6292 (L5167 LGLES bla1 GLE3
August Weekdays A48 (14082 1,300 L4249 (L4248 L66ES (L6036 (L646E 63 (L6470
Weekends 0521 L4626 04712 (L5278 0.5279 L6034 L5146 LGZEHE 6232 LG2ST
September  Weekdays 03732 (L3560 01616 .3731 0.3732 L63EG (L6291 LGZTH 6264 LG2TS
Weekends (15668 (L4985 (1.5585 L5667 (15668 L6222 (L5HE L6544 (L6527 L6544
October Weekdays 013436 01L.3475 (L1286 0.3:40 01.3436 L6T1S L5691 LGS L] 1L6E6T4
Weekends L1716 .19491 01442 L1749 L1716 (L6284 1.4240 L6536 (L6498 L6542
November  Weekdays 04190 4114 .2994 4194 (L4190 (L6128 .5923 LGZEY LGITE LGZRS
Weekends (13857 03977 (1L.39EE (1. 3866 (L3857 L6187 014731 1.54984 0.5%3 L5985
December  Weekdays (15288 14354 1.3974 14322 14321 (LGT 56 {15853 (LGR9S (LGEEY LGRS
Weekends N3x5 04911 (1.3TE3 04727 (L4T6HE L6TST 04223 0.5893 .5833 0.5901

As discussed in Section I, there is a need to consider neighborhood influence for forecasting the taxi demand of a given community
area. To achieve this goal, we proposed a neighborhood proximity-based regression model where the selection of independent
variables corresponding to a target variable are selected directly based its immediate neighbors (Refer Algorithm 2). Let t CA be the
target variable representing the community area whose demand is to be predicted temporally, then i CA will be a vector of
independent variables consisting of community areas sharing boundaries with t CA.
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We plotted a heatmap as shown in Fig. 3 to find the correlation of a given community area with other areas. It can be inferred from
the plot that the areas located in the immediate neighborhood of a given community area are more correlated to it than those far
away which strengthens the use of such a model for independent variable selection. The model is tested on the taxi demand of the
year 2019 and R2 value of the this model for mentioned base regressors are shown in Table II. The taxi demands are predicted on an
hourly basis to meet the real-world requirements, but results are aggregated monthly. The taxi demands are filtered based on
weekdays and weekends to capture the variation in spatio- temporal patterns of taxi demands due to change in routines of people on
weekends. It is to be noted that results of linear models and ensemble models are separated in order to illustrate that ensemble
models will provide better predictions (Refer values shown in bold in Table II) to the problem as compared to linear models. The
reason being ensemble models provides better predictions as the samples are operated on diverse models. The comparison of
average R2 values of linear and ensemble models when tested for taxi demand of the year 2018 for each month can be done clearly
with the help of Fig. 4. It can be inferred that ensemble models outperforms the linear models.

V. CONCLUSIONS

Taxi demand forecasting is a challenging task, as the taxi demands may have variable spatio-temporal patterns. In this work, a
spatio-temporal analysis of taxi demands in Chicago will be performed. Based on such analysis appropriate spatial and temporal
resolutions will be obtained. According to temporal resolution, taxi demand data might be split for training the regression models.
After suitable testing of base models, predicted data can be be used for predicting hotspots. The predicted hotspots will be matched
with actual hotspots to find the accuracy of prediction. In this work, a novel model termed as neighborhood proximity-based
regression model is proposed and for ensemble models it can be inferred from the results that the proposed model achieves better
accuracy as compared to non ensemble models.
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