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MLRNN: Taxi Demand Prediction Based on
Multi-Level Deep Learning and Regional
Heterogeneity Analysis
Chizhan Zhang , Fenghua Zhu , Senior Member, IEEE, Yisheng Lv , Peijun Ye , and Fei-Yue Wang

Abstract— Taxi demand prediction is valuable for the decisionmaking of online taxi-hailing platforms. Data-driven deep learning approaches have been widely utilized in this area, and many
complex spatiotemporal characteristics of taxi demand have
been studied. However, the heterogeneity of demand patterns
among different taxi zones has not been taken into account.
To this end, this paper explores zone clustering and how to
utilize the inter-zone heterogeneity to improve the prediction.
First, based on the pairwise clustering theory, a taxi zone
clustering algorithm is designed by considering the correlations
among different taxi zones. Then, both the cluster-level and the
global-level prediction modules are developed to extract intraand inter-cluster characteristics, respectively. Finally, a MultiLevel Recurrent Neural Networks (MLRNN) model is proposed
by combining the two modules. Experiments on two taxi trip
records datasets from New York City demonstrate that our model
improves the prediction accuracy compared with other state-ofthe-art methods.
Index Terms— Taxi demand prediction, taxi zone clustering,
heterogeneity analysis, deep learning.

I. I NTRODUCTION

W

ITH the prevalence of smartphones, online car-hailing
platforms such as Uber and DiDi have emerged, and
Mobility-on-Demand (MoD) is becoming popular and brings
great conveniences to our lives. However, due to the spatiotemporal variability of people’s travel needs, sometimes
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there exists an imbalance between the supply and demand of
taxis, which decreases the efficiency of urban transportation.
Accurate taxi demand prediction contributes to pre-allocate
taxi resources in different city regions in an optimal way,
which results to reduce both the passengers’ waiting time and
the drivers’ idle time.
Great efforts have been devoted to taxi demand prediction,
and a lot of forecasting methods have been proposed. Traditional studies mainly apply empirical statistics and classical
machine learning approaches to deal with the problem [1]–[3].
In recent years, spatiotemporal data mining methods based on
big data and deep learning theory have been proposed. These
methods improve the accuracy of predictions significantly and
attract more and more research interests [4].
Despite the great success, there is still room for amelioration. For example, current data-driven taxi demand forecasting
methods usually do not consider regional heterogeneity when
designing deep learning-based models. In most of the current
studies, a city area is partitioned into many zones, and the
taxi demand in each zone is regarded as the basic variable
for prediction [5]–[9]. Various city regions are treated equally
and share almost the same network structure and parameters.
This allows the model to learn a general state representation of
all regions about taxi demand while lacking regional-specific
features. It might be difficult to achieve the best forecasting
accuracy for each region without region-level differentiated
design. Intuitively, many characteristics of taxi demand among
different regions are heterogeneous. It is also verified by actual
data, such as the changing trend in Fig. 1, the magnitude
of data in Fig. 2(a), and the correlation among various city
regions in Fig. 2(b), which are real taxi demands in New York
City. Such spatial heterogeneity should be taken into consideration for developing better taxi demand prediction methods.
Based on the above considerations, we propose a novel
taxi demand prediction model named Multi-Level Recurrent
Neural Networks (MLRNN), which utilizes the sharing features among all taxi zones and preserves the unique characteristics of highly related taxi zones. The model consists of two
modules, a cluster-level prediction module and a global-level
prediction module. All city regions are partitioned into several
clusters, and the cluster-level prediction module employs independent recurrent neural networks for the demand prediction
of each cluster. The global-level prediction module uses a
single recurrent neural network to simultaneously predict the
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Fig. 1. Taxi pick-up and drop-off demand trends of six NYC taxi zones
during a week.

taxi demand of all regions. The model is trained by a welldesigned loss function to improve the generalization ability.
In summary, the main contributions of this paper are listed as
follows:
• A taxi zone clustering method is proposed to group all
taxi zones into a certain number of clusters by considering
taxi demand sequences among different regions using a
pairwise clustering algorithm.
• A novel taxi demand prediction model called Multi-Level
Recurrent Neural Networks is designed, which can extract
sharing information among all taxi zones and preserve the
special characteristics of some highly related zones.
• The heterogeneity of taxi demand in different city regions
is discussed, which provides a new perspective for model
design and result analysis.
The remaining of this paper is organized as follows.
Section II introduces some previous works related to taxi
demand prediction. The proposed method is explained step
by step in Section III. Detailed experiments and results are
provided in Section IV. Finally, Section V gives the conclusion
of this paper.
II. R ELATED W ORKS
Researchers have made great efforts to solve traffic prediction problems, the goal of which is to forecast traffic-related
variables in the future based on the historical observed data.
Among these problems, taxi demand forecasting and traffic
flow prediction have received more attention. They are similar
in data process, problem formulation, and model design, thus
one forecasting method may be suitable for both of the two
problems. In addition, forecasting the taxi demand of multiple
city regions simultaneously can be regarded as a multi-task
learning problem if single-region taxi demand prediction is
considered one task. Some studies based on multi-task learning

Fig. 2. The average taxi pick-up/drop-off demand (a) and origin-destination
taxi demand (b) of 59 taxi zones in New York City (NYC) Manhattan area
during the first ten months in 2018. Yellow taxis, green taxis, and for-hire
vehicles are counted together.

theory contribute to develop our taxi demand forecasting
model. In this section, the related works will be introduced
in taxi demand prediction, traffic flow prediction, and multitask learning, respectively.
A. Taxi Demand Prediction
Thanks to the development of sensing technology and
the Internet, it is possible to make short-term taxi demand
prediction by mining useful information from extensive
transportation records data. Moreira-Matias et al. [1] first used
Global Positioning System (GPS) streaming data to forecast
short-term taxi demand based on ARIMA and Poisson models.
Wei et al. [2] designed a zero-grid ensemble spatiotemporal
model to forecast passenger demand for chauffeured car
service. Tong et al. [3] proposed a unified linear regression
model with millions of dimensions of features to predict the
taxi-calling demands per unit time and unit region.
Inspired by the great success of Convolution Neural Networks (CNN) [10], Recurrent Neural Networks (RNN) [11],
and Graph Neural Networks (GNN) [12] in pattern recognition, many deep learning-based methods have been proposed to deal with the taxi demand prediction problems.
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Xu et al. [13] developed a prediction method based on
the combination of Long Short-Term Memory (LSTM) networks and Gaussian kernel. Some studies processed the travel
demand data to images and utilized CNN to construct the
model [14]–[16], while other studies regarded the travel
network as a graph and applied GNN to build the model
[17], [18]. Many spatiotemporal prediction approaches were
proposed by combining CNN with RNN to model both spatial
and temporal correlation of travel demand [5]–[9]. In addition,
attention mechanism [19], [20], multi-task learning [21], [22],
and social media data mining [23]–[25] were applied to further
improve the prediction accuracy.
B. Traffic Flow Prediction
Traffic flow prediction has been regarded as an important
component of Intelligent Transportation Systems (ITS)
[26]–[28] and is attracting more and more research interests.
Lv et al. [29] designed a stacked autoencoder model
to predict short-term freeway traffic flow. Liu et al. [30]
proposed a non-convex low-rank and sparse decomposition
model for vessel traffic flow separation and prediction.
Lin et al. [31] proposed Generative Adversarial Networks
(GAN) based pattern sensitive model for traffic flow
prediction. Li et al. [32] designed diffusion convolutional
neural networks to predict traffic flow. Yu et al. [33] developed
spatiotemporal graph convolutional neural networks for traffic
forecasting. Chai et al. [34] proposed a bike flow prediction
approach based on the multi-graph convolutional networks.
Shi et al. [35] proposed a traffic flow prediction approach
named Attention-based Periodic Temporal neural Network.
Li et al. [36] constructed a stacked multi-stream feature
fusion model for prediction by fusing GCN, GRU, and softattention mechanism. Most of the forecasting methods apply
CNN, RNN, GNN, and attention to model spatiotemporal
dependencies of traffic flow, also suitable for taxi demand
prediction.
Apart from the spatiotemporal correlation, spatial heterogeneity is also an important point in traffic forecasting [37].
Cheng et al. [38] improved the Spatio-Temporal k-Nearest
Neighbor (STKNN) [39] model by considering the spatial heterogeneity of urban transportation, and the Adaptive STKNN
(A-STKNN) model was developed for vehicular speed prediction. The correlated features and heterogeneous characteristics
among different road segments were analyzed and utilized
to build the forecasting model. Following this work, they
proposed the Dynamic STKNN (D-STKNN) model for shortterm traffic flow prediction considering the dynamics and
heterogeneity of road traffic [40]. Different traffic patterns
across the road network are automatically determined by a
clustering algorithm, then the time periods are partitioned for
each pattern, and the model is built on the traffic data with
different road segments, traffic patterns, and time periods.
Guo et al. [41] observed that traffic flow patterns vary across
different locations, and they used unsupervised graph embedding techniques to capture the heterogeneity of spatial nodes,
which can further improve the performance of their proposed
traffic flow prediction model.

3

C. Multi-Task Learning
As a paradigm in machine learning, Multi-Task Learning
(MTL) aims to utilize sharing information in multiple related
tasks to improve the performances of all tasks [42]. In recent
years, MTL with deep neural networks has attracted the
interests of researchers in Computer Vision (CV) and Natural
Language Processing (NLP) [43]. Many researches combining
multi-task learning and deep learning have been proposed,
such as deep relationship networks [44], cross-stitch networks
[45], etc.
Task clustering is a kind of MTL method, assuming that
multiple tasks could be divided into several clusters, each
of which consists of highly related tasks [42]. Based on the
assumption that two tasks were related if their generalization
ability could be improved by each other, Thrun and O’Sullivan
[46] proposed the first task clustering algorithm, where the
pairwise clustering algorithm [47] was used. There are many
clustering algorithms for samples characterized by explicit
Euclidean coordinates, such as K-means [48], Density Based
Spatial Clustering of Applications with Noise (DBSCAN)
[49], Density Peak Clustering (DPC) [50], etc. Yet in some
circumstances, there is only proximity or distance information
between two samples without the coordinate of each sample.
Pairwise clustering algorithms aim to cluster such samples,
enabling similar samples to be grouped into the same cluster. Hofmann and Buhmann [51] proposed a deterministic
annealing algorithm to solve the pairwise clustering problem.
Pavan and Pelillo [52] developed a new approach for pairwise
clustering based on the graph theoretic. These works enlighten
us to apply task clustering methods to study the correlation of
taxi demand in different regions. All regions could be grouped
into several clusters, then a specific taxi demand prediction
network can be designed for each cluster.
III. M ETHODOLOGY
In this section, some definitions are given to formalize the
taxi prediction problem firstly. Then the taxi zone clustering
algorithm and the structure of MLRNN are described in detail.
Lastly, the loss function of the proposed model is provided
with further explanation.

A. Definitions
1) Time Interval, Taxi Order, Taxi Zone: The time stream
can be divided into sequential fixed-size time segments
{T1 , T2 , . . .}, each of which is defined as a time interval.
A taxi order represents a point-to-point trip denoted by a
four-tuple ( pt, pl, dt, dl), where p and d denote taxi pickup and drop-off actions, while t and l denote the timestamp
and location of an action. A city area can be partitioned into
many small regions by different granularities and semantic
meanings, such as gridding methods based on longitude and
latitude [16], road network [53] and zip code tabular [54].
The regions are denoted as Z1 , Z2 , …,Z N }, where N is the
total amount of regions, and each small region is defined as a
taxi zone.
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2) Taxi Demand: Zone-level taxi pick-up or drop-off
demand is defined as the total number of taxi orders whose
pick-up or drop-off location belongs to that zone.
p,n

= |{( pt, dt, pl, dl) : pt ∈ Tt ∧ pl ∈ Zn }|,
d,n
Dt = |{( pt, dt, pl, dl) : dt ∈ Tt ∧ dl ∈ Zn }|,
(1)
p,n
where Dt and Dtd,n denote the taxi pick-up and drop-off
demand of taxi zone Zn at time interval Tt , and the | · | is
Dt

used to calculate the cardinality of a set. Taxi demand in a time
interval is defined as the combination of the taxi pick-up and
drop-off demand of all taxi zones, abbreviated as Dt ∈ R2×N .
3) Taxi Demand Prediction: Taxi demand prediction task
aims to find a function, which takes the taxi demand in the
past several time intervals as input, and outputs the predicted
taxi demand in the next time interval. The goal is to get a
relatively accurate prediction, in other words, to make the
predicted value close to the real observed value.
4) External Factors: Some external factors such as weather
and time of day information can be used to improve the
forecasting accuracy. Real-value factors such as temperature
are denoted by the original values, and enumerate factors like
wind direction are denoted by one-hot vectors. All external
factors at Tt can be concatenated to a vector E t ∈ R Q , where
Q is the dimension of the vector.
B. Taxi Zone Clustering
Taxi Zone Clustering (TZC) is to partition all taxi zones
into multiple clusters according to their correlations about
taxi demand. To achieve this, the key is to assign a metric to
measure the similarity between different zones. Historical taxi
demand sequence can be regarded as the characteristic representation of each taxi zone. K-means, DBSCAN, and DPC
are popular methods for clustering data in Euclidean space.
However, the representation has no actual spatial coordinate
meanings and not suitable for directly clustering. A more
appropriate way is to calculate the correlation of taxi demand
in different zones and apply a pairwise clustering algorithm to
yield several clusters of taxi zones.
Spearman Correlation Coefficient (SCC) can evaluate
monotonic relationships between two variables (here refers to
the taxi demand of two taxi zones), thus suitable for measuring
the correlation of two taxi zones based on the sequential
demand data. It is defined based on the Pearson Correlation Coefficient (PCC). PCC can assess linear relationships
between two variables, defined as follows:

(x i − x)(yi − y)
Cov(x, y)
=  i
, (2)
ρx,y =

σx σ y
(x − x)2
(y − y)2
i

i

i

i

where ρx,y denotes the PCC between x and y, Cov(x, y) is
the covariance of x and y, x and y are the mean values of
x and y, σx and σ y are the standard deviations of x and y.
The SCC of two variables equals to the PCC between the rank
values of these two variables:
r x,y = ρrankx ,ranky ,

(3)

where r x,y denotes the SCC between x and y, r ank x and
r ank y are the rank value of x and y. The correlation of taxi

demand among different taxi zones may be nonlinear, therefore
SCC is more suitable than PCC since it can assess nonlinear
relationships between two variables.
Supposing that taxi demand consists of pick-up demand and
drop-off demand, the calculation formula of SCC needs to be
adjusted. For taxi zone Zn , its taxi demand at Tt is a two
p,n
dimensional vector Dtn = (Dt , Dtd,n ) ∈ R2 . The correlation
between taxi zone Zx and Z y are measured by the SCC of
y
Dtx and Dt , denoted by Corr x,y . Since the variables are not
scalar type, the formulas of PCC are adjusted to vector form:

(
x i − x ) ∗ (yi − y)
Cov(
x , y)
ρ̂x,y =
=  i
, (4)
σx σ y
2  
2

x
−
x


y
−
y


i
i
i
i
2
2
Corr x,y = r D x ,D y = ρ̂rank
t

t

y
Dtx ,rank Dt

,

(5)

where ∗ denotes the dot product of two vectors, ·2 is
2-norm of a vector. By calculating the SCC of each taxi
zone pair, a correlation coefficient matrix Corr ∈ R N×N
can be obtained, where Corr x,y ∈ [−1, 1] measures the
similarity between taxi zone Z x and Z y . Noting that Corr
is a symmetrical matrix. If the taxi demand between two taxi
zones are highly related, the absolute value of their correlation
coefficient is close to 1; otherwise, the value is close to 0.
After obtaining the pairwise proximity information of taxi
zones, TZC can be regarded as a pairwise clustering problem
[47]. Given N taxi zones and their correlation coefficient
matrix Corr , TZC clusters all these taxi zones into K ≤ N
disjunct subsets, denoted by S1 , S2 , . . . , S K . This is achieved
by maximizing the following objective function:
J=

K
1  1  
|Corra,b |.
N
|Sk |
k=1

(6)

a∈Sk b∈Sk

J measures the average intra-cluster similarity of taxi zones.
Therefore, maximizing J groups those taxi zones that are
highly related. One algorithm named deterministic annealing has been proposed to solve this problem [51]. If the
hyperparameter K , the total number of clusters, is assigned,
all taxi zones can be grouped to K clusters based on the
aforementioned deterministic annealing algorithm.
C. Multi-Level Recurrent Neural Networks
The Multi-Level Recurrent Neural Networks (MLRNN)
model is built by LSTM networks and fully connected networks, consisting of a cluster-level prediction module and
a global-level prediction module, as shown in Fig. 3. As
a variate of RNN, LSTM networks have exhibited superior
performances on sequence modeling problems. Since shortterm taxi demand prediction is formulated as a sequence
forecasting problem, LSTM networks are suitable to deal with
this task. The calculation formulas of LSTM networks are
denoted as follows:
i t = σ (Wxi x t + Whi h t −1 + bi )
ft = σ (Wx f x t + Wh f h t −1 + b f )
ot = σ (Wxo x t + Who h t −1 + bo )
ct = f t ◦ ct −1 + i t ◦ tanh(Wxc x t + Whc h t −1 + bc )
h t = ot ◦ tanh(ct ),
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Fig. 3. Architecture of MLRNN model. FC denotes fully connected networks, and WMSE denotes weighted mean square error between two demand tensors.

where x t and h t denote the input and output features at t t h time
step, σ and tanh denote sigmoid and tanh activation function,
◦ denotes the Hadamard product.
In the cluster-level prediction module, all taxi zones are
divided into K clusters by TZC firstly. For each cluster,
there is an independent cluster prediction net built by LSTM
networks and fully connected networks to co-predict the taxi
demand of all taxi zones in that cluster. All of the outputs
from each cluster prediction net are merged as the predicted
value of all taxi zones. Each cluster prediction net only uses
the demand data in one cluster, thus it can learn specific
characteristics of these highly related taxi zones. In the globallevel prediction module, the taxi demands of all taxi zones
are predicted together using a single net similar to cluster
prediction net, aiming to extract the sharing information from
a global perspective.
As discussed in the previous several studies [9], [16],
taxi demand is affected by many external factors. Following
these works, some external factors are selected and embedded
in the prediction model. The numerical representations of
external factors are concatenated to one vector as the original
input, and a fully connected layer is used to reduce its
dimension.
The computation process of the cluster-level prediction
module are denoted as follows:
k
h tS−1

= L ST M

Sk

k
(DtS−s
,

k
DtS−s+1
,

k
DtS−1
)

et −1 = ReLU E (FC E (E t −1 ))
D̂tSk

= σ (FC

Sk

k
(Concat (h tS−1
, et −1 )))

D̂tC = Concat ( D̂tS1 , D̂tS2 , . . . , D̂tS K ),

(8)
(9)
(10)
(11)

where L ST M and FC denote LSTM networks and fully connected networks respectively, σ is Sigmoid activation function,
Concat denotes the concatenate of tensors, DtSk denotes the
taxi demand data of taxi zones in cluster Sk at Tt , and D̂tC is
the predicted taxi demand by cluster-level prediction module.
The calculation formulas of the global-level prediction module
are denoted as follows:
h t −1 = L ST M G (Dt −s , Dt −s+1 , Dt −1 )

(12)

= σ (FC (Concat (h t −1, et −1 ))),

(13)

D̂tG
D̂tF inal

G

=

( D̂tC

+

D̂tG )/2,

(14)

where D̂tG is the predicted value from the global-level
prediction module, and D̂tF inal is regarded as the final
prediction.
D. Mixed Loss Function
Considering regional heterogeneity, we apply Weighted
Mean Square Error(WMSE) to evaluate the differences
between predicted values and observed values:
W M S E( D̂t , Dt ) =

N


αn M S E( D̂tn , Dtn )

(15)

n=1

H

n
=1 Dt 1
,
αn =  N t 
H
r
r=1
t =1 Dt 1

(16)

where M S E is the mean square error between two tensors,
D̂tn and Dtn denote the predicted and observed taxi demand of
taxi zone Z n , ·1 is the 1-norm of a vector, H is the total
number of time intervals in historical data.
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Algorithm 1 Taxi Demand Prediction by TZC and MLRNN
Require: Historical sequential multi-zone taxi demand D =
{D1 , D2 , . . .} and external factors at each time interval E =
{E 1 , E 2 , . . .}, the total number of clusters K , the sequence
length s, the hyperparameters of artificial neural networks.
Step 1: Taxi Zone Clustering
1: Calculate the Spearman Correlation Coefficient Matrix
(SCCM) based on the historical multi-zone taxi demand
data
2: Run deterministic annealing algorithm based on the SCCM
3: Group taxi zones into K clusters according to the results
4: return K taxi zone clusters
Step 2: Building and Training MLRNN Model
1: Process taxi demand data and external factors into labeled
regression samples according to s
2: Build MLRNN model based on the taxi zone clustering
results
3: Set up loss function according to Formula (15) - (17)
4: Initialize the parameters in MLRNN
5: while non-convergent in validation dataset do
6:
for each batch of training samples do
7:
Compute the outputs by forward propagation
8:
Calculate the total loss according to loss function
9:
Update the parameters by error backpropagation
10: return Well-trained MLRNN model
Step 3: Taxi Demand Prediction
1: Prepare the input historical data for the next time interval
2: Feed the input data to MLRNN and calculate the output
3: return The predicted taxi demand values
A mixed loss function is designed to train the MLRNN
model, consisting of three parts:
Loss = W M S E( D̂tC , Dt )
+W M S E( D̂tG , Dt )
+W M S E( D̂tC , D̂tG ).

(17)

By this design, the update of parameters in one module is
restricted by the current parameters in the other module,
enabling the model to learn both global information and
cluster-related characteristics. As a result, the MLRNN model
can acquire better generalization ability and yield more accurate demand prediction values for all taxi zones. The overview
of our proposed taxi demand prediction method is summarized
in Algorithm (1).
IV. E XPERIMENTS
In this section, we introduce the experiments conducted on
real-world datasets to validate the efficiency of our proposed
method. Six baselines and three evaluation metrics are adopted
to assess the forecasting performance of taxi demand.
A. Datasets and Region Partition
1) NYC-Taxi-20161 includes millions of yellow taxi
trip records in New York City (NYC) from January to
1 https://data.cityofnewyork.us/Transportation/2016-Yellow-Taxi-TripData/k67s-dv2t

Fig. 4. Region partition for NYC-Taxi-2016 dataset. The longitude and
latitude coordinates of the four vertex are A (−74.042, 40.710), B (−73.995,
40.692), C (−73.918, 40.800) and D (−73.965, 40.818). Eleven grids with
few taxi orders are filtered out.

June in 2016. Each record contains the following information:
pick-up/drop-off latitude and longitude, pick-up/drop-off time,
etc. As Fig. 4 shows, we select a region in NYC Manhattan
and partition it into 15 × 5 grids following the previous study
[8]. We filter those grids whose average taxi demand(the sum
of pick-up and drop-off demand) per time interval is lower
than 10. Those grids have relatively low taxi demand during
a long period, so there is little meaning to forecast the taxi
demand of them. For CNN-based baselines, we use the taxi
demand of all these grids when training the model, for CNN
can only deal with data in Euclidean space. However, we only
calculate the forecasting performance of those grids that are
not filtered for comparison with other methods.
2) NYC-Taxi-20182 is a combination of yellow taxi, green
taxi, and for-hire-vehicle (FHV) trip records in NYC from
January to October. Each record contains the following information: pick-up/drop-off taxi zone number, pick-up/drop-off
time, etc. The taxi and limousine commission (TLC) of NYC
divides the whole city into 263 taxi zones, assigning a specific
number to each zone. Fig. 5 displays the taxi zone division
of Manhattan area by TLC2 . To be consistent with the NYCTaxi-2016 dataset, 59 taxi zones inside the red polygon are
selected for taxi demand co-prediction.
3) NYC-Weather3 is collected from a weather underground
website, which provides hourly weather data of NYC in
historical days. We collect the weather data in history periods
corresponding to the aforementioned two datasets and build
2 https://www1.nyc.gov/site/tlc/about/tlc-trip-record-data.page
3 https://www.wunderground.com/history/daily/us/ny/new-york-jfk
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as pictures, while the taxi zones in NYC-Taxi-2018 are not
divided in a grid manner.
C. Experimental Settings

Fig. 5. Taxi zone division of Manhattan by taxi and limousine commission
of New York City. We co-predict the taxi demand of those regions inside the
red polygon.

this dataset. There are seven real value type variables, including temperature, dew point, wind gust, wind speed, pressure,
humidity, and precipitation. Such variables are denoted by
the corresponding observed value. Besides, there are four
enumeration type variables, including weather condition, wind
direction, time of day order, and day of week order. Such
variables are denoted by one-hot vectors.

B. Baselines
We compare the effectiveness of our proposed model with
the following methods:
•

•
•
•
•

•

Historical Average (HA): for a time interval, using the
average value at the same time in the previous several
days as its prediction.
Autoregressive Integrated Moving Average (ARIMA):
a popular method for time series analysis.
XGBoost [55]: an efficient implementation of gradient
boosting decision tree (GBDT) algorithm.
LSTM [11]: a special kind of RNN, popular for sequence
modeling.
ConvLSTM [56]: a variant of LSTM networks for spatiotemporal data mining based on the combination of
CNN and LSTM.
ST-ResNet [16]: a popular approach for traffic demand
prediction using trend, period, and closeness information.

Noting that ConvLSTM and ST-ResNet methods are not
compared on dataset NYC-Taxi-2018. These two baselines
are CNN-based models that require processing traffic data

In this paper, the time interval is set to 30 minutes. The
input data is normalized to 0 - 1 before training by Min-Max
normalization, and the output data is denormalized to evaluate
the forecasting accuracy. The history step is set to 8 to yield
the best forecasting performance by LSTM based methods.
The input dimension of each sample is 8 × 2 × N, and the
output dimension of each sample is 2× N, where N is the total
number of taxi zones. The hidden dimension of each single
LSTM network is set to twice the input dimension, which
can yield the best generalization ability. The dimension of
external factors is reduced to 20 by a fully connected layer
with a ReLU activation function. All samples are divided
into a training dataset, a validation dataset, and a test dataset
according to 3:1:1 ratio. Deep learning models are trained
by error backpropagation algorithm [57] with Adam [58]
optimizer, where the learning rate is set to 0.001. The early
stop method is used to suppress overfitting, and the net with
the best forecasting accuracy on the validation dataset is used
to test. Pytorch framework is used to implement the artificial
neural networks. The experimental settings for specific method
are listed as follows:
1) HA: The observed values in the previous 7 days are used
to calculate the average value.
2) ARIMA: For each taxi zone, there are two ARIMA
models, one for pick-up demand prediction and the other for
drop-off demand prediction. The three important parameters,
( p, q, d), are chosen from 1 to 4 for each one with the best
performance on the training dataset.
3) ConvLSTM: The kernel size is 3 × 3, and the total
number of filters is set to 32. We use one ConvLSTM layer
following a fully connected layer to build the model.
4) ST-ResNet: The kernel size is 3 × 3, and the total
number of filters is set 32. There are 12 residual units in
our implementation. The dependent sequence lengths of trend,
period, closeness are set to 4, 4, 8, respectively.
5) MLRNN: The total number of taxi zone clusters ranges
from 2 to 10.
D. Evaluation Metrics
We adopt Mean Absolute Error (MAE), Root Mean Square
Error (RMSE), and Mean Absolute Percent Error (MAPE) to
evaluate the prediction performance of different methods:
1 M
| X̂ i − X i |
(18)
M AE =
i=1
M

1 M
RM S E =
( X̂ i − X i )2
(19)
i=1
M
1  M X̂ i − X i
|
| × 100%,
(20)
M AP E =
i=1
M
Xi
where X̂ i and X i are the predicted value and observed value.
The observed taxi demand data with zero values are filtered
when calculating MAPE.
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TABLE I
TAXI D EMAND P REDICTION R ESULTS OF D IFFERENT M ETHODS W ITHOUT
U SING E XTERNAL FACTORS

Fig. 7. Empirical Cumulative Distribution Function(CDF) of sample-level
RMSE for different methods.

Fig. 6. Taxi zone clustering results. There are five clusters in dataset NYCTaxi-2016 (a) and four clusters in dataset NYC-Taxi-2018 (b). Taxi zones
dyed the same color are considered to be in the same cluster.

E. Results and Discussion
1) Comparison With Baselines: The taxi demand prediction
results generated by different methods are shown in TABLE I,
where external factors are not used for all methods to maintain
data consistency. All deep learning-based methods are run
10 times with random initialization of parameters, and the
average values are calculated as their final results. MLRNNC5 denotes the total number of clusters is 5, and MLRNNC4 denotes 4 clusters. The corresponding taxi zones clustering
results are shown in Fig. 6, where the taxi zones dyed in the
same color are considered to be in the same cluster. HA is far
inferior to other methods, while other methods have relatively
close forecasting performances, implying the difficulty of
taxi demand prediction. Although ST-ResNet and ConvLSTM
exhibit superior performance in previous studies [16], [56],
the two methods are slightly worse than LSTM on the two
datasets that we used, which may due to the heterogeneity of
taxi demand in different cities. Our proposed MLRNN model

Fig. 8. Comparison of taxi-zone level RMSE for different methods. All
taxi zones are sorted according to their average taxi demand from largest to
smallest.

with a proper cluster number achieving 5% - 7% improvement
compared with other baselines. Fig. 7 exhibits the cumulative
distribution function of sample-level RMSE for each method.
It is consistent with the result of TABLE I that our proposed
method exhibits better forecasting performance than other
baselines. Taxi-zone level results are displayed in Fig. 8,
where the RMSE of each taxi zone is calculated and exhibited
independently. For almost all taxi zones, the prediction error of
our MLRNN model is lower than that of any other baselines,
especially for those zones with higher taxi demands. The
results of ten experiments for each deep learning-based method
are shown in Fig. 9. Except for the best RMSE, our model
yields the smallest variance than other models, demonstrating
its superior robustness.
2) Ablation Experiment Results: The efficiency of each
module in MLRNN model is verified by several ablation experiments, and the results are listed in TABLE II. We separately
evaluate the performance of the cluster-level prediction module
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Fig. 9. Box-plot of RMSE from 10 experimental results by deep learning
method.
TABLE II
A BLATION E XPERIMENT R ESULTS OF E ACH M ODULE IN MLRNN M ODEL

Fig. 10. Max-N-zone average taxi demand prediction errors by MLRNN
model with different loss functions (WMSE and MSE). N denotes the N taxi
zones with the most demand for taxis in history, and the vertical axis value
is the average forecasting errors of those taxi zones.

TABLE III
P ERFORMANCE C OMPARISON OF MLRNN M ODELS W ITH D IFFERENT
N UMBERS OF C LUSTERS

using either module alone. In addition, the forecasting performance of the MLRNN model is further improved by
adding external factors (MLRNN-C5-E for NYC-Taxi-2016,
MLRNN-C4-E for NYC-Taxi-2018), illustrating that some
related environmental features are helpful to improve prediction accuracy. Furthermore, we assess the impact of different
cluster numbers on the MLRNN model, and the results are
listed in TABLE III. There exists a best cluster number for a
specific dataset that can yield the lowest prediction error, yet
how to quickly obtain this number is left unknown. Violent
enumeration is not desirable if there is a large amount of taxi
zones. Finally, to verify the effectiveness of using WMSE
loss function for MLRNN model than MSE loss function,
we calculate the average forecasting error of N taxi zones
with the most demand for taxis, as shown in Fig. 10. MLRNN
model with WMSE loss function achieves lower forecasting
error than using MSE loss function, especially for those zones
with more taxi demands.
V. C ONCLUSION

(Cluster-C5 for NYC-Taxi-2016, Cluster-C4 for NYC-Taxi2018) and the global-level prediction module (Global-C5 for
NYC-Taxi-2016, Cluster-C4 for NYC-Taxi-2018). Using both
of the two modules simultaneously is 7% better than only

We propose a novel taxi demand prediction method by
analyzing the heterogeneity of taxi demand among various
regions. The method consists of a taxi zone clustering algorithm and a deep learning model named Multi-Level Recurrent
Neural Networks (MLRNN). Taxi zones are clustered into
several groups according to their correlation about taxi demand
based on the Spearman Correlation Coefficient of taxi demand
and pairwise clustering algorithm. A cluster-level prediction
module is designed to forecast the taxi demand separately for
each cluster, and a global-level prediction module is designed
for demand co-prediction of all taxi zones. The two modules
are restricted during the training procedure by a well-designed
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loss function, enabling the model to learn the characteristics
of taxi demand from two perspectives, not only the clusterlevel features hidden in highly related zones but also the global
features shared by all taxi zones. Massive experiments are conducted on two NYC taxi trip records datasets, and the results
demonstrate that our model is superior to other baselines. This
study mainly focuses on the heterogeneity of different regions
when designing a taxi demand prediction model. The diversity
in taxi demand distribution is analyzed and utilized to improve
the forecasting accuracy. Such diversity deserves further analysis to mine more useful information and match the needs of
practical applications. For future work, how to determine the
total number of clusters is worth exploring. Moreover, it is
hopeful to develop better taxi demand prediction models based
on the combination of multi-task learning and heterogeneity
analysis of multiple taxi zones.
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