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Abstract. Accurate taxi demand prediction has the potential to
increase customer satisfaction and hence the usage of ride-sharing by
predicting the number of taxis needed at a certain place and time. When
reviewing the related work on demand prediction, we observed that in
taxi demand prediction different grid topologies — e.g. rectangular sub-
divisions of an area — and sizes are applied. However, it is not clear how
and why the grid cells are configured the way they are and a systematic
comparison of different topologies and sizes as regards their influence on
urban demand prediction is lacking.

In this paper, we compare the influence of different grid cell sizes —
250 m, 500 m, and 1000 m — on the prediction accuracy of different types
of deep learning-based taxi demand prediction approaches, such as con-
volutional neural networks, recurrent neural networks, and graph neural
networks. Therefore, we select five deep learning-based approaches from
related work and evaluate their performance on the New York City TLC
taxi trip dataset and three different evaluation metrics. Our results show
that approaches with a grid cell of size 1000 m and 500 m achieve a higher
prediction accuracy. Furthermore, we propose to consider the grid cell
size as a tunable parameter in demand prediction models.

Keywords: Taxi demand prediction + Grid cell size + Deep learning

1 Introduction

About 99% of the world’s population breathes air that does not meet the World
Health Organizations’ air quality guidelines [23]. A major cause is urbaniza-
tion, which includes the concentration of pollution sources in a relatively small
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(urban) area. In this context, a substantial part of air pollution is caused by the
transportation sector [22].

One option to contribute to a reduction of air pollution in cities is to strengthen
mobility-on-demand services [29] like ride-sharing in which multiple passengers
share a vehicle or taxi. To decrease customers’ waiting time and thereby increase
the service’s popularity, the number of requests at certain locations or the demand
for taxis can be predicted; this prediction can be used to proactively reposition idle
taxis to locations in which the demand exceeds the supply.

Predicting the demand for taxis is challenging as the temporal and spatial
imbalance between demand and supply increases e.g. with a loss of experienced
drivers due to demographic change [5,7]. Additionally, taxi drivers generally
have a less efficient passenger search strategy in less known neighborhoods [5,7].
As the popularity of mobility-on-demand services like taxi ride-sharing increases
[2,21,33], predicting the demand for taxis becomes even more relevant.

Usually, the demand is predicted for a short term like the next 30 min based on
the previous demand, for instance in the last two hours. Many approaches train
neural networks based on historic datasets with millions of taxi trips. Typically,
the area of a city is spatially separated into multiple non-overlapping areas — like a
1000 m square grid cell — and the number of trips in each of these areas is predicted
for the next time step. The grid cell size is understood as the edge length of the
cell, e.g. a 1000 m sized square grid cell corresponds to an area of 1km?.

In Sect. 2, we present related work about taxi demand prediction to show that
while using square/rectangular grids to spatially structure the demand is com-
mon, the chosen grid cell sizes vary from 150m to 4900 m. In Sect. 3, we present
the methodology for studying the influence of the chosen grid cell size on the
prediction accuracy of multiple demand prediction approaches. The experimen-
tal results are presented in Sect. 4 and discussed in Sect. 5. Finally, a conclusion
is given in Sect. 6.

2 Related Work

In recent years, researchers have made numerous advances in the field of taxi
demand prediction [34]. Various approaches have been developed, which use, e.g.,
statistical time series analysis or making forecasts about the future by analyzing
traffic data and using neural networks. As shown by [24] and in Table 1, while
the commonly used evaluation metrics — Root Mean Square Error (RMSE),
Mean Absolute Error (MAE), Mean Absolute Percentage Error (MAPE), or
Mean Relative Error (MRE) — are obvious, there is a wider variation of the cho-
sen network types. The most common network types are Convolutional Neural
Network (CNN), Long Short-Term Memory Network (LSTM), and Graph Con-
volutional Neural Network (GCN). In the following, we describe related work on
short-term taxi demand prediction for each of these three network types.

2.1 Convolutional Neural Networks

CNN models are mainly used in image and speech recognition. As taxi demand
data organized by a square grid has a structure similar to an image [36], CNNs



On the Influence of Grid Cell Size on Taxi Demand Prediction 21

Table 1. Overview of grid configurations of existing demand prediction approaches.

Reference Grid topology | Cell size in meter Evaluation metric Basic method | Code
Chu, Lam, and Li [4] Rectangualr 220 x 170 RMSE, SMAPE LSTM & CNN | X
Davis, Raina, and Jagannathan [5] | Rectangular | 1200x 600, 4900x 4900 | RMSE, SMAPE, MASE |LSTM X
Jin et al. [8] Rectangular | 560x 475 RMSE, MAE GCN X
Ke et al. [9] Polygons N/A RMSE, MAPE, MAE GCN X
Ke et al. [10] Polygons N/A RMSE, MAPE, MAE GCN X
Ke et al. [11] Square 4770 x 4810 RMSE, MAE, R-squared | LSTM & CNN | X
Lee et al. [13] Square 700x 700 RMSE, MAPE GCN X
Li and Axhausen [14] Square 500x 500 RMSE, SMAPE GCN X
Oda and Joe-Wong [16] Square 150x 150 RMSE CNN X
Pian and Wu [17] Square 1000x 1000 RMSE, MAPE, MAE GCN v
Wang et al. [26] Rectangular | 2650x 2600 RMSE, SMAPE CNN v
‘Wu, Zhu, and Chen [27] Square 700x 700 RMSE, MAPE GCN X
Xu and Li [30] Square 300x 300 RMSE, MAE, R-squared | GCN X
Xu et al. [28] Square 153 153 RMSE, SMAPE LSTM X
Yao et al. [31] Square 700x 700 RMSE, MAPE LSTM & CNN | v
Ye et al. [32] Rectangular | 720 x 420 RMSE, PCC LSTM & CNN | X
Zhang et al. [34] Rectangular | 890 x 910" RMSE, MAPE, MAE RNN v
Zhang et al. [35] Rectangular | 250 x 334" RMSE, MAE LSTM v
Zhang, Liu, and Zheng [37] Square 1600 x 1600 RMSE, MAPE, MAE CNN X

(SYMAPE: (Symmetric) Mean Absolute Percentage Error, MA(S)E: Mean Absolute
(Scaled) Error, PCC: Pearson Correlation Coefficient, RMSE: Root Mean Square Error,
N/A: Not Available

TEstimated based on coordinates

are also commonly used for taxi demand prediction due to their ability to identify
spatial correlations [32].

Many authors use CNNs as demand prediction models or as building blocks
for their network, such as [16,25,31,32,37]. As shown in Table 1, all CNN-based
approaches use a square or rectangular grid topology, but the chosen grid cell
size varies from 700 m in [31] to 1600 m in [25]. Interestingly, for most approaches
CNN layers are the main building block — [16,25,37] — but some combine it with
LSTM layers — [31,32]; the latter shows promising results for the prediction
accuracy.

2.2 Recurrent Neural or Long Short-Term Memory Networks

While the usage of CNNs is often motivated by their ability to capture the spatial
relation, Recurrent Neural Network (RNN)-based models are used to identify
temporal relations in the training data [11,28,34]. While both CNNs and RNNs
are able to process a sequence of input maps that represent the demand per
grid cell and time step, RNNs process the input sequentially. In particular, they
are able to save extracted information from previous inputs in their memory.
As the classical RNN architecture suffers from the vanishing gradient problem
[12], the architecture was enhanced to the Long Short-Term Memory Network
architecture by Hochreiter and Schmidhuber [6]. As taxi demand prediction can
be formalized as a sequence prediction problem, both RNNs and LSTM are
suitable for this task [34].
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Besides [31,32] that combine CNN and LSTM building blocks and were
described above, [5,11,28,35] create an LSTM or an RNN — [34]. While all
approaches use a square or rectangular grid, the chosen grid cell sizes vary from
153 m in [28] to 4900 m in [5]; three approaches — [31,32,34] — chose a grid cell
size between 700m and 900 m.

2.3 Graph Neural Networks

According to Li and Axhausen [14], CNN models have the limitation of using
regular grids that compress the information, rather than irregularly shaped grids
that may more closely approximate reality, e.g. the boroughs of a city; in contrast
to CNNs, GCNs are able to handle such data. As taxi demand data are sometimes
structured in irregularly shaped grids - like in the more recent records of the
commonly used NYC Yellow Taxi Trip dataset [15] - and as shown in Tablel,
GCNs are used to predict taxi demand. In graph neural networks the value
predicted per node is computed over the values of its neighbour. GCNs represent
spatial connections by non-euclidean graph structures and apply convolutional
operations. The basic form of a GCN layer consists of graph convolution, a linear
layer, and a nonlinear activation function [38]. While [9,10] make use of the graph
networks’ advantage by structuring the data with irregular polygons, [14] select
a 500m square grid. Surprisingly, all GCN-based approaches — [8,13,17,27,30]
— do similar; the chosen grid cell sizes vary from 200 m to 1000 m.

2.4 Research Gap, Question, and Hypothesis

While many researchers use deep learning-based methods to predict the demand,
the used grid cell sizes vary from 150m in [16] to 4900 m in [5]; these variations
also differ among the different neural network types commonly used. Surprisingly,
only two approaches — [3,30] — consider the grid cell size as an optimizable
parameter and optimize it: Chiang, Hoang, and Lim [3] compared grid cell sizes
from 250m to 4000 m and selected 250 m as it achieved the highest prediction
accuracy measured via the metric perplexity. Xu and Li [30] compare grid cell
sizes from 100 m to 400 m and select 300 m because the RMSE is the lowest.

Comparing the prediction accuracy measured on different grid cell sizes does
not work per default; in Sect. 3.2 and Fig. 2 we illustrate this problem and pro-
pose an aggregation step to enable comparability. Neither [3] nor [30] describe
such a step. Consequently, we assume that their methodology for choosing a grid
cell size was not complete.

A change in the grid cell size affects (1) the average number of trips per cell,
(2) the number of cells in which no trip occurs at a certain time step, as well as
(3) the ability of a demand prediction model to capture spatial demand patterns
in a city. Because of this, the high variability of grid cell sizes used by others, and
the lack of a methodologically complete comparison as regards their influence,
we consider the influence of grid cell sizes on the accuracy of demand prediction
models as an open research gap.
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This gap leads us to the following research question: How does the grid
cell size affects the accuracy of various neural network types for taxi
demand prediction measured via MAE, MRE, and RMSE?

In the context of this study, we restrict ourselves to the grid cell sizes of
250, 500 and 1000 m, as these are representative of the grid cell sizes used in the
literature.

Smaller grid cell sizes might enable a demand prediction model to better
capture the spatial patterns of a city; while a larger grid cell size might be suffi-
cient to separate the demand patterns between city districts, a finer grid cell size
could allow the separation of demand patterns in neighborhoods. Consequently,
we select the hypothesis H1: Smaller grid cell sizes achieve a higher pre-
diction accuracy to address the aforementioned research question.

3 Methodology

Here, we describe the dataset used in our experiment, as well as the evalua-
tion metrics and aggregation step that enables a fair comparison of the results
achieved on different grid cell sizes. Furthermore, we select five demand predic-
tion approaches from the related work of the previous section and three baseline
models. For each of the five selected models, we select the optimal grid cell
size via measuring the prediction accuracy on the validation data. The final
results are measured on the previously unseen test data. The parameters of
each model were chosen with respect to the configurations of the authors of the
respective model. Therefore, no optimization of the hyperparameters was per-
formed. In general, the batch size is set to 256 and the demand is predicted for
the next 30 min. Additionally, all external factors, such as weather information,
were excluded from the prediction to allow for a consistent comparability of the
grid cell configurations.

3.1 Dataset

We use the NYC Yellow Taxi Trip Data [15], which was created by the New
York City Taxi & Limousine Commission. It is one of the most widely used
datasets in the field of taxi demand prediction. We consider 18 months, starting
from January 2015 and until June 2016. Almost 70% — about 12 months — of the
data will be used for training the networks, about 20% — about 4 months — for
validation, and the remaining 10% — about 2 months — for testing. To prepare
the data and exclude outliers, we apply the same strategy as S. Schleibaum, J. P.
Miiller, and M. Sester [19]; that results in about 3.5% as outliers. In particular,
we enhance the trip records by the indices of the grids with a cell size of 250,
500, and 1000 m. We select a square with the bottom left (40.5879, —74.0898)
and the top right (40.9014, —73.6857) as the area in which the trips have to
start. Figure 1 shows the absolute taxi demand in the area via a grid cell size of
250m, which is equal to an area of 0.0625m?.
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Fig. 1. Absolute number of taxi trips in New York City between January 2015 to June
2016 shown on a grid with cells size of 250 m and on a logarithmic scale

3.2 Evaluation

Metrics. To evaluate the performance, we use the three evaluation metrics
commonly used: the MAE, MRE, and RMSE. In this approach y is used as
the actual value, § as the predicted value, and N is the total number of val-
ues in the range of n = 0,..., N — 1. The evaluation metrics are defined as
follows: MAE as + 25:1 |Yn — n|, MRE as + 25:1 |yy%y|, and RMSE as

\/% Zivzl(yn - gn)Q

Lllustration of the Comparability Problem. As shown in Fig.2 the grid on the
left and the grid in the middle are considered as two separate predictions. For
example, comparing the prediction accuracy of the two cells with the MAE —
MAENCA99- of 50 and M AEN299 of 12.5 — we see that the prediction accuracy
is higher for a grid cell size of 500 m. However, that is incorrect because both,
the true demand of one cell and the total predicted demand of all cells, are the
same in both predictions. Consequently, predictions made on different grid cell
sizes are not comparable by default.

Aggregation Step. To make the results on the two grid cell sizes comparable, we
aggregate the four 500 m grid cells to the right grid cell in Fig.2 by computing
the two sums Zi:o yn and Zi:o 0. Now, comparing MAE — M AE%SS‘%’ " of
50 and M AE{}J%%‘m of 50 — we see that the prediction accuracy is the same for
the 1000 m sized grid cell and for the aggregated 1000 m sized grid cell.
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Fig. 2. Illustration of problem when comparing results from different grid cell sizes and
our aggregation step to tackle this problem

Consequently, we aggregate the grid cells that occupy the same space as
the largest grid cell size based on the geographical location of the grid cells.
Technically, we apply two-dimensional average pooling and multiply the results
by the number of cells aggregated, allowing the predicted value of a grid cell to
be compared with the reference grid cell of size 1000 m.

3.3 Selection of Demand Prediction Approaches

The criteria for selecting demand prediction approaches from the related work
are (C1) that we have at least one model per common network type — CNN;
RNN, and GCN (C2) the availability of the source code so that we are able
to reproduce the approach, and (C3) the prediction accuracy reported by the
authors.

In Table 1, we list only one RNN-based model - corresponds to (C1) - pro-
posed by Zhang et al. [34] and henceforth called M1-MLRNN. As the source code
is available (C2) and the model outperformed simple LSTM models as well as
ConvLSTM [20] and St-ResNet [36] (C3), we select this model. The authors first
build a Spearman Correlation Coefficient matrix from historical taxi demand
data, and thereby derive several clusters of taxi zones using a deterministic
annealing algorithm. Afterwards, several modules composed of RNN and Fully
Connected (FC) layers are built — a global one and one per cluster. Per grid cell,
the global and cluster-based predictions are averaged. Thereby the M1-MLRNN
combines global predictions with the cluster ones to predict the overall demand
for pickups in a city.

As shown in Table 1, we list three purely and four partialy LSTM-based
models (C1). Still, there is only one purely LSTM-based model proposed by
Zhang et al. [35] — referred to as M2-pmILSTM — of which the source code is
available (C2). The authors were able to outperform a model that combines CNN
and LSTM layers (C3). In contrast to [34], temporal classification is used instead
of spatial clustering. The corresponding classifier time-feature encoder consists
of FC layers that map demand data to a time class. Additionally, the demand
is enhanced by denoising and passed through an LSTM layer. Both outputs are
fused via another LSTM and FC layer and combined to the final prediction.
Interestingly, the pick-up and drop-off demand are predicted and used as input.
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The third selected model proposed by Pian and Wu [17] — named M5-
STDGAT — represents the network type GCN (C1). We select this model as
it is the only GCN-based network of which the code is available (C2) and it also
outperforms a relatively simple GCN model and the DMVST model of Yao et
al. [31], which consists of both LSTM and CNN layers (C3). The M3-STDGAT
is based on a dynamic graph structure to identify dynamic time-specific spa-
tial relations throughout the timeline. Therby, the authors use a Graph Atten-
tion Network (GAT) to identify adaptive importance allocation for neighboring
regions based on pair-wise calculated correlations. The M3-STDGAT is com-
posed of a spatial and a temporal module as well as a prediction layer, which
combines the output of the former two. The spatial module aims to capture
spatial patterns and is composed of several GAT blocks. The temporal module
is based on an LSTM to determine temporal patterns in the demand.

Table 1 shows that the fourth selected model — presented by Wang, Hou, and
Barth [25] and henceforth called M/-CNNFC — is the only CNN-based model
(C1) of which the source code is available (C2). With this relatively simple CNN-
based model, the authors were able to outperform an LSTM-based model (C3).
After each layer of the M/-CNNFC, a pooling layer is applied to compress the
information. After the two CNN layers, a FC is used to incorporate additional
weather information and generate the demand prediction.

Although we have already introduced a CNN-based model, we select a second
CNN-based model, which is presented by Oda and Joe-Wong [16]. It consists
solely of three CNN layers and in contrast to [25], no pooling layers are used
(C1). Therefore, we could successfully reproduce the model (C2). Despite the
simple design, very good results were achieved (C3). This model does not use
any additional features.

3.4 Baseline Models

The decision tree-based approach XGBoost of Chen and Guestrin [1] — referred
to as M6-XGB — is selected as the first baseline model. Here, different machine
learning concepts are applied, such as ensemble learning and gradient boosting.
Further, XGBoost was also used by [9,17,34] as a baseline model. Addition-
ally, we use relatively simple regression models as baseline: M7-Ridge and MS§-
Lasso. Both were previously used as baselines for demand prediction models, for
instance by [9,17,31].

4 Experimental Results

The results of the experiments of the five selected models are described below
in ascending order of model numbering: MI1-MLRNN, M2-pmILSTM, MS5-
STDGAT, M/-CNNFC, and M5-CNN. An overview of the results described in
this section is given in Table 2.
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Table 2. Comparison of the results of the experiments with validation data.

Model Grid size | MAE [#trips] | MRE | RMSE
M1-MLRNN-C4 | 1000 m 1.4054 0.2911 |3.172
M1-MLRNN-C3 | 500 m 1.2114 0.2529 | 2.6177
M1-MLRNN-C3 | 250 m 1.2544 0.2616 |2.6248
M1-MLRNN-C1|1000m |1.1827 0.2424 | 2.55
500 m 1.1905 0.2425 | 2.5726
250 m 1.2428 0.2581 |2.7089
M2-pmlLSTM | 1000m |1.1891 0.2443 | 2.5978
500 m 1.1971 0.2446 | 2.5967
250m 1.2570 0.2566 |2.7619
M3-STDGAT 1000 m 1.1907 0.2483 |2.5492
500m | N/AT N/AT | N/AT
250m | N/AT N/AT | N/AT
M4-CNNFC 1000 m 1.3064 0.2705 |2.8142
500 m 1.2942 0.2655 | 2.7404
250 m 1.3393 0.2761 | 2.8516
M5-CNN 1000 m 1.2082 0.2484 | 2.678
500 m 1.2224 0.2552 | 2.7274
250 m 1.3146 0.2705 |2.9446

T Execution not possible

4.1 MI1-MLRNN: Multi-level Recurrent Neural Network

To rebuild M1-MLRNN, we had to adapt the model to our dataset, which differs
in size and cell configuration from the experiments conducted in [34]. As argued
in the previous section, we exclude weather and time information initially used
in the approach. As the number of clusters depends on the dataset, we reproduce
the deterministic annealing approach used. The results per grid cell size and for
up to 12 clusters are shown in Fig. 3.

Suprisingly, for all grid cell sizes the use of a single cluster or no clustering
achieved the highest prediction accuracy. Overall, we notice a strong fluctuation
of the achieved MRE values. In Fig.4 the pick-up demand aggregated over all
cells of cluster are shown for six clusters and grid cells of size 1000 m. While some
clusters are clearly separable — e.g. 2 from 6 — others — e.g. 3 from 6 — are not.
The non-uniform behaviour of a cluster over time may cause the model to learn
a distorted assumption about the behaviour of all cells. A prediction specific to
this cluster based on the supposed uniform behavior will lead to a less accurate
prediction.

Clustering is an essential part of the approach of Zhang et al. [34], but we
were not able to reproduce its effectiveness. Consequently, we consider both M1-
MLRNN with and without clustering to determine the influence of the grid cell
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size on the M1-MLRNN. To distinguish between both configurations, we add the
suffix -Cx, in which x represents the number of clusters used.

First, we study the results with the second-best number of clusters and sec-
ondly without clustering, which is equivalent to using exactly one cluster. Based
on the results shown in Fig. 3, we choose the model configuration for the exper-
iments with applied clustering to M1-MLRNN-C/ in combination with 1000 m,
and M1-MLRNN-C8 with 500 m and 250 m. As shown in Table 2, for the applied
clustering 500 m has the lowest MRE with a value of 0.2529 and the highest accu-
racy. In M1-MLRNN-C1, however, a different result is indicated. Here, the lowest
MRE of 0.2529 is achieved with a grid cell size of 1000 m.

4.2 M2-pmILSTM: Parallel Multi-task Learning Model

Also for the M2-pmILSTM we had to do some adaptations before being able to
run it on our dataset. This applies in particular to the time feature encoder. Addi-
tionally, as the model predicts both pick-up and drop-off demand, we adjusted
the model to evaluate only the prediction accuracy of the pick-up demand. The
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experiments conducted with M2-pmILSTM provide results similar to those of
M1-MLRNN-C1. While the difference between the 250 m configuration and the
500m/1000m is relatively clear in all three evaluation metrics, the difference
between the 500 m and 1000 m configuration is not. Even though the differences
are small, we select the 1000 m grid cell size as the difference in the MAE is
relatively large. With this configuration, the M2-pmILSTM achieves an MAE of
1.1891, an MRE of 0.2443, and an RMSE of 2.5978 on the validation data.

4.3 M3-STDGAT: Spatial-Temporal Dynamic Graph Attention
Network

The M3-STDGAT receives the previous demand of the last 2.5 h as a matrix and
the corresponding adjacency matrix, which represents the connection between
the grid cells. While the number of trainable parameters in GAT-based networks
is independent of the input size, the incorporated RNN layer that increases
this number significantly — from 6.6 M to 104.9 M parameters. For this reason,
among others, we were unfortunately not able to conduct the experiments for
M8-STDGAT completely. When using a 500 m grid instead of a 1000 m one, the
total number of trainable parameters increases by 1393% leading to a required
memory size of more than 64 GB. Additionally, the approximated time to calcu-
late one training epoch is about 11 hours, if we use the grid cell size configuration
of 500m in a scaled-down version of the model. Therefore, a complete experi-
ment would take more than 92 days. Consequently, we exclude the configuration
of 500 m, and 250 m from the experiments. As shown in Table2 the remaining
results are an MAE of 1.2245, an MRE of 0.2492, and an RMSE of 2.7158.

4.4 M4-CNNFC: Convolutional Neural Network with Fully
Connected Layer

To conduct the experiments with M4-CNNFC [26] we adjusted the network
and, similar to the rebuilding of the other models, removed additional features.
The results show that larger grid cells do not necessarily increase the prediction
accuracy. As shown in Table 2, all evaluation metrics for the grid cell size of 500 m
are smaller than for 1000m, and 250m — M AE500,, of 1.2942, M AFE1900m of
1.3064, and M AFs50,, of 1.3393.

4.5 M5-CNN: Convolutional Neural Network

In contrast to the results of the experiments of the M}-CNNFC, the M5-CNN
achieves the highest prediction accuracy with a 1000 m grid cell size. As shown
in Table 2, all error metrics are smaller for the cell size of 1000 m than for 500 m
and 250 m — M RFE1000 m 0f 0.2484 vs. M RFEx500 ,,, of 0.2552 vs. M RFEs5¢ ,, 0.2705.
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5 Discussion

We will first discuss the RNN/LSTM-based models, followed by the CNN-based
ones. Then the results of the RNN/LSTM and CNN-based models are discussed
among each other. Finally, limitations are pointed out and interesting options
for future work are proposed. However, due to the lack of experimental results
for the grid cell sizes of 250 m and 500 m of M3-STDGAT, no discussion can be
made for this model.

5.1 RNN-Based Models

As regards the M1-MLRNN derivatives from Zhang et al. [34], we achieve the
highest prediction accuracy when no clustering is applied and a 1000 m grid cell
size is used. If clustering is applied a grid cell size of 500 m achieves the highest
prediction accuracy. It is worth noting that we were not able to reproduce the
positive effect of clustering. As mentioned in Sect.4.1, this is probably caused
by the use of deterministic annealing as a clustering method, which seems to fail
to perform sufficiently. It needs to be noted that deterministic annealing cannot
guarantee to be able to find a minimum if more than one local minimum exists
at a given temperature [18]. For this reason, deterministic annealing may not
find the optimal clustering solution in our case.

In comparison, the experiments of M2-pmILSTM show that the grid cell
size of 1000 m leads to the highest prediction accuracy. This confirms that for
RNN-based models, rather larger grid cell sizes are preferred over smaller ones.

In the side-by-side analysis of M1-MLRNN and M2-pmILSTM, it can be
found that the difference between the cell size of 1000 m, and 500 m is relatively
small. Therefore, based on the results described neither for M1-MLRNNnor for
M2-pmILSTM is it possible to unambiguously answer the question of whether
a large or a medium cell size provides the best result for RNN/LSTM-based
models.

The results show that for both models hypothesis H1 — smaller grid cells
allow for higher prediction accuracy — has to be rejected, as either the largest or
a medium grid cell size is preferred.

5.2 CNN-Based Models

The results of the experiments of M4-CNNFC' [26] show that the grid cell size
configuration of 500 m is significantly better than for other grid cell sizes. In
contrast, the largest size of the grid cell for M5-CNN [16] is considerably better.
The two models, and thus the results, differ mostly in that M/-CNNFC [26]
uses an FC prediction layer in addition to CNN layers; whereas, M5-CNN [16]
consists of only three CNN layers. Therefore, when using only CNN layers, larger
grid cell sizes should be selected.

Similar to the RNN-based models, the results for CNN-based models show
that for both models, hypothesis H1 — smaller grid cells allow for higher predic-
tion accuracy — has to be rejected, as the largest — M5-CNN — and medium —
M}-CNNFC — grid cell size is preferred.
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5.3 Comparison Among Models and to Baselines

The results from the experiments with testing data shown in Table 3 reveal that
the results for M1-MLRNN-C1, M2-pmILSTM, and M3-STDGAT are almost the
same, as they all have the highest prediction accuracy by using the largest grid
cell size. Furthermore, the results show that these three more complex models
perform the best followed by M1-MLRNN-C8, M5-CNN, and M4-CNNFC. M1I-
MLRNN-C3 and M4-CNNFC performed best when using the medium-sized grid
cell size and M5-CNN when using the largest grid cell size.

When comparing these five models with the three baseline models, the advan-
tage of deep learning-based models is apparent. The best result of the baseline
models was obtained with M7-Ridge — M AFE )7 of 1.2997 — followed by MS§-
Lasso and M6-XGB as shown in Table 3. If we compare the strongest baseline
model M7-Ridge to the four models examined, we can see that M7-Ridge per-
forms better than M4-CNNFC in only two of three metrics - MAE and MRE
—, but also undercuts the MRE of M1-MLRNN-C1 by 0.0029. Compared to
M1-MLRNN-C1, however, the MAE is higher by 0.0399.

Although the considered models work differently depending on the grid cell
configuration, our hypothesis H1 — smaller grid cells enable a higher prediction
accuracy — needs to be rejected. Instead, the grid cell size should be considered
individually for each model configuration. Especially since the results are partly
close to each other, we assume that the influences of the individual components
can strengthen or weaken each other. This is particularly important when differ-
ent models are used as base models. Assumably, in the majority of papers, the
grid cell size was chosen independently of the models. The results of this paper
contradict this approach and indicate that a fair comparison between models is
not possible if one grid cell size is chosen for all models, which could suppress
good results for some models.

In addition, the grid cell size is often predefined based on the application.
Therefore, it is recommended, according to our results, to choose a model that
performs best for the specific grid cell size.

Another important aspect in comparing the models is the usage of pick-
up and drop-off demand by M1-MLRNN, M2-pmILSTM, and M3-STDGAT.
Whereas M4-CNNFC and M5-CNN are based exclusively on the pick-up
demand. Thus, the pick-up demand prediction is extended by the drop-off
demand feature. In this work a consideration of the drop-off data as external
features was not carried out, as the dropoff data is an essential part of the model
structure. Nevertheless, we expect the drop-off data to influence the accuracy.

5.4 Limitations and Future Work

In this paper, we limited the comparison to three different grid cell configurations
in terms of size — 1000 m, 500 m, and 250 m. However, the results of the exper-
iments show that medium-sized and large-sized cells have a positive influence
on the prediction accuracy of different models. Therefore, intermediate grid cell
sizes between 500 m and 1000 m — such as 700 m following Wu, Zhu, and Chen
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Table 3. Comparison of the models on the best grid cell size among each other and
to the baseline models on the test data.

Model Grid size | MAE [#trips] | MRE | RMSE
M1-MLRNN-C3 | 500 m 1.2598 0.2588 |2.7588
M1-MLRNN-C1 | 1000m | 1.2341 0.2437 |2.6990
M2-pmlLSTM | 1000m | 1.2339 0.2433 |2.6911
M3-STDGAT 1000m |1.2338 0.2410 | 2.6796
M4-CNNFC 500 m 1.3416 0.2638 |2.8367
M5-CNN 1000m | 1.2630 0.2486 |2.8081
M6-XGB 1000m' | 1.5887 0.3128 |3.1796
M7-Ridge 1000mt | 1.2997 0.2559 |2.8400
MS8-Lasso 1000m’ |1.4733 0.2901 |3.1122

T Other configurations were not tested

[27], Lee et al. [13], and Yao et al. [31] — and grid cell sizes larger than 1000 m —
for example 1500 m or 2500 m — similar to Zhang, Liu, and Zheng [37] and Wang
et al. [26] — could be chosen.

Linked to the grid cell configuration, a limitation of our approach is that we
do not consider the influence of the angle at which the grid cells are placed on the
city map. Possibly, there is an influence on the prediction accuracy depending
on the orientation of the grid cells relative to the orientation of the main roads
of a city.

Furthermore, models with different combinations of layer types could be
investigated. Thus, a pure FC network could be considered, as well as, com-
binations of CNN layers with LSTM layers, or different kinds of GCNs with
LSTM layers.

Furthermore, as already described in Sect. 5.3, M1-MLRNN, M2-pmILSTM
and M3-STDGAT include both pick-up and drop-off demand in the calcula-
tion, whereas M4-CNNFC and M5-CNN — as well as M6-XGB, M7-Ridge, and
MS8-Lasso — only use the pick-up demand. The usage of drop-off demand can
be considered as using an additional feature, like weather, population density,
and points of interest. Therefore, the influence of these external factors on the
accuracy of the prediction in combination with the size of the grid cell could also
be investigated.

Another aspect is the usage of different datasets. Here, only the TLC dataset
from New York City is used in the experiments, which limits the general explana-
tory value. Using a dataset from, for example, China — like [17,31,37] — could
potentially affect the results, as there is a different traffic behavior and a differ-
ent topology of the city. Here, it was difficult for us to get access a large taxi
trip dataset from China.
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6 Conclusion

When combining different network types in a model — e.g. CNN or LSTM layers
in combination with FC layers — we could obtain different conclusions. According
to our results, the grid cell size should be considered individually for each model
configuration. This is especially important to consider when different models
are used to evaluate the performance of new models. Therefore, we propose to
consider the grid cell size as a tunable parameter in demand prediction models.
Still, following our results a large grid cell size should be considered for a CNN
model and a large or medium grid cell size should be selected for RNN or LSTM
models.

However, depending on the use case of demand prediction, a smaller or
medium-sized grid cell size might even be better — despite a slight decrease in
accuracy — as, for example, the repositioning of taxis in ride-sharing can be done
more precisely. In future approaches, a finer subdivision of the grid cell size, the
influence of drop-off demand, as well as the influence of the angle of the dataset,
could be investigated more closely to further improve prediction accuracy.
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