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Abstract

Intelligent transportation systems play a crucial role in building smart cities. However,
existing traffic signal control systems heavily rely on knowledge of experts and lack real-
time adaptability to dynamic traffic states. Most reinforcement learning-based approaches
define traffic states using features such as current signal phases and queue lengths in each
lane. Unfortunately, these methods overlook the spatiotemporal characteristics of real-
world traffic flow and also fail to consider the moving vehicles when designing signal strat-
egies. In this paper, we propose a Short-Term Traffic Flow Forecast Model that captures
both temporal and spatial features of traffic flow. Our approach combines Temporal Convo-
lutional Networks for extracting time series features from historical traffic flow, and Long
Short-Term Memory networks to model complex temporal dependencies, and obtains more
accurate time dependency relationships by assigning weights through self-attention layers.
We also use Graph Attention Networks to learn spatial features between intersections and
neighboring junctions. In addition, we have proposed an Enhanced Traffic State representa-
tion that captures both waiting and moving vehicles. We divide the lane into multiple seg-
ments based on the distance to the intersection and count the number of vehicles driving on
different segments. In comparison to conventional traffic signal control methods and sev-
eral reinforcement learning-based algorithms, our proposed algorithm has achieved supe-
rior results, especially, the performance can be increased by up to 4.57% on the real-world
datasets.
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1 Introduction

The challenge of traffic congestion is an undeniable facet of contemporary society. In the
field of conventional traffic signal control methods, FixedTime (Koonce, 2008) based on
expert experience, sets a fixed signal duration plan tailored to the traffic flow at intersec-
tions, and is suitable for stable and unchanged traffic flows. MaxPressure (Varaiya, 2013),
on the other hand, detects traffic flow information near the roadway through loop sensors
and optimizes vehicle throughput efficiency at intersections by calculating traffic pressure
in different directions. These methods have contributed to the research of control algo-
rithms based on predefined rules. However, these conventional traffic signal control meth-
ods are no longer adequate for the current complex and ever-changing traffic states. The
conventional traffic signal control systems are difficult to handle complex dynamic traf-
fic flow, but reinforcement learning (RL) is good at dealing with this problem (Wei et al.,
2021).

The inception of RL’s application to traffic control was marked by Aslani et al. (2017) in
1996, this work catalyzed a novel trajectory of research within the sector. El-Tantawy and
Abdul Hai El-Tantawy and Abdulhai (2010) proposed an algorithm predicated on Q-Learn-
ing for the governance of single intersection controls. This algorithm utilized the length of
vehicle queues as the traffic state input, focusing on a biphasic intersection as the experi-
mental subject. The method’s efficacy was corroborated through the alteration of phase
sequences; building on this, Camponogara and Scherer Camponogara and Scherer (2010)
executed enhancements and augmentations to the intersection’s phase sequence architec-
ture. The contribution of the above work introduced RL into traffic signal control, making
RL become a feasible method in the field of intelligent transportation.

The advent of the Deep Q Network (DQN) algorithm by Van Hasselt and Mnih Van
Hasselt et al. (2016) and Mnih et al. (2015) marked a significant milestone, addressing
the challenge of data dimensionality explosion inherent in Q-Learning and propelling the
vigorous advancement of deep reinforcement learning (DRL) within traffic signal control.
IntelliLight (Wei et al., 2018) pioneered the utilization of DQN in this realm, the contri-
bution of this work is to quantify complex traffic information into the states and rewards
required for DRL. DemoLight (Xiong et al., 2019) suggested that agents could enhance
initial parameters by learning from models with proven efficacy. This work implies that
RL-based intelligent transportation models do not need to be trained from scratch. Instead,
they can learn optimal initialization parameters from other models, significantly reduc-
ing the cost of model training. MetaLight (Zang et al., 2020) embraced meta-learning to
boost the model’s versatility across diverse intersections, obviating the need for retraining
in novel environments. This research work demonstrates that the use of meta-learning can
help models better adapt to traffic flows at different intersections, enhancing the transfer-
ability of intelligent transportation models across various intersections. PressLight (Wei
et al., 2019a) integrated the concept of maximum pressure control from the MaxPressure,
leveraging pressure as a metric for reward. This study reveals that improving the reward
function can effectively enhance model performance. Additionally, incorporating methods
from conventional traffic signal control can effectively improve RL-based intelligent trans-
portation models. MPLight (Chen et al., 2020) has been tested for the first time in real-
world scenarios involving one thousand intersections and traffic flows. This work confirms
that RL models are capable of handling intelligent traffic signal control in large-scale areas.

In Li’s research (Li et al., 2022), the Cooperative Max-Pressure was proposed as a system
state that combines the max-pressure states of both the current intersection and neighboring
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intersections, utilizing Graph Attention Network (GAT) (Velickovi¢ et al., 2017) to aggregate
information from neighboring nodes. It was demonstrated that learning spatial characteristics
of traffic flow could effectively enhance traffic signal control efficiency. Jiang’s work (Jiang
et al., 2021) integrated traffic flow forecast with traffic light control by employing Long Short-
Term Memory (LSTM) networks (Hochreiter, 1997) to forecast traffic patterns. This approach
enables early identification of potential congestion in subsequent time intervals, thereby
providing sufficient time for optimizing signal timing plans or implementing other conges-
tion mitigation measures, which validates the significance of traffic forecast for traffic signal
control optimization. Previous research commonly utilized Simulation of Urban Mobility
(SUMO) (Lopez et al., 2018) as a traffic simulation platform, which faced limitations in scal-
ing road networks and traffic flows. To address this, Shanghai Jiao Tong University developed
CityFlow (Zhang et al., 2019) as a novel simulation platform featuring fundamentally opti-
mized data structures and efficient algorithms. CityFlow supports flexible definitions of road
networks and traffic flows based on both synthetic and real-world data, while providing user-
friendly interfaces for RL applications. Most notably, CityFlow achieves over 20 times faster
computational speed compared to SUMO and enables city-wide traffic simulations. These
findings collectively indicate that improved traffic state representation methods and traffic flow
forecast can significantly enhance traffic signal control performance. Therefore, this research
focuses on advancing both traffic state representation methodologies and traffic flow forecast
techniques.

‘We have pinpointed several predominant issues with the existing methodologies:

1.The control of traffic signals has been myopically focused on the immediate state infor-
mation, without considering the ramifications of past traffic states.

2.The algorithms have solely catered to the needs of queuing vehicles, failing to account for
the requirements of vehicles currently moving.

In response to these challenges, we introduce the Short-Term Traffic Flow Forecast Model
(STTFFM), designed to assimilate the short-term spatiotemporal dynamics of the road net-
work to furnish real-time traffic state forecasts. Furthermore, we have integrated data pertain-
ing to moving vehicles to refine the accuracy of traffic state assessments. Our contributions are
encapsulated as follows:

1.The STTFFM is unveiled for the prognostication of short-term traffic states, leveraging
Temporal Convolutional Networks (TCN) (Bai et al., 2018) and LSTM algorithms, comple-
mented by a self-attention mechanism (Vaswani, 2017) to decode temporal patterns, and GAT
to elucidate the spatial interconnections among roadways.

2.The incorporation of moving vehicle data substantively elevates the efficacy of the traffic
state enhancements.

3.Extensive empirical verification has confirmed the effectiveness of our improved method.

Sect. 2 delineates various methodologies pertinent to traffic signal control. Section 3 elu-
cidates definitions germane to these methodologies. Section 4 expounds on our traffic light
optimization algorithm predicated on short-term traffic state forecast. Section 5 showcases
experimental comparisons between our approach and other models. Section 6 encapsulates a
summation of the research presented in this paper.
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2 Related work
2.1 Conventional traffic signal control

The conventional traffic signal control paradigms are quintessentially segmented into four
classifications: FixedTime control (Koonce, 2008), which operates on a predetermined
schedule, with established cycle lengths, phase sequences, and durations, offering consist-
ency but lacking responsiveness to real-time conditions. While timing control algorithms
are simple and practical, they do possess certain limitations. They rely on manual experi-
ence and historical data for control, lacking intelligence and adaptability, and are unable
to make real-time adjustments based on traffic states. As a result, their effectiveness is
limited. Actuated control (Gershenson & Rosenblueth, 2012; Cools et al., 2013), which
dynamically adjusts signals based on immediate traffic data, with the green phase triggered
when vehicle presence surpasses set thresholds, thus providing a degree of adaptability.
Adaptive control (Lowrie & Scats, 1990; Hunt et al., 1982), which goes a step further by
selecting the most suitable traffic plan from a prearranged array, informed by continuous
data streams from loop sensors, aiming for optimal flow. Its primary advantage lies in its
ability to adapt to real-time traffic states. However, it necessitates a significant number of
sensors and devices, as well as precise actuarial calculations, for deployment. The most
renowned examples of this approach are SCOOT (Hunt et al., 1982) and SCATS (Lowrie
& Scats, 1990). The former is predominantly utilized in the UK and European markets,
while the latter is widely used in Australia and Southeast Asian markets. Optimization-
based control (Varaiya, 2013; Le et al., 2015; Sun & Yin, 2018) which frames signal con-
trol as an optimization issue within a defined traffic flow model, guided by empirical traffic
observations. By monitoring traffic flow in real-time, the timing sequence of traffic lights is
adjusted to maximize traffic flow.

2.2 RL-based traffic signal control

In recent years, thanks to the powerful fitting capabilities of deep neural networks, DRL
has been extensively applied in traffic signal control. We will introduce the models, as well
as the design of states and rewards.

The RL-based works have shown good performance, thanks to excellent deep neural
networks and well-designed state.

(1) Model: AttendLight (Oroojlooy et al., 2020) uses the attention mechanism to
obtain the features of each phase when constructing phase features. The FRAP (Zheng
et al., 2019) brought forth the notion of phase competition, concentrating on dimin-
ishing the exploration space of the model via phase flipping to bolster performance.
CoLight (Wei et al., 2019b) and PDLight (Zhao et al., 2020) consider the influence of
surrounding intersections through graph neural networks. AttentionLight (Zhang et al.,
2023) proposes an attention-based phase competition learning framework, which is
automatically learned by the model. DERLight (Yang et al., 2024) adopts a dual expe-
rience replay pool method to enhance the learning efficiency of the agent by learning
training data with different weights. SocialLight (Goel et al., 2023) collaborates to
optimize traffic control strategies by estimating the contributions of its neighbor agents
through distributed agents, hoping to achieve better scalability on larger-scale road net-
works. OfflineLight (Wu et al., 2024) introduces an offline adaptive decision-making
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model trained using offline traffic data, demonstrating that high-performance RL mod-
els can be constructed without the need for online interaction. HG-M2I (Yang, 2023)
introduces a hierarchical graph structure that provides us with an insight: we can utilize
hierarchical networks to learn about regions and the whole separately, thereby enhanc-
ing the training efficiency of the model. Although the aforementioned methods enhance
the effectiveness of agent decision-making by improving the model’s network structure
to more efficiently extract traffic features, they all overlook the fact that traffic flow is
continuous in both time and space. Only by considering both the temporal and spatial
characteristics of traffic flow can we improve vehicle travel efficiency across the entire
road network. Our work employs TCN as the feature extractor in the first stage, fol-
lowed by a LSTM network in the second stage for more advanced temporal modeling.
This division of labor ensures that each component focuses on different aspects, thereby
reducing redundancy. A self-attention layer is introduced after the LSTM to further con-
centrate on crucial time steps. GAT dynamically learns the spatial dependency strengths
between nodes through an attention mechanism. In this way, both temporal and spatial
characteristics of traffic flow in the road network are learned simultaneously.

(2) State: LIT (Zheng et al., 2019) uses the current signal phase and the number of
vehicles on each lane as the state representation, and the reward is the queue length.
IAColight (Hassanjani et al., 2023) reshapes the rewards of adjacent agents by combin-
ing the unfair aversion model to improve the transit time of vehicles within the net-
work. PRGLight (Chenguang et al., 2021) found that the pressure mechanism ignored
the remaining capacity of the exit lane, and then calculate the pressure mechanism of
the remaining capacity of the exit lane. Datalight (Zhang & Deng, 2023) proposes to
use offline data learning, which can narrow the gap between the traffic simulation simu-
lator and the real world. GODA (Huang et al., 2024) learns to represent the original
offline dataset with new data that is more selectively targeted towards higher reward
objectives during comprehensive distribution generation, thereby maximizing the utility
of limited optimal demonstrations. EfficientLight (Wu et al., 2021) proposes the concept
of effective pressure to improve the state information features. IVPL (Yazdani et al.,
2023) has designed an expanded reward function to capture delays caused by vehicle-
to-vehicle, vehicle-to-pedestrian, and pedestrian-to-pedestrian interactions, as well as
red light delays for both vehicles and pedestrians. Without increasing the complexity of
the network structure, this clever reward design helps agents improve intersection traffic
efficiency. PRLight (Han et al., 2023) recognizes the lag effect of traffic signals on traf-
fic flow and mitigates this lag by using forecast states as the input states for the agent.
It also demonstrates that learning the temporal relationships in traffic flow contributes
to improving traffic efficiency. Salah Bouktif, Abderraouf Cheniki (Bouktif et al., 2023)
adopts a strategy where states and rewards are aligned. This alignment facilitates the
agent’s optimization towards the goal, reducing fluctuations during the model training
process and accelerating model convergence. The aforementioned work has demon-
strated that precise and effective state representation can not only improve the accuracy
of agent decision-making but also reduce unnecessary data feature dimensions, thereby
accelerating model convergence. Despite the requirement for concise and effective state
features, these studies have only considered the travel demands of vehicles stationary at
intersections waiting to pass, neglecting the demand for green traffic signals by vehicles
that are currently moving. As a result, excessive vehicles may accumulate at intersec-
tions before the next signal cycle begins, impacting the overall traffic efficiency of the
road network.
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2.3 Large language model based traffic signal control

LLMLight (Lai et al., 2023) uses the advanced generalization ability of large language
models to make effective traffic signal control, using ChatGPT-4 to control traffic sig-
nal lights at intersections. TransformerLight (Wu et al., 2023) leverages sequence mod-
eling to construct high-level adaptive models for traffic signal control systems. Decision
Transformer (Meng et al., 2023) utilizes a pre-trained decision model based on offline
data to serve as the decision-maker for traffic signal control systems. However, cur-
rently, general large language models do not exhibit significant performance advantages
over RL models in the field of traffic signal control. Instead, their immense number of
parameters can impose additional overhead on the control system.

3 Preliminary

3.1 Definition

Definition 1 (Road Network) A road network is typically viewed as a directed graph,
where intersections are considered as nodes, and edges are considered as the roads con-
necting these intersections.

Definition 2 (Entrance and Exit Lanes of Traffic Intersections) As illustrated in Fig. 1a,
each intersection has four approach channels, namely North, East, South, and West. Three
lanes, based on their distance from the road centerline, from inner to outer, are denoted as
1, k, m respectively.

Definition 3 (Traffic Movement) Traffic movement is defined as the movement of vehicles
from intersection X to intersection y, shown as e(x, y). As shown in Fig. 1b, there are 12
types of traffic movements, among which 4 are right-turn movements for each road.

Definition 4 (Traffic Signal Phase Set) As shown in Fig. 1d, an intersection typically sets
up four or eight signal phases, referred to as the phase set P. Each signal phase p consists of
two non-conflicting traffic movements in Fig. 1c.

3.2 Problem: multi-intersection traffic signal control

In this section, we formulate the traffic signal control problem as a Markov Decision
Process (MDP). Each intersection equipped with traffic signal lights in the road network
is regarded as an agent. Each agent selects the next action the execution signal for the
upcoming interval that minimizes the average travel time for all vehicles. The aforemen-
tioned problem can be described as (S,,A;, R, 1,S;,1,7)-
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Fig. 1 aIs a standard 4-way intersection and there are 3 lanes in each approach, three lanes, based on their
distance from the road centerline, from inner-to-outer, are denoted as [, k, m respectively; b shows the 12
traffic movements; c tell us the reason of two traffic movements can be combined to form a legal signal
phase; d shows the legal traffic signal phases
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3.2.1 State spaceS

At time step ¢, the agent observes state S from the environment, which serves as the
basis for making decisions. In this paper, we select the traffic signals at the current
intersection and the Enhanced Traffic State (ETS), which we construct for each lane to
record queuing vehicles and running vehicles, as the state features. A detailed introduc-
tion to the ETS will be provided in the Sect. 4.

3.2.2 Action space A

At time ¢, the agent selects the signal phase to activate for the next time interval at the
current intersection. We adopt an action space consisting of 8 phases.

3.2.3 Reward R

At time ¢ + 1, the agent receives a reward for the action chosen at time ¢. Although we

use average travel time as an evaluation metric, it cannot be directly optimized. Based
on previous work (Wei et al., 2019b), we use average queue length as the reward.
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3.2.4 Discount factory

The agent’s goal is to maximize expected cumulative reward, which necessitates a focus
on long-term future rewards. To balance between current and future rewards, the agent
employs a discount factor y. The value of y is between 0 and 1.

The computational process of an MDP is formulated as shown in Eq. 1:

O(sp,a,) = r(s,,a,50) +y * max Q(s,, 1,y 150) (1)
(8]

4 Method

In this section, as illustrated in Fig. 2, we commence by introducing a straightforward yet
effective enhancement to state design, termed ETS. Subsequently, we present the STTFFM,
which is utilized to learn both the temporal and spatial characteristics of traffic flow within
the road network. Our methodology employs ETS alongside the current signal phase as the
state. After learning the temporal and spatial features through STTFFM, we leverage DQN
as the Traffic Control Module (TCM) for training. A brief overview of this architecture is
provided at the end of this section.

4.1 Enhanced traffic state

The state space is a crucial component of DRL algorithms, as it determines the extent of
information the algorithm can extract from the environment. Enhancing the design of the
state space, such as incorporating additional traffic parameters or adopting more efficient
methods of information representation, can enable the algorithm to better comprehend and
navigate complex traffic scenarios, thereby facilitating more accurate traffic signal control.

(a) Framework (b) Short-Term Traffic Flow Forecast Model (STTFFM)
Simulation )
Environment: ‘ | ‘ h; | ‘ ‘

CityFlow

next sate sate
reward A
et LSTM Residual
Replay state Connection

ation x -+
TCM:DQN
L] ] [ F

Hidden Layer
Hidden Layer

FC Layer i‘

Fig.2 als framework and b is network of STTFFM
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Fig.3 If only the traffic demand of queuing vehicles at the intersection is considered, signal phase 3 in
Fig. 1d should be activated at the current intersection. However, this would result in more vehicles waiting
at the intersection. The correct approach is to incorporate the traffic demand of vehicles traveling on the
S_1into consideration and activate signal phase 5 in Fig. 1d. This allows more vehicles to pass through the
intersection, thereby enhancing traffic efficiency

As shown in Fig. 3, red represents queuing vehicles and blue represents running vehi-
cles. The roadway is divided into three segments based on proximity to the intersection: a
near segment (S_1), a middle segment (S_2), and a far segment (S_3). Subsequently, the
number of vehicles traveling in each approaching lane is counted separately.

We denote the number of queuing vehicles in the lanes at the intersection as g(/), and the
number of running vehicles in lanes S_1, S_2, and S_3 as ¢(/, S_1), ¢(/,S_2), and g(l, S_3),
respectively.

So, we set the equation of ETS as follow:

ETS() = (q(D), q(1,S_1),q(1,S_2),4(l, S_3)) (2)

By utilizing the ETS to represent information about both queuing vehicles and running
vehicles, the agent can rely on a more comprehensive set of traffic information to make
more appropriate decisions.

4.2 Short-term traffic flow forecast model

As shown in Fig. 2b, the STTFFM can learn temporal and spatial relationships. Temporal
relationships are learned through TCN, LSTM, and self-attention, while spatial relation-
ships are learned through the GAT.

The advantages of TCN in the first stage include their proficiency in capturing long-
range dependencies and their superior parallel computing capabilities. Through the use
of dilated causal convolutions with exponential dilation factors, TCN can capture long-
distance temporal dependencies at a relatively low computational cost, with their recep-
tive field growing exponentially as the number of layers increases. Furthermore, the
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convolutional operations in TCN possess inherent parallelism, allowing their time com-
plexity to be reduced to O(1) compared to the sequence-dependent computations of LSTM,
which have a time complexity of O(T).

The necessity of LSTM in the second stage arises from its capabilities in modeling
temporal dynamics and enhancing sequence attention. LSTM’s gating mechanisms (for-
get gate, input gate, output gate) excel at modeling nonlinear temporal dynamics and can
handle time-varying features that are difficult for TCN to capture. The hidden states of
LSTM can be viewed as dynamically weighted over time steps, complementing the fixed-
weight convolutions of TCN. When GAT are employed after TCN and LSTM, TCN and
LSTM handle the temporal dimension, while GAT focus on the spatial dimension, ena-
bling decoupled learning of spatiotemporal features. In traffic flow forecast, TCN extract
temporal flow patterns, while GAT model the impact of road topology.

Additionally, TCN extract locally invariant features through weight sharing in convo-
lutional kernels, while LSTM model globally time-varying features through their gating
mechanisms. These two components are orthogonal in feature space, producing a synergis-
tic effect that enhances model performance.

We employ the TCN as the first stage of the STTFFM to extract time series featurs.
In terms of representation, the sequence input can be denoted as x € R", with the convo-
lutional kernel represented as f : {0,...,k— 1} — R. Therefore, the dilated convolution
operation at time t is as shown in Eq. 3:

k—1

X0 = @0 =D @)Xy (3)
i=0

d represents the dilation factor, and k is the size of the convolutional kernel.

After extracting locally invariant features using TCN, we then employ LSTM to model
globally time features.

The LSTM is an enhanced Recurrent Neural Networks (RNN) (Cho et al., 2014) archi-
tecture. We utilize LSTM as the second part of network to learn time dependencies within
the historical traffic flow sequences. The computation processes for the LSTM are detailed
in Eq. 4 to Eq. 9.

fr=oWp - Th_y.x, ]+ by) 4)
i, = a(Wf lh_x ]+ b)) (®)]
C; = tanh(W, - [h,_,, x,] + D)) (6)
C,=ft>l<C,_1+it*C; @)
0,= (W, [h_j.x]+b,) ®)
h, = o, * tanh(C,) 9

The sigmoid function is denoted as o, input gate is i,, forget gate is f,, memory cell is ¢,
and output gate is o,, where * represents multiplication, hidden layer is 4,.
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The self-attention is a specialized attention network. We apply the self-attention to
assign weights to the temporal features learned by TCN and LSTM, enhancing the model’s
performance. The computation formula is as follows.

s(h,,q) = hlq (10)

exp(s(hi» 9))

4= —"
3, exp(s(hy. ) ()

N
att(H,q) = Z a;h; (12)
i=1

In the self-attention layer, the input is denoted as H = h;,i = 1,2,3...,n, and g represents
the query matrix.

In the GAT, assuming the number of intersections in the road network is N, the set of
state features for the entire network can be represented as h = {ﬁl,fzz, ﬁN},fzi €RF. In
the attention layer, at least one learnable linear transformation is required to maintain suf-
ficient expressive power and transform the input features into higher-order features.

Then we normalize the importance scores for intersection i:

exp (LeakyReLU (@ [Wh;||Wh;,))
3 ey exp (LeakyReLU(GT [Wh;||Why]))

13)

@;j

Finally, the feature that aggregates neighboring intersections’ features for intersection i can

be constructed as follows:
H = a(Z a,-jWﬁ]) (14)
jEN;

The concatenation operation is denoted by I.

Through the learning process of these four layers of networks, the STTFFM can effec-
tively learn both the temporal and spatial features of the traffic state within the road
network.

L is TCN layers, k is convolutional kernel size, T is input sequence length and C is the
number of input and output channels. TCN’s time complexity are approximately equal to
O(LKTc?).

L is LSTM layers, T is sequence length, H is hidden layer dimension. LSTM’s time
complexity are approximately equal to O(LTH?).

Benefit from the parameter sharing mechanism (L hidden layers and each layer has
m neurons), the time and space required are independent of the number of intersections.
GAT’s time complexity are approximately equal to O(m>L).

4.3 Framework and algorithm

As shown in Fig. 2a, in this paper, we employ the DQN algorithm to train our agent. Data
generated from the interaction between the agent and the environment are stored in an
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experience replay buffer; neural networks are updated by replaying these experience sam-
ples. The pseudo code for our model is presented in Algorithm 1.

Algorithm 1 FLight:Optimization algorithm for traffic lights based on short-term traffic
flow forecast

1: Initialize total training rounds: Episodes, learning rate: «, discount factor: -y,
sample size: B, and experience replay pool size: D
2: Initialize the model parameters of STTFFM and TCM
3: for episode = 0 to Episodes do
Initialize the traffic simulator environment to get the initial environment state
information

s

5: Store the state information in the historical time series

6: for episode = 0 to Episodes do

7: Obtain the forecast state s, through the STTFFM

8: Use s, as the state input for the agent model TCM

9: TCM outputs action as, the environment executes the action and returns
the new environment state s;+1 and reward 7441

10: Store the sample data < s¢, at, 7441, S¢+1 > in the experience replay pool

11: Update TCM model parameters through experience replay

12: Train the STTFFM and update parameters of STTFFM

13: end for

14: end for

5 Experiment
5.1 Experimental environment

CityFlow (Zhang et al., 2019) is an open-source and efficient traffic simulation tool that
permits flexible definition of road networks and traffic flows for the purpose of testing both
conventional and RL-based traffic signal control methodologies.

The green signal duration of each signal phase is set to 10 s, and after each green signal
ends, a three seconds yellow signal and a two seconds red signal will be added to clear the
vehicles in the intersection, so as to start the next duration. Each experimental simulation
lasts for 3600 s.

All experiments were conducted using the same simulator environment, and the traffic
flow data utilized were complete and identical across all tests.

5.2 Dataset

To comprehensively compare the effectiveness of the proposed method with previous
approaches, we have selected classic and commonly used datasets, specifically real-world
datasets from Jinan (China) and Hangzhou (China), as shown in Fig. 4.

Jinan dataset: As shown in Table 1, there are a total of 12 intersections in the road net-
work. Each intersection is four way, with two north—south 800 ms long road sections and
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(a) Gudang Sub-district, (b) Dongfeng Sub-district,
Hangzhou, China Jinan, China

"

Fig.4 Road networks for real-world datasets. Red polygons are the areas we select to model, blue dots are
the traffic signals we control (Color figure online)

Table 1 Traffic data statistics

Datasets Intersections  Vehicles  Arrival rate (vehicles/5 min)

Mean Std Max Min  (east—west, north—south)
Jinan1 12 (3x4) 6295 532.67 98.52 671 255 (400 m, 800 m)
Jinan2 12 (3x4) 4365 362.83  74.81 493 236 (400 m, 800 m)
Jinan3 12 (3x4) 5495 456.92  46.38 544 362 (400 m, 800 m)
Hangzhoul 16 (4x4) 2983 247.67 40.44 332 211 (800 m, 600 m)
Hangzhou2 16 (4x4) 6984 581.08 31843 1145 202 (800 m, 600 m)

two east—west 400 ms long road sections. There are a total of three traffic flow datasets in
Jinan dataset.

Hangzhou dataset: There are a total of 16 intersections in the road network, shown in
Table 1. Each intersection is four-way, with two east-west 800 ms long road sections and
two north—south 600 ms long road sections. There are a total of two traffic flow datasets in
Hangzhou dataset.

The datasets employed in this study constitute open-access benchmarks originally
released with CityFlow, derived from real-world vehicle trajectory data to ensure ecologi-
cal validity of traffic patterns. The traffic flow integration framework within CityFlow is
structured around two core configuration files:"Roadnet"defining road network topology
and"Flow"specifying vehicle movement parameters. Roadnet file defines the roadnet struc-
ture. CityFlow’s roadnet mainly consists of intersections and roads (see them as nodes and
edges of a graph). Flow file defines the traffic flow. Each flow contains following field.
Vehicle: Defines the parameter of vehicle. Route: Defines the route, all vehicles of this
flow will follow the route. Specify the source and the destination, optionally some anchor
points and the router will connect them with shortest paths automatically. Interval: Defines
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Table 2 Attributes of vehicle

Attribute Value Unit
Length 5 m
Width 2 m
Maximum acceleration 2 m/s?
Maximum deceleration 4.5 m/s?
Usual acceleration 2 m/s?
Usual deceleration 4.5 m/s?
Maximum cruising speed 11.11 m/s?
Minimum acceptable gap with leading vehicle 2.5 m
Desired headway time with leading vehicle 2 s
-rl;?:(liee 13; Hyper-parameters of Model parameter Value
Learning rate 0.001
Batch size 20
Sample size 3000
Maximum memory 12000
y 0.8
€ 0.8
e decay 0.95
Minimum e 0.01

the interval of consecutive vehicles (in seconds). If the interval is too small, vehicles may
not be able to enter the road due to blockage, it will be held and let go once there are
enough space. StartTime: Flow will generate vehicles between startTime and endTime (in
seconds).

5.3 Experiment setting

In this section, we will introduce the settings of the experimental environment along with
the parameter configurations for all models.

(1) Environment Setting: In all datasets we used, vehicles share the same attributes as
shown in Table 2.

(2) Experimental Setting: In the TCM, to ensure methodological consistency and miti-
gate potential discrepancies arising from variations in network parameter configurations,
the reinforcement learning model employs identical hyper-parameters to those utilized in
the AttentionLight method. The parameter settings are detailed in Table 3.

(3) Parameters of STTFFM: The parameters of STTFFM are shown in Table 4. Based
on empirical observations from prior research, excessive stacking of LSTM layers not only
fails to enhance performance but significantly increases network complexity. Our archi-
tectural design therefore leverages the parallel computing advantages of TCN to improve
computational efficiency, while subsequently employing LSTM’s sequential modeling
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Table 4 Parameters of STTFFM

Model parameter Value
Learning rate 0.001
Batch size 8
Dropout 0.2
Kernel size 3
Layers of TCN 2
Layers of LSTM 1
Layers of GAT 2

capabilities to reconstruct temporal dependencies. The final parameters were systemati-
cally optimized through grid search guided by architectural considerations.

5.4 Evaluation metrics

Average Travel Time: This calculates the average travel time consumed by all vehicles
entering and leaving the road network. This is the most commonly used indicator in traffic
signal control problems. The unit of this indicator is seconds, and the smaller it is, the bet-
ter the performance.

5.5 Comparison methods

We will compare the performance with the following methods, including conventional traf-
fic methods and DRL methods.

Conventional Methods:

FixedTime (Koonce, 2008) is a fixed duration set by experts, using predefined schemes
to divide different phase durations, and the scheme cannot be adjusted by itself.

MaxPressure (Varaiya, 2013) is based on the concept of maximum traffic pressure in the
field of traffic control, and each time the signal phase with the maximum traffic pressure is
selected.

Max-QueueLength (Zhang et al., 2023) uses max queuing vehicles as the state and
reward.

RL-based Methods:

MPLight (Chen et al., 2020) uses FRAP (Zheng et al., 2019) as the main framework and
introduces the concept of maximum pressure into state and reward design.

CoLight (Wei et al., 2019b) uses GAT to implement cooperation between adjacent
intersections.

Efficient-MPLight (Wu et al., 2021) is based on the FRAP (Zheng et al., 2019) model,
using effective traffic movement pressure and the current signal phase as observation states,
and the reward uses intersection pressure.

Efficient-CoLight (Wu et al., 2021) is based on the CoLight model, using effective traf-
fic movement pressure and the current signal phase as observation states.

AttentionLight (Zhang et al., 2023) compares the advantages and disadvantages of
queue length and intersection pressure as state information, and at the same time proposes
an attention-based phase competition learning framework, which is automatically learned
by the model.
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OfflineLight (Wu et al., 2024) introduces an offline adaptive decision-making model
trained using offline traffic data, demonstrating that high-performance RL models can
be constructed without the need for online interaction.

GODA (Huang et al., 2024) learns to represent the original offline datasets with new
data that is more selectively targeted towards higher reward objectives during com-
prehensive distribution generation, thereby maximizing the utility of limited optimal
demonstrations.

Decision Transformer (Meng et al., 2023) utilizes a pre-trained decision model based
on offline data to serve as the decision maker for traffic signal control systems.

TransformerLight (Wu et al., 2023) leverages sequence modeling to construct high-
level adaptive models for traffic signal control systems.

5.6 Experimental results

In this section, we compare our algorithm against other comparative algorithms in
terms of evaluation metrics and convergence rate. The comparative data in Table 5
are all quoted from previous work. The results of FixedTime, MaxPressure, Max-
QueueLength, CoLight, FRAP, MPLight and AttentionLight are referenced from Atten-
tionLight (Zhang et al., 2023), The results of Efficient-MPLight and Efficient-CoLight
come from Efficient Pressure (Wu et al., 2021), The data of the OfflineLight method
comes from OfflineLight (Wu et al., 2024), The results of GODA comes from GODA
(Huang et al., 2024), The results of Decision Transformer and TransformerLight comes
from TransformerLight (Wu et al., 2023).

Table 5 Performance comparison of different methods evaluated on real datasets from Jinan and Hangzhou
(average travel time (s), the smaller the better)

Average travel time

Jinan Hangzhou

Model 1 2 3 1 2
Fixed time 429.27 370.34 384.89 497.87 408.31
Max pressure 274.99 246.41 244.63 289.54 349.85
Max-QueueLength 268.87 240.02 238.51 284.32 325.44
CoLight 271.17 251.22 248.87 300.07 339.76
FRAP 299.56 268.57 269.20 308.73 355.80
MPLight 297.68 274.32 268.00 313.16 355.35
Efficient-MPLight 261.81 241.35 238.80 284.49 321.08
Efficient-coLight 256.84 239.58 236.72 282.07 324.27
Attention light 254.82 239.68 236.64 283.64 316.38
Offline light 263.31 241.13 241.30 281.50 335.33
GODA 255.30 235.10 230.10 278.00 315.40
Decision transformer ~ 274.79 244.19 254.45 284.02 372.01
Transformer light 256.16 235.78 232.39 273.18 31391
FLight (ours) 246.62 +3.84  231.63+0.78  228.04 +0.57  268.01 +£0.51  303.05 +3.58
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Our method has achieved the best performance on average travel time, both better than
conventional traffic signal control methods and RL-based methods. The indicators of aver-
age travel time are shown in Tables 5.

Our method consistently demonstrates performance improvements across five datasets.
For different traffic flow datasets in Jinan, the average improvement rate is 3.40%, while in
Hangzhou, it is 4.57%. I attribute this performance enhancement to learning the spatiotem-
poral relationships of traffic flow and employing more accurate representations of traffic
states. As the road network scales up, the effectiveness of our proposed method becomes
even more pronounced, further validating the importance of understanding spatiotemporal
traffic dynamics in complex scenarios.

FixedTime heavily relies on the prior knowledge of experts in the transportation field,
necessitating expert input to allocate fixed signal phase times, which is inadequate for man-
aging dynamically fluctuating traffic volumes. The MaxPressure approach hinges on the
concept of maximum pressure control based on the assumption that downstream lanes pos-
sess unlimited vehicle capacity. However, in real-world traffic scenarios, the traffic flow at
upstream intersections directly impacts those downstream. Consequently, the greedy strat-
egy employed by the MaxPressure method in addressing multi-intersection signaling issues
leads to interference between adjacent intersections and fails to effectively learn strategies
from environmental feedback. Our methodology, grounded in RL, further enhances vehicle
throughput efficiency across the entire road network by learning the temporal and spatial
relationships within traffic flows.

CoLight employs queuing vehicle information as input states while aggregating infor-
mation from neighboring intersections through graph neural networks to make decisions.
OfflineLight learns from offline traffic data, achieving performance close to that of models
trained on online data. AttentionLight replaces manual phase competition settings by lever-
aging an attention mechanism to identify competitive relationships among different signal
phases. TransformerLight utilizes large language models and Transformers to learn how
to optimize traffic signals, with its learning data sourced from RL-based model state-of-
the-art (SOTA) approaches. While it contributes to the interpretability of decisions, it does
not outperform RL methods in terms of performance. The aforementioned research efforts
primarily rely on queuing vehicle information, neglecting the needs of running vehicles to
cross intersections. Furthermore, they fail to exploit the temporal continuity of traffic flow,
causing agents to overly focus on immediate rewards. Our method incorporates running
vehicles into the state representation, enabling agents to access more comprehensive traffic
information. Additionally, it employs STTFFM to learn the temporal and spatial character-
istics of traffic flow, thereby enhancing the overall traffic efficiency of the road network and
reducing vehicles’ waiting time at intersections.

We compared the convergence speed of our model with several representative research
methods, as shown in Fig. 5. The red curve demonstrates superior convergence rate and
stability. Our method tends to converge after 100 epochs, exhibiting better stability and
outstanding performance.

5.7 Ablation experiment
In order to more intuitively display the effectiveness of STTFFM based on spatiotemporal

relationships and ETS. Ablation experiments were conducted under 5 different traffic con-
figurations in Jinan and Hangzhou. The average travel time are shown in Table 6.
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Fig.5 The convergence rate of the model is based on raw data without any smoothing processing. The red
line represents our proposed method (Color figure online)

Table 6 Performance comparison

of different methods evaluated Model Jinan Hangzhou

on real datasets from Jinan and 1 2 3 1 2

Hangzhou (Average travel time

(s), the smaller the better) origin 279.88 254.08 263.35 303.38  398.17
FLight—ETS 263.53 24549 24248 28733 327.31

FLight—temporal ~ 250.61  233.66 23424 27212 316.40
FLight—spatial 251.38  236.52 231.10 27423  330.26
FLight 246.62 231.63 228.04 268.01 303.05

We conducted ablation experiments for the proposed method, as shown in Table 6.
FLight represents our complete model. FLight-ETS replaces our proposed ETS with a
simple state that only uses queuing vehicle information. FLight-temporal utilizes LSTM
to replace the TCN-LSTM model in STTFFM. FLight-spatial employs Graph Convo-
lutional Networks (GCN) (Kipf & Welling, 2016) to learn spatial relationships with-
out utilizing GAT. Origin denotes the unmodified baseline model, which solely employs
DQN for training. All our proposed modifications effectively enhance the model’s
performance.

In FLight-spatial, we utilized GCN instead of GAT to learn spatial relationships,
resulting in an increase in average travel time. Our analysis indicates that GCN assigns
equal weights to adjacent intersections, whereas traffic flow exhibits directional, with
upstream intersections being more crucial to downstream intersections than vice versa.
GAT, however, can learn this importance through its attention mechanism, focus-
ing on more critical intersection information and thereby effectively enhancing model
performance.

Similarly, when we replaced our proposed model with LSTM, the average travel time
also increased, suggesting that our model combination using TCN-LSTM is more effec-
tive than LSTM in learning the temporal relationships of traffic flow and improving
overall model performance.
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5.8 Extended study 1

TCN is good at capturing long-term dependencies and demonstrates remarkable parallel
computing capabilities. By employing dilated causal convolutions with exponential dila-
tion factors, TCN can capture long-range dependencies with relatively low computational
costs, as the receptive field grows exponentially with the increase in layers. Furthermore,
the convolutional operations in TCN are parallelizable, significantly reducing computation
time. The gating mechanism of LSTM excels at modeling nonlinear temporal relationships
and can handle time-varying features that are challenging for TCN to capture. While TCN
and LSTM address the temporal dimension, GAT focus on learning spatial relationships,
achieving decoupled learning of spatiotemporal features. In traffic flow forecast, TCN
extract temporal flow patterns, whereas GAT simulate the topological influence struc-
ture of roads. Additionally, TCN extract locally invariant features through weight-sharing
convolutional kernels, while LSTM, with their gating mechanisms, synergize to enhance
model performance. Consequently, we employ the combined model of TCN-LSTM-GAT.

The experiment depicted in Fig. 6 utilizes time-series data collected from traffic flow
within the Hangzhoul.

As illustrated in Fig. 6, the Mean Absolute Error (MAE) of the combined TCN-LSTM
model not only surpasses the MAE of standalone TCN and LSTM models but also outper-
forms the LSTM-TCN combination, aligning with our previously analyzed results.

5.9 Extended study 2

In Sect. 5.1, we introduce a unified setting for environmental parameters within the traffic
simulation environment: The green signal duration of each signal phase is set to 10 s, and
after each green signal ends, a three-second yellow signal and a two-second red signal will
be added to clear the vehicles in the intersection, so the action interval of the agent is 15 s.
If the signal phase is set to 15 s, the action interval of the agent will be 20 s.

We aim to investigate the impact of different signal phase durations on the model.
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Fig.6 The evaluation is mean absolute error (MAE), the smaller the better
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As illustrated in Fig. 7, the model exhibits optimal overall performance when the
action interval is set to 15 s. As the duration of signal phases increases, the average
travel time rises, and model performance declines. Our analysis suggests that exces-
sively long signal durations result in excessive waiting vehicles in lanes from other
directions, leading to reduced traffic efficiency. However, we also observe an increase
in average travel time when the action interval is 10 s. We have pondered over this phe-
nomenon, noting that the simulator incorporates a 3 s yellow light and a 2 s red light to
ensure the safe passage of vehicles within the intersection. Consequently, the remaining
green light time available for vehicles to pass through is too short to guarantee that all
vehicles within the road segment can clear the intersection, leading to excessive waiting
vehicles. Therefore, an appropriate signal duration can similarly enhance model perfor-
mance and improve traffic efficiency.

6 Conclusion

This paper presents a traffic state forecast model based on spatiotemporal relationships
and an enhanced method for representing the state of vehicles of intersections. By fore-
casting traffic states and representing state features in more detail and effectiveness, the
approach aids the agent in making more accurate strategies. Extensive experiments on
real datasets with five different traffic flow configurations in Jinan and Hangzhou have
demonstrated the effectiveness of our proposed methods.

Currently, our research employs fixed signal durations, neglecting the variability among
vehicles on different roadways. In future work, we will consider utilizing dynamic signal
durations to better optimize the travel time for vehicles in different directions.
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