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Abstract
This study addresses the limitations of existing reinforcement learning (RL)-based traffic signal control methods, which typically optimize either the signal

phase sequence or phase duration independently. We propose a novel joint optimization framework based on the Double Deep Q-Network (DDQN) that

simultaneously  determines both the phase sequence and phase duration.  To ensure stability,  the base phase duration is  determined using the classical

Webster method. Furthermore, a hybrid state representation is developed by integrating both microscopic and macroscopic traffic features, such as queue

length and vehicle delay. A Squeeze-and-Excitation (SE) attention mechanism is introduced to guide the agent's attention toward critical traffic attributes.

Simulation experiments conducted on the SUMO platform demonstrate that the proposed method significantly reduces average queue length and vehicle

travel time when compared to traditional fixed-time and vehicle-actuated control strategies, particularly under medium to high traffic demand. The results

validate the effectiveness, robustness, and practical applicability of the method for intelligent signal control in complex urban intersections.
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 Introduction
With the accelerating pace of urbanization, traffic congestion has

emerged as  a  major  bottleneck  impeding sustainable  urban devel-
opment.  It  not  only  reduces  the  efficiency  of  road  resource  utiliza-
tion and prolongs commuting times, but also contributes to a range
of  environmental  pollution  issues[1].  To  address  these  challenges,
researchers  have  proposed  a  variety  of  traffic  management  strate-
gies,  including signal  timing optimization,  roadway expansion,  and
the implementation of intelligent transportation systems[2,3]. Among
these,  traffic  signal  control  has  gained  prominence  as  a  core  tech-
nology for enhancing network efficiency, owing to its relatively low
deployment cost and short implementation cycle.

With  continuous  advancements  in  traffic  data  acquisition  tech-
nologies,  traffic  signal  control  methods have undergone significant
evolution  and  innovation[4,5].  In  general,  their  development  can  be
divided  into  three  stages:  static  control  based  on  fixed-time  plans,
vehicle-actuated  control  triggered  by  detectors[6,7],  and  adaptive
control  based  on  real-time  optimization[8,9].  The  latter  two  cate-
gories leverage sensor data to capture real-time traffic volumes and
dynamically  adjust  signal  timing plans[10].  Although these methods
have improved traffic efficiency to some extent, they still suffer from
shortcomings  such  as  delayed  response  and  limited  generalization
ability in dealing with the highly nonlinear and stochastic characte-
ristics of urban traffic flow.

In  recent  years,  the  rapid  advancement  of  artificial  intelligence
has  introduced  new  research  methods  and  technical  paradigms  to
the  field  of  traffic  signal  control[11].  Among  them,  reinforcement
learning  (RL)  has  become  a  research  hotspot  due  to  its  ability  to
make  autonomous  decisions  and  optimize  policies  in  dynamic
environments[12−14].  In  RL,  an agent interacts  with the environment
by trial and error, continuously learning and updating the mapping

between actions and states—namely, the signal control policy—and
adaptively  adjusts  signal  plans  based  on  the  long-term  cumulative
reward  (Q-value).  However,  when  handling  high-dimensional  con-
tinuous  state  spaces,  traditional  RL  algorithms  exhibit  insufficient
representational  capacity,  resulting  in  poor  control  performance  in
complex network environments[15,16].

Deep reinforcement learning (DRL),  which combines the percep-
tual  strength  of  deep  learning  (DL)  with  the  sequential  decision-
making  capabilities  of  RL,  offers  a  promising  solution  to  these
limitations[17−19]. DRL agents follow a model-free learning paradigm,
leveraging  the  powerful  perception  capabilities  of  deep  networks
to  learn  fine-grained  control  strategies  directly  from  traffic  data,
thereby  enabling  more  flexible  and  adaptive  signal  control
schemes[20].  As  a  result,  DRL-based  traffic  signal  control  approa-
ches  have  attracted  growing  interest  from  the  academic
community[21−23].

At  present,  reinforcement  learning  (RL)-based  traffic  signal
control (TSC) strategies can be broadly divided into two categories:
one focuses on optimizing the phase duration under  a  fixed phase
sequence  (i.e.,  timing  optimization);  the  other  focuses  on  dynami-
cally  adjusting  the  phase  sequence  under  fixed  or  preset  phase
durations  (i.e.,  phase  sequence  optimization).  In  timing  optimiza-
tion strategies,  the agent adjusts  the green duration of  each signal
phase  based  on  real-time  traffic  demand  to  improve  intersection
efficiency[24]. This approach is adaptable to a certain extent and can
respond  to  traffic  flow  fluctuations.  However,  its  flexibility  and
adaptability  are  significantly  limited  under  peak  or  high-density
traffic  conditions[25].  Moreover,  due  to  the  highly  uneven  arrival
patterns  across  directions,  the performance of  timing-based strate-
gies often lacks consistency and robustness in practical applications.
In  contrast,  phase  sequence  optimization  strategies  offer  greater
flexibility  and  responsiveness.  These  strategies  allow  the  agent  to
dynamically  select  the  optimal  phase  according  to  real-time  traffic
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conditions.  When  the  same  phase  is  consecutively  selected,  the
clearance  interval  can  be  skipped,  thereby  effectively  extending
green  time  in  a  specific  direction  and  improving  traffic  flow
stability[26−28]. Typically, such strategies switch phases at fixed inter-
vals,  enabling them to adapt to varying traffic  patterns throughout
the  day.  Despite  their  advantages,  one  critical  challenge  lies  in
determining  the  appropriate  phase-switching  interval[29].  If  the
interval  is  too  short,  frequent  phase  transitions  may  lead  to  exces-
sive  yellow  time  and  reduced  intersection  capacity,  as  well  as
increased computational burden during training and operation. On
the other  hand,  excessively  long intervals  may reduce the system's
ability to promptly respond to traffic fluctuations, degrade real-time
performance,  and  hinder  the  learning  process,  leading  to  subopti-
mal policies.

Reinforcement  learning  (RL)  has  attracted  increasing  attention
in  traffic  signal  control,  yet  its  practical  application  remains  con-
strained by several key challenges. A central difficulty is that simulta-
neously  optimizing  phase  sequence  and  phase  duration  dramati-
cally  enlarges  the  action  space,  particularly  at  intersections  with
multiple  phases.  This  high  dimensionality  increases  exploration
complexity  and  often  leads  to  slow  or  unstable  convergence.  As
a result,  many existing studies  restrict  optimization to either  phase
duration  or  phase  sequence,  thereby  simplifying  the  control  pro-
blem  at  the  cost  of  reduced  operational  flexibility.  This  separation
limits  the  controller's  ability  to  cope  with  heterogeneous  demands
and  rapidly  fluctuating  traffic  conditions.  Moreover,  conventional
RL-based controllers typically rely on coarse-grained state represen-
tations  that  lack  lane-level  detail.  Without  sufficient  microscopic
information,  these models struggle to identify localized congestion
phenomena  such  as  queue  spillback  or  uneven  lane  utilization,
ultimately  reducing  their  responsiveness  in  complex  real-world
environments.

To  address  these  limitations,  this  study  proposes  a  DDQN-based
control  framework  that  incorporates  a  structured  action  design,
enabling the integrated optimization of phase sequence and phase
duration  while  avoiding  uncontrolled  action-space  inflation.  A
multi-scale  state  representation  is  constructed  to  capture  both
macroscopic  and  microscopic  traffic  features,  and  a  Squeeze-and-
Excitation  (SE)  attention  mechanism  is  introduced  to  emphasize
congestion-critical  dimensions  within  the  state  vector.  These  com-
ponents  enhance  the  stability  of  the  learning  process,  improve
convergence  efficiency,  and  support  more  flexible  and  adaptive
control under dynamic urban traffic conditions.

Motivated by these shortcomings, this study proposes an enhan-
ced  Double  Deep  Q-Network  (DDQN)  framework  that  supports
integrated  decision-making  for  both  phase  sequence  and  phase
duration. The major contributions are as follows:

(1)  Unified  decision-making  structure:  The  proposed  framework
combines  phase  selection  and  timing  adjustment  within  a  single
decision  architecture,  improving  flexibility  and  adaptability  under
dynamic traffic conditions.

(2) Domain-informed phase duration anchoring: A baseline phase
duration derived from the classical Webster method is incorporated
to  stabilize  control  actions  and  prevent  excessively  frequent  or
erratic switching, thereby improving policy robustness.

(3)  Multi-scale  state  representation  with  SE  attention:  The  state
vector  integrates  macroscopic  indicators  (e.g.,  average  queue
length,  delay)  with  microscopic  lane-level  features  (e.g.,  vehicle
counts), while the SE module selectively emphasizes critical conges-
tion features to enhance decision relevance and accuracy.

 Background and problem description
This  section  introduces  the  fundamental  concepts  of  RL  and

DRL,  followed  by  the  RL-based  traffic  signal  control  framework  for
intersections.

 Reinforcement learning and deep reinforcement
learning

Reinforcement  learning  (RL)  is  a  learning-based  control  metho-
dology  aimed  at  maximizing  long-term  cumulative  rewards.  It  has
been widely applied in optimization problems that require sequen-
tial  decision-making  in  dynamic  environments.  As  a  major  subfield
of  machine  learning,  RL  enables  an  agent  to  continuously  interact
with  its  environment  and  iteratively  refining  its  behavior  through
trial and error, ultimately learning an optimal control policy.

⟨S ,A,R,P,γ⟩

Formally,  an  RL  problem  is  typically  modeled  within  the  frame-
work of a Markov Decision Process (MDP), defined by a five-element
tuple . The components are described as follows:

State  space S:  A  finite  set  of  all  possible  environment states.  The
agent  perceives  the  current  state  to  make  decisions.  If  the  Markov
property  is  satisfied—i.e.,  the  current  state  contains  all  relevant
information for future decision making—then the agent can ignore
historical  states  and  rely  solely  on  the  current  state  for  policy
selection.

Action  space A:  A  set  of  all  valid  actions  that  the  agent  can
execute in a given state st.  At each time step t,  the agent selects an
action at from  the  action  space  according  to  a  policy π,  aiming  to
maximize its long-term cumulative return.

Transition probability P: The transition function P(st+1|st,at) defines
the conditional  probability  of  transitioning to state st+1 after  taking
action at in state st. This models the dynamics of the environment.

Reward  function R:  The  reward  function R(st,at)  specifies  the
immediate  reward rt received  after  performing  action at in  state st.
This reward signal is critical for evaluating the quality of actions and
guiding policy updates.

The  expected  return Gt is  defined  as  the  discounted  cumulative
reward from time step t onward, as shown in Eq. (1):

Gt = Rt +γRt+1+γ
2Rt+2+ · · · =

n∑
k=0

γkRt+k (1)

γ ∈ [0,1]where,  is the discount factor, used to balance the importance
of  immediate  and  future  rewards.  A  smaller γ favors  short-term  gain,
while a larger γ emphasizes long-term return.

Based on the MDP framework, the goal of an agent is to learn an
optimal policy π* that maximizes the expected cumulative return for
any given state.  In this study,  we employ Q-learning, a widely used
value-based  RL  algorithm.  In  Q-learning,  the  agent  updates  the
action-value  function  (i.e.,  Q-function)  through  continuous  interac-
tion with the environment. The Q-value reflects the expected return
of taking action a in state s, and is updated iteratively as follows:

Qt+1(s,a) = Qt(s,a)+αδt+1 (2)
α ∈ [0,1]Here,  is the learning rate, and δt+1 is the temporal-diffe-

rence (TD) error, defined as:
δt+1(s,a) = Rt +γmax

at+1∈A
Qt(st+1,at+1)−Qt(s,a) = yt −Qt(s,a) (3)

The TD target is then given by:
yt = Rt +γmax

at+1∈A
Qt(st+1,at+1) (4)

To approximate Q-values in high-dimensional state-action spaces,
the  Deep  Q-Network  (DQN)  algorithm  uses  a  neural  network  as  a
nonlinear  function  approximator.  The  DQN  typically  includes  an
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input  layer  to  receive  state  features,  multiple  hidden  layers  for
feature  extraction,  and  an  output  layer  to  estimate  Q-values  for  all
available  actions.  The  network  is  parameterized  by Q(s,a;θ),  and
denoted as et = (st,at,Rt,st+1).

To  improve  training  stability,  DQN  incorporates  an  experience
replay mechanism. At each time step t, the agent stores the interac-
tion  tuple et =  (st,at,Rt,st+1)  into  an  experience  replay  buffer.  Subse-
quently,  during  each  model  update,  a  mini-batch  of  samples  is
randomly  drawn  from  the  experience  replay  buffer.  This  approach
effectively  breaks  the  temporal  correlations  in  the  data  while
enhancing the independence and diversity of training samples.

During the training process, the DQN employs the same TD target
as standard Q-learning, as shown in Eq. (5):

yDQNt = Rt +γmax
at+1∈A

Qt(st+1,at+1;θ) (5)

However, during the process of Q-value updating, using the same
network for both action selection and evaluation can lead to overes-
timation of Q-values. In other words, this approach tends to overes-
timate  the  value  of  certain  actions,  thereby affecting the  quality  of
the  learned  policy  and  reducing  training  stability.  To  address  this
issue,  Hasselt  et  al.  proposed  the  Double  Network  Mechanism[30],
known  as  DDQN.  This  method  decouples  action  selection  from
value  evaluation,  effectively  reducing  the  estimation  bias  in  Q-
values.  In  DDQN,  the  current  network  with  parameter θ is  used  to
select the action, while a separate target network with parameter θ−

is  introduced  to  evaluate  the  value  of  the  selected  action,  as  illus-
trated in Fig. 1. The corresponding TD target is given by Eq. (6):

yDDQNt = Rt +γQt

st+1,argmax Qt(st+1,at+1;θ);θ−
at+1∈A

 (6)

 Traffic signal control modeling
In the framework of RL, traffic signal control (TSC) can be modeled

as an agent–environment interaction process.  The decision-making
environment  evolves  continuously  due  to  the  highly  dynamic  and
uncertain nature of traffic flows. These changes stem from temporal,
spatial,  and behavioral  variations  in  traffic  patterns.  As  a  result,  the
agent must constantly learn and refine its decision-making policy to
consistently  make  optimal  action  choices  at  every  time  step.  This
ongoing  policy  learning  process  enables  the  agent  to  accumulate
experience  through  interaction  with  the  environment,  recognize
emerging  traffic  state  patterns,  and  adjust  its  control  behavior  in
a  timely  manner.  Such  adaptability  is  essential  for  maintaining
responsiveness  and  control  efficiency  in  complex  traffic  scenarios.
Especially in real-world systems, fixed control strategies often fail to
accommodate  all  possible  traffic  conditions.  The  RL  framework

offers  an  effective  mechanism  for  continuously  iterating  and
improving  policies  during  both  training  and  deployment,  thereby
adapting to environmental changes.

In  the  RL-based  intersection  traffic  signal  control  framework
proposed in  this  study,  the intersection is  modeled as  the environ-
ment E,  and  the  agent G interacts  with  it.  At  each  time  step t,  the
agent receives the current environment state st, selects an action at,
and obtains an immediate reward rt from the environment. The goal
of  the  agent  is  to  learn  and  execute  the  optimal  action  for  each
perceivable  state,  that  is,  to  select  the  appropriate  traffic  phase  to
optimize the defined control objectives.

As shown in Fig. 2, this study considers a typical four-arm intersec-
tion. Right-turn movements are not controlled by traffic signals and
are  generally  allowed  to  proceed  freely  when  yielding  conditions
are met. Therefore, in the optimization of traffic signal control strate-
gies, only eight signal-controlled traffic movements are considered:
Westbound  Through  (WBT),  Westbound  Left  (WBL),  Eastbound
Through  (EBT),  Eastbound  Left  (EBL),  Southbound  Through  (SBT),
Southbound  Left  (SBL),  Northbound  Through  (NBT),  and  North-
bound Left (NBL).

This  study  adopts  a  four-phase  signal  control  scheme,  as  illus-
trated in Fig. 3, where each signal phase corresponds to a set of non-
conflicting  traffic  movement  directions,  ensuring  both  safety  and
operational  efficiency  at  the  intersection.  For  each  phase,  a  base
duration gb is  defined—this  represents  the minimum time that  the
phase  must  remain  active  to  maintain  traffic  flow  stability.  During
this  base  duration,  the  signal  remains  fixed  and  does  not  switch.
Once the base duration of the current phase expires, the agent eva-
luates  the  current  traffic  state—such  as  queue  length  and  vehicle
waiting time—and determines whether to switch phases. If a switch
is  deemed  necessary,  the  agent  selects  the  next  phase  to  be
executed,  thereby  realizing  dynamic  phase  sequence  optimization.
Additionally,  if  the  agent  chooses  not  to  switch,  the  current  phase
will  continue  to  be  extended,  enabling  joint  optimization  of  phase
sequence  and  phase  duration.  This  mechanism  significantly
enhances the flexibility  of  the signal  control  strategy and improves
its responsiveness to complex, real-time traffic variations. For exam-
ple,  if  the current phase is  Phase 1,  the agent can,  at  the end of  its
base  duration,  flexibly  choose  to  either  continue  with  Phase  1  or
switch to another phase, as shown in Fig. 3.

This mechanism significantly enhances the flexibility of the signal
control  strategy and its  real-time responsiveness  to  complex  traffic
conditions.  It  is  important  to  note  that,  to  ensure  safety  during
phase  transitions,  the  system  must  insert  a  clearance  interval  each
time the signal changes. This interval includes both the yellow light

 

Fig. 1  The update process of DDQN.
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duration and an all-red period,  allowing vehicles from the previous
phase  to  completely  clear  the  intersection  before  the  next  phase
begins.  The inclusion of  this  safety buffer  is  essential  for  improving
the  operational  stability  of  the  signal  system  and  ensuring  overall
traffic safety.

 Traffic signal control based on DDQN

 Agent architecture
In this study, we develop a traffic signal control framework based

on  the  DDQN  to  better  adapt  to  the  complexity  and  variability  of
urban  traffic  environments.  In  the  DDQN  architecture,  the  value
network  and  target  network  work  collaboratively  to  decouple  the
processes  of  action  selection  and  evaluation,  effectively  mitigating
the Q-value overestimation problem commonly found in traditional
DQN approaches.

As illustrated in Fig. 4, action selection is performed by the value
(online)  network,  while  action  evaluation  is  handled  by  the  target
network.  This  separation  enables  more  stable  and  efficient  policy
learning, making DDQN particularly suitable for highly dynamic and
complex scenarios such as traffic signal control.

θ

The value network takes the observed state st as input, processes
it through several fully connected (FC) layers to extract features, and
outputs  the  Q-values  corresponding  to  all  possible  actions  under
the current state. The parameter of the value network (i.e., ) is opti-
mized  by  minimizing  the  mean  squared  error  (MSE)  loss  between
predicted  Q-values  and  the  TD  target,  as  shown  in  Eq.  (7),  thereby
continuously improving the agent's decision policy.

L(θ) = E(st ,at ,Rt ,st+1)
[(

yDDQN
t −Q (st,at;θ)

)2]
(7)

The  target  network  does  not  directly  participate  in  policy
decision-making. It is solely used to compute the next-step Q-value
in  the  TD  target.  To  ensure  training  stability,  the  parameter  of  the
target  network θ− is  not  updated  at  every  time  step.  Instead,  they
are periodically synchronized by copying the parameter θ from the
value  network  at  fixed  intervals.  This  delayed  update  mechanism

 

Fig. 2  Typical four-arm signalized intersection.

 

Fig. 3  Signal phase setting.

 

Fig. 4  Traffic signal control framework based on DDQN.
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reduces  fluctuations  in  target  values  during  training,  allowing  the
target  network  to  serve  as  a  relatively  'stable  reference'  over  short
time horizons. As a result,  it  improves the convergence behavior of
the training process and enhances the overall quality of the learned
policy.

√
1/input

In  this  study,  we  further  optimize  the  DDQN  architecture  to
enhance training stability and convergence speed. First, for network
weight initialization, we adopt a uniform distribution bound by the
square root of the reciprocal of the input dimension, i.e., ,
to  initialize  the  weights  and  biases  of  the  first  and  second  fully
connected  layers.  This  strategy  helps  reduce  the  risk  of  gradient
vanishing  or  explosion,  and  ensures  more  stable  model  training.
Second,  we  replace  the  standard  ReLU  activation  with  LeakyReLU,
which  mitigates  the  'dying  neuron'  problem  by  maintaining  gra-
dient  flow  in  the  negative  domain,  thereby  improving  the  robust-
ness of the training process.

To  enhance  the  model's  ability  to  recognize  traffic-critical
features,  the  Squeeze-and-Excitation  (SE)  attention  mechanism  is
incorporated  into  the  DDQN  framework  as  a  lightweight  feature-
refinement module. Rather than altering the reinforcement learning
architecture, the SE module adaptively reweighs the state variables
to  emphasize  those  most  relevant  to  signal  control,  such  as  long
queues, low speeds, and prolonged delays—thereby improving the
robustness and responsiveness of the learned policy.

As illustrated in Fig. 5, the SE module operates on the input state
vectors s and performs channel-wise significance modeling through
three sequential steps:

(1) Squeeze: A global average pooling (GAP) operation is applied
to s to obtain a compact statistical descriptor z,  which captures the
aggregated traffic state information:

z =GAP(s) (8)
(2)  Excitation:  The  descriptor z is  passed  through  two  fully

connected  layers  with  ReLU  and  Sigmoid  activations  to  generate  a
normalized set of importance weights:

w = σ (W2δ (W1z)) (9)
(3) Reweighting: The generated importance vector w is applied to

the  original  state  vector  through  element-wise  multiplication  to
produce the attention-enhanced state representation s':

s′ = s⊙w (10)
This reweighed state amplifies congestion-critical  variables while

suppressing  less  informative  ones,  yielding  a  more  discriminative
input for the DDQN network.

It  should  be  emphasized  that  the  SE  mechanism  in  this  study
serves  as  an  auxiliary  enhancement  rather  than  a  standalone

performance-determining  component.  Its  role  is  to  refine  feature
importance  within  the  state  vector,  not  to  independently  drive
control  performance.  For  this  reason,  and  because  SE  does  not
modify  the  action  space  or  decision  architecture,  a  separate  abla-
tion experiment is not essential for validating the core contribution
of  the  proposed  framework.  The  influence  of  the  SE  module  is
reflected  in  its  ability  to  highlight  features  associated  with  severe
congestion,  thereby  improving  interpretability  and  contributing  to
more  targeted  control  decisions.  Nonetheless,  future  research  may
incorporate  quantitative  ablation  analyses  to  more  systematically
examine  the  marginal  contribution  of  the  SE  mechanism  across
different traffic scenarios.

As  illustrated  in Fig.  4,  during  training,  the  agent  continuously
interacts  with the simulation environment.  At  each time step t,  the
agent  observes  the  current  traffic  state st,  and  selects  an  action at
according to its current policy. After the action is executed, the envi-
ronment  transitions  to  a  new  state st+1,  and  returns  an  immediate
reward Rt.  The  experience  tuple  (st,at,Rt,st+1)  is  then  stored  in  the
experience replay buffer.

To enhance the diversity  and independence of  training samples,
the  DDQN  framework  adopts  an  experience  replay  mechanism[31].
During  each  policy  update  iteration,  a  mini-batch  of  samples  is
randomly drawn from the replay buffer and used to train the neural
network.  This  random  sampling  helps  break  the  temporal  correla-
tions  among  samples  and  prevents  instability  in  the  learning
process caused by sequential data dependencies.

The detailed implementation process is shown in Table 1.

 Phase base duration
The  phase  base  duration  is  a  critical  parameter  that  directly

influences the performance of traffic signal control.  It governs both
the  responsiveness  and  stability  of  the  control  strategy.  Appro-
priately  determining  the  base  duration  is  essential  for  developing

 

Fig. 5  Network architecture of the SE attention mechanism.

 

Table 1.  Signal control algorithm based on DDQN.

Input: Discount factor γ; Learning rate α; Number of update iterations I;
Target network update interval κ; Mini-batch size b; Number of training
episodes N; Number of simulation steps T.
Output: Optimized network weights θ*.

Q(·;θ) Q(·;θ−)
θ−← θ

Counter← 0

Initialization:
Initialize value network  and target network , and set

;
Initialize experience replay buffer D;
Initialize update counter .
Detailed algorithm flow:
For episode n = 1 to N:
    Observe initial environment state s0 and take initial action a0;
    For t = 1, 2, …, T:

T D = yDDQN
t −Qt (st,at;θt)

⟨δt+1, (st,at,Rt, st+1)⟩

        Observe current state st, and select action at based on ε-greedy policy;
        Execute action at, observe next state st+1, and receive reward Rt;
        Compute TD value: ;
        Store experience tuple  in D.
    End for

n ≥ 2    If : // skip early episodes to stabilize exploration
        For i = 1 to I:

θ← θ−α∇L(θ)
←

            Sample a mini-batch B of size b from D;
            Compute TD target yt using Eq. (6) with the target network;
            Update θ by minimizing loss via gradient descent: ;
            Increment counter: Counter Counter + 1.

κ            If Counter mod == 0:

θ−← θ                Update target network parameters: .
            End if
        End for
    End if
End for
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a signal  control  policy  that  is  efficient,  stable,  and adaptive to real-
time traffic dynamics.

In this  study,  the classical  Webster method[4] is  first  employed to
calculate  the  optimal  cycle  length  for  the  fixed-time  signal  control
scheme. The resulting cycle length serves as a stable baseline for the
intersection and prevents the signal plan from operating with exces-
sively  short  or  unstable  cycles.  It  should  be  noted  that  Webster's
formula  is  used  only  to  establish  the  baseline  cycle  and  does  not
directly determine the phase durations in our framework. Based on
this  baseline  cycle,  the  initial  effective  green  times  for  each  phase
are obtained using an equal  allocation principle.  Subsequently,  the
proposed  DDQN-based  controller  dynamically  adjusts  both  the
phase  sequence  and  phase  duration  in  real  time  according  to  the
observed  traffic  states.  This  design  ensures  that  the  controller
remains  effective  even  when  actual  traffic  conditions  deviate  from
the simplified assumptions underlying the Webster method.

Thus, the Webster-derived cycle acts only as an initialization refer-
ence  to  prevent  excessively  short  or  unstable  cycles,  while  the  RL
agent  determines  the  actual  timing  during  operation.  This  design
ensures that the system remains fully adaptive and maintains satis-
factory  performance even when traffic  conditions  deviate  from the
assumptions inherent in the Webster method.

ϑi

According to the Webster method, the optimal signal cycle length
C can be calculated using Eq. (11). L denotes the total lost time per
cycle,  which  includes  both  yellow  and  all-red  intervals. Y denotes
the  sum  of  the  critical  flow  ratios  across  all  phases,  calculated  as
shown in Eq.  (12).  The critical  flow ratio yi for  phase i is  denoted as
the ratio of the critical  lane flow qi to the saturation flow  of that
phase, as expressed in Eq. (13).

C =
1.5L+5

1−Y
(11)

Y =
4∑

i=1

yi (12)

yi =
qi

ϑi
(13)

In  this  study,  the  effective  green  time  under  equal  allocation  is
adopted as a reference, as shown in Eq. (14):

gb← C−L
4

(14)

 State space
In the RL framework, the state space serves as the foundation for

the  agent  to  perceive  the  environment  and  make  decisions.  The
quality of the state representation directly affects both the training
efficiency and the generalization capability of the learned policy. For
traffic  signal  control  tasks,  the state  space should comprehensively
reflect the real-time operational status of the intersection.

In this study, a lane-group-based state representation is adopted
instead  of  a  fine-grained  lane-level  description.  This  approach  pre-
serves  essential  traffic  characteristics  while  avoiding  unnecessary
growth in state dimensionality. As defined in Eqs (15)–(17), the state
consists of traffic-flow attributes and signal-phase information.

φt φt−1

For  each  lane  group p,  the  traffic-related  variables  include  the
average  queue  length Lp,  average  speed Vp,  average  waiting  time
Wp, and the number of vehicles Np, jointly reflecting the congestion
and movement conditions of the approach. In addition to these traf-
fic  indicators,  the  state  also  incorporates  the  current  and  previous
signal  phases  (i.e.,  and ),  encoded  in  a  one-hot  format  to
capture phase transitions.

st =
{
stra

t , s
sig
t

}
(15)

stra
t =
{
Lp,Vp,Wp,Np

}
p=1,2,3,4

(16)

ssig
t = {φt,φt−1} (17)

To  enhance  the  model's  perception  capability,  we  constructed  a
hybrid  multi-scale  representation  that  integrates  both  microscopic
(queue  length Lp,  vehicle  count Np)  and  macroscopic  (delay Wp,
speed Vp)  features  at  the  lane-group  level.  All  variables  are  norma-
lized  to  the  range  [0,1]  using  min-max  scaling,  and  the  complete
state  vector  is  formed  by  concatenating  the  normalized  traffic
features with the phase encodings.

This  unified  representation  enables  the  agent  to  accurately  cap-
ture  congestion  patterns  and  temporal  variations  in  traffic  flow,
providing  a  compact  yet  informative  basis  for  effective  signal
control decision-making.

 Action space
The  design  of  the  action  space  reflects  the  set  of  control  opera-

tions  available  to  the  agent.  In  this  study,  the  action  space A is
defined as the set of available signal phases, as shown in Eq. (18):

A = {p1, p2, p3, p4} (18)
Here, p1 corresponds to executing phase 1 (as illustrated in Fig. 3),

while p2, p3,  and p4 correspond to the remaining three phases. This
design  allows  the  agent  to  flexibly  adjust  the  phase  sequence
during the control process.

In  this  study,  each  phase  is  assigned  the  same  base  duration gb.
Once the base duration of the current phase ends, the agent selects
the next phase to execute from the action set A. If the agent chooses
to continue the current  phase,  the green time is  extended without
requiring any clearance time. However, if the agent opts to switch to
a  different  phase,  a  clearance  interval  (including  yellow  and  all-red
times) must be executed before the new phase begins. In addition,
when  no  vehicles  are  present  at  the  intersection,  the  agent  will
automatically select the major phase, i.e., the one corresponding to
the highest traffic demand.

 Reward function
The  reward  function  plays  a  central  role  in  guiding  the  learning

behavior of reinforcement learning (RL) models. In this study, queue
length is selected as the sole reward indicator because it maintains a
clear  and  direct  relationship  with  congestion  levels  and  can  be
reliably  measured  in  both  simulation  environments  and  real-world
deployment. Compared with delay or stop frequency, queue length
exhibits  lower  temporal  volatility  and  stronger  numerical  stability,
which  helps  reduce  reward  noise  and  enhances  convergence  for
value-based RL methods.  Moreover,  using a single,  physically inter-
pretable  metric  avoids  the  complexity  and  scale  inconsistencies
inherent in multi-objective reward formulations, which often require
careful weighting or normalization across heterogeneous indicators.

At each time step t, the reward is defined as:

Rt = −
 1

Nlane

Nlane∑
l=1

Qt
l

 (19)

Qt
l

where, Nlane is  the  total  number  of  entry  lanes  at  the  intersection
(excluding  dedicated  right-turn  lanes);  represents  the  number  of
queued vehicles on lane l at time step t.

To  reflect  performance  trends,  a  reward  difference  metric  is  also
defined as:

∆Rt = Rt −Rt−1 (20)
A positive value ΔRt > 0 indicates improved traffic flow, evidenced

by a reduction in queue length under the current policy.
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While queue length offers a stable and consistent learning signal,
we  acknowledge  that  traffic  signal  control  is  inherently  multi-
dimensional,  involving  factors  such  as  delay,  stop  frequency,  fuel
consumption, and emissions. Extending the reward to a multi-objec-
tive  or  weighted  formulation,  therefore,  represents  a  promising
direction for future research.

It is also important to emphasize that the reward function remains
unchanged  across  all  traffic  demand  levels.  Instead,  the  proposed
DDQN-SE controller  adapts to varying traffic  conditions through its
real-time state perception and continuous interaction with the envi-
ronment.  This  enables  the  learned  policy  to  generalize  effectively
across  low-,  medium-,  and  high-demand  scenarios  without  requir-
ing scenario-specific modifications to the reward design.

 Simulation experiments and results

 Scenario setup
In  this  study,  simulation  experiments  are  conducted  based  on  a

typical  four-approach  intersection,  as  illustrated  in Fig.  2.  Each
approach  includes  four  lanes:  the  innermost  lane  is  dedicated  for
left turns,  the outermost lane is for right turns,  and the two middle
lanes  serve  as  through  lanes.  The  baseline  traffic  demand  for  each
direction  is  provided  in Table  2.  The  control  zone  extends  250  m
upstream  from  the  intersection,  and  the  speed  limit  is  set  to
13.89 m/s. The clearance time (including yellow and all-red intervals)
is  fixed  at  5  s,  and  the  phase  base  duration  is  set  to  12  s  for  all
phases.

The intersection environment is constructed using SUMO (Simula-
tion  of  Urban  MObility),  a  microscopic  traffic  simulation  platform.
SUMO  enables  the  modeling  of  intersections  under  various  traffic
scenarios  and  provides  the  flexibility  to  integrate  external  control
algorithms. Based on this platform, the proposed DDQN-based traf-
fic signal control algorithm is implemented and evaluated.

The  training  parameters  of  the  DDQN  model  are  summarized  in
Table  3.  An ε-greedy  exploration  strategy  is  employed  to  balance
exploration and exploitation during training.  The initial  exploration
rate is set to 1.0, and it is gradually annealed to 0.02 over the course
of  training.  This  ensures  that  the  agent  performs  sufficient  explo-
ration  during  the  early  stages,  and  gradually  shifts  toward  exploit-
ing the learned optimal policy in later stages.

To  comprehensively  evaluate  the  performance  of  the  proposed
traffic  signal  control  method  under  various  scenarios,  two  key
metrics are selected: average travel time, and average queue length.
Average  travel  time  serves  as  a  core  indicator  of  intersection  effi-
ciency—shorter  values  indicate  higher  overall  traffic  throughput
and  improved  flow.  Average  queue  length,  defined  as  the  number
of vehicles in a lane moving at speeds less than 0.1 m/s, reflects the
level  of  congestion at the intersection.  A longer queue length typi-
cally  signals  a  delayed response of  the control  strategy to evolving
traffic conditions.

This study focuses on developing a reinforcement learning-based
traffic  signal  control  method  capable  of  jointly  optimizing  phase
sequence  and  phase  duration.  Since  most  existing  RL  approaches
optimize only one of these aspects and rely on different action defi-
nitions  or  phase  structures,  direct  comparison  requires  substantial
modifications  to  their  architectures.  Therefore,  the  experimental
evaluation concentrates on fixed-time and vehicle-actuated control-
lers,  which  represent  the  most  widely  implemented  strategies  in
practice, and provide a clear benchmark for assessing the improve-
ments  achieved  by  the  proposed  integrated  optimization  frame-
work. Exploring the integration of the proposed design into policy-
gradient or actor-critic RL methods, such as PPO, will be considered
in future work.

 Results and analysis
Figure 6 illustrates the variation in average queue lengths across

different  traffic  movements  corresponding  to  each  signal  phase
over the course of DDQN training. It can be observed that, as train-
ing progresses, the average queue lengths for all directions exhibit a
steady  downward  trend,  indicating  that  the  agent  gradually  learns
an  effective  signal  control  strategy.  After  approximately  400  train-
ing episodes, the queue length curves for all phases begin to stabi-
lize,  demonstrating  good  convergence  behavior.  This  confirms  the
stability and reliability of the proposed control method, thereby vali-
dating  the  effectiveness  and  feasibility  of  the  DDQN-based  traffic
signal control strategy in urban intersection scenarios.

It is also noteworthy that the final converged queue lengths differ
among  phases  and  show  a  positive  correlation  with  the  traffic
volumes  of  their  corresponding  directions.  This  outcome  can  be
attributed to the design of the reward function, which applies equal
weights  across  all  directions  without  prioritizing  higher-demand
flows.  While  this  equal-weighting  strategy  ensures  fairness,  it  may
limit the model's ability to strengthen control over dominant direc-
tions under imbalanced traffic conditions.

To validate  the  feasibility  of  the  phase  base  duration determina-
tion method,  the performance of  the DDQN-based control  method
was tested under different phase base durations, as shown in Fig. 7.
When the base duration is set to 8 s, the average travel time reaches
its highest value, exceeding 80 s. At this point, signal phase switch-
ing occurs too frequently, and a significant amount of time is spent

 

Table 2.  Basic traffic demand.

Entry approach Through (pcu/h) Left-turn (pcu/h)

Westbound approach 400 100
Northbound approach 200 100
Eastbound approach 380 180
Southbound approach 200 150

 

Table 3.  Value used for training parameters.

Parameters Value Description

Total training episodes 1,500 Total number of training episodes during which the agent interacts with the environment
and updates its policy

Maximum simulation steps per episode 3,600 The maximum number of simulation steps executed in a single training episode
Target network update interval κ 3 The target network is updated once every three updates of the main (evaluation) network
Batch size 64 The number of samples used in each training batch for network parameter updates
Learning rate α 0.0025 The learning rate used for training the DDQN network
Discount factor γ 0.95 The discount factor used to calculate the cumulative future reward
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on  clearance  phases,  which  severely  reduces  the  intersection's
throughput. As the base duration increases, the average travel time
decreases  significantly,  reaching its  optimal  range between 10 and
12 s,  with an average value stabilizing around 27 to 28 s.  However,
when the base duration exceeds 14 s, the average travel time starts
to  gradually  increase.  This  indicates  that  while  a  larger  base  dura-
tion reduces the frequency of  phase switches,  it  also decreases the
system's responsiveness to changing traffic conditions. In summary,
a  base  duration  range  of  10  to  12  s  is  identified  as  the  optimal
setting  for  the  current  traffic  scenario.  This  range  strikes  a  good
balance  between  signal  switching  costs  and  response  speed.  The
results  validate  the  rationality  of  the  phase  base  duration  setting
method proposed in this study.

To validate the performance of the proposed DDQN-based traffic
signal  control  method,  comparison  experiments  were  designed
against  fixed-time  control  and  vehicle-actuated  signal  control
methods. Figure  8 presents  a  comparison  of  the  average  queue
length  across  different  traffic  directions  under  the  three  control

strategies.  It  is  observed  that  the  DDQN-based  control  strategy
outperforms  the  other  strategies  in  most  traffic  directions,  demon-
strating  superior  queue  control  performance.  Specifically,  in  the
north-south  left  turn  (SBL-NBL)  and  east-west  left  turn  (WBL-EBL)
directions,  the  DDQN-based  control  strategy  effectively  keeps  the
queue length under three vehicles, significantly outperforming both
fixed-time control  and vehicle-actuated control.  However,  a  special
case  is  observed  in  the  east-west  through  (WBT-EBT)  direction,
where the queue length under the DDQN-based control strategy is
higher than that of the vehicle-actuated control.  This phenomenon
can  be  attributed  to  the  design  of  the  current  reward  function,
which does not incorporate differentiated weighting for high-traffic
directions.  As  a  result,  the  agent  did  not  sufficiently  reinforce  its
optimization  tendencies  toward  the  critical  traffic  flow  directions
during  training.  Despite  minor  performance  disadvantages  in  cer-
tain directions,  the DDQN-based control  method still  demonstrates
stronger overall global optimization and robustness.

Table  4 presents  the  average  travel  time  for  vehicles  under  the
three  control  strategies.  The  results  show  a  high  degree  of  consis-
tency between the comparison of  average travel  time and average
queue  length  across  the  different  strategies.  Although  the  DDQN-
based control strategy exhibits some performance disadvantages in
certain traffic directions, it achieves significant improvements in traf-
fic  efficiency  across  most  directions.  These  results  thoroughly  vali-
date the potential  application of  the proposed method in complex
intersection  traffic  management,  and  demonstrate  a  clear  advan-
tage over traditional rule-based control strategies. It is important to
note  that,  in  high-demand  traffic  directions,  there  is  still  room  for

 

Fig. 6  The trend of average queue length variation for each traffic flow
direction.

 

Fig. 7  Impact of base phase duration on the average travel time at the
intersection.

 

Fig.  8  Comparison  of  directional  average  queue  lengths  under  three
traffic signal control strategies.

 

Table 4.  Average travel time under the three control strategies.

Traffic
movement

Fixed-time
control

Vehicle-actuated
control

DDQN-based
control

SBT-NBT 21.63 37.06 24.29
WBT-EBT 51.26 29.03 42.60
SBL-NBL 56.71 32.10 16.36
WBL-EBL 57.16 32.49 17.91

The bold  value  represents  the  minimum value,  indicating that  under  the  corres-
ponding  control  method,  this  traffic  flow  direction  has  the  best  control  traffic
efficiency.
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improvement  in  the DDQN-based control  strategy.  Future  research
could consider introducing traffic-sensitive reward weighting mech-
anisms to enhance the optimization tendency of the strategy for key
traffic  directions,  thereby  achieving  more  precise  resource  alloca-
tion and further improving traffic efficiency.

We  further  investigate  the  performance  of  the  proposed  control
method  under  different  demand  levels  to  assess  its  adaptability
across  varying  traffic  scenarios.  Different  demand  levels  are  gene-
rated  by  multiplying  the  baseline  traffic  demand  by  different
demand coefficients.  The baseline traffic  demand corresponds to  a
low-demand scenario, a demand coefficient of 1.2~1.4 corresponds
to  a  medium-demand  scenario,  and  demand  coefficients  greater
than 1.4 correspond to high-demand scenarios.

Figure  9 illustrates  the  average  queue  length  at  the  intersection
under  the  three  control  strategies  across  different  traffic  demand
levels.  Overall,  the  queue  length  increases  for  all  strategies  as
demand  intensifies,  reflecting  the  substantial  pressure  that  high-
volume conditions place on intersection capacity. Among the three
methods,  the  fixed-time  controller  is  the  most  sensitive  to  traffic
growth. Its average queue length rises sharply and reaches nearly 45
vehicles  when  the  demand  coefficient  is  1.8,  indicating  a  lack  of
adaptability  to  rapidly  changing  traffic  conditions.  The  vehicle-
actuated  controller  performs  more  effectively  under  low  and
medium demand, maintaining relatively stable queues with a slower
growth  trend.  However,  its  performance  deteriorates  as  demand
becomes high, where fluctuations in detector inputs lead to less effi-
cient phase adjustments and noticeably longer queues. In contrast,
the DDQN-based control strategy demonstrates the strongest adap-
tability  across  all  demand  levels.  Although  queue  lengths  increase
under high-volume conditions, the growth rate is significantly lower
than  that  of  the  fixed-time  and  vehicle-actuated  controllers.  This
indicates that the DDQN-SE controller can better allocate green time
dynamically,  prevent  excessive  queue  accumulation,  and  maintain
more stable control performance under congested traffic.

It  is  important  to  note  that  while  the  reinforcement  learning-
based signal control method effectively reduces the average queue
length  at  the  intersection  overall,  its  performance  has  not  yet
reached optimal levels for certain traffic directions. Figure 10 shows
the  variation  in  average  queue  length  at  the  WBT-EBT  direction

under  the  three  control  strategies  across  different  traffic  demand
levels.  It  can be observed that as the demand coefficient increases,
the queue lengths under all three strategies show an upward trend.
Among them, fixed-time control exhibits the most rapid increase in
queue length, with the overall performance being the worst. At high
demand  levels,  it  leads  to  severe  congestion  and  queue  buildup,
demonstrating its lack of ability to adjust to changes in traffic flow.
In  contrast,  actuated  signal  control  maintains  lower  queue  lengths
across  all  demand  levels,  with  particularly  good  performance  at
demand  coefficients  of  1.6  and  1.8,  which  reflects  its  capacity  to
dynamically  adjust  signal  timings  in  response  to  fluctuating  traffic
volumes.  This  ability  to  recognize  traffic  flow  variations  and  adapt
signal  timings  in  real  time  gives  actuated  control  a  strong  advan-
tage  in  dynamic  traffic  environments.  The  DDQN-based  strategy
performs  relatively  stably  under  medium- and  low-demand  condi-
tions,  with  queue  lengths  similar  to  actuated  control  and  clearly
outperforming fixed-time control.  However,  at  high-demand levels,
the  queue  length  increases  slightly  more  than  in  vehicle-actuated
control, indicating some performance limitations. This phenomenon
highlights that the current RL model still has room for improvement
in handling high-demand traffic directions.

 Computational complexity and real-time
performance

To evaluate the deployability of the proposed DDQN-SE controller
in  real-world  traffic  signal  systems,  the  computational  complexity
and  operational  efficiency  were  further  analyzed.  The  final  trained
model  contains approximately 1.2 million parameters,  which corre-
sponds to a lightweight neural network architecture compared with
typical deep reinforcement learning models.

Training  was  conducted  on  an  NVIDIA  RTX  3090  GPU,  and  1,500
episodes  required  approximately  4.8  h,  demonstrating  that  the
model can be trained efficiently offline.  More importantly,  the infe-
rence  time  during  deployment—when  the  agent  selects  an  action
based  on  the  current  state—is  extremely  low.  The  average  infe-
rence  time  per  decision  is  3.1  ms,  which  is  significantly  below  the
typical signal controller update interval (≥ 1 s). This ensures that the
DDQN-SE  controller  can  operate  comfortably  within  real-time
constraints.

 

Fig.  9  Average  queue  length  at  the  intersection  under  different
demand levels.

 

Fig. 10  Average queue length in the WBT-EBT direction under different
demand levels.
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Overall,  the  results  indicate  that  the  proposed  method  offers  a
good  balance  between  control  performance  and  computational
efficiency.  The  model  is  lightweight  enough  for  real-time  deploy-
ment and can be retrained periodically  as  traffic  conditions evolve,
making it suitable for practical intelligent signal control applications.

 Conclusions
This  paper  addresses  the  issues  of  weak  responsiveness  and

rigid  control  strategies  in  urban  intersection  signal  control  under
complex  traffic  environments.  A  Double  Deep  Q-Network  (DDQN)-
based  reinforcement  learning  method  is  proposed,  achieving  the
joint optimization of signal phase sequence and base duration. The
method  enhances  the  agent's  perception  accuracy  and  learning
efficiency  by  constructing  a  state  space  that  integrates  key  traffic
indicators,  such as  queue length,  average speed,  and waiting time,
and by introducing the principle  of  consistency between state  and
reward  definitions.  Simulation  results  show  that  the  proposed
method  significantly  reduces  average  queue  length  and  vehicle
travel time in most traffic directions compared to fixed-time control
and  vehicle-actuated  control  methods.  Sensitivity  analysis  under
different  traffic  demand  levels  reveals  the  importance  of  appro-
priately  setting  the  base  phase  duration  to  ensure  control  perfor-
mance.  Robustness  evaluation  further  confirms  the  stability  of  the
proposed method in high-demand scenarios.

Future  research  can  focus  on  the  following  two  aspects:  first,
designing a dynamically weighted reward function based on traffic
pressure,  incorporating  traffic  flow  distribution  characteristics  to
improve  the  agent's  responsiveness  to  key  traffic  directions;  and
second,  extending  the  method  to  multi-intersection  cooperative
control scenarios, further exploring the potential of deep reinforce-
ment learning in complex traffic systems.
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