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ABSTRACT: To improve regional traffic signal coordination under uncertain and dynamic traffic conditions, this
paper proposes a hybrid Type-2 fuzzy reinforcement learning framework integrated with Beetle Antennae Search (BAS)
and Deep Q-Network (DQN), named Type-2 fuzzy Beetle Antennae Search and Deep Q-Network (T2-BAS-DQN).
In this framework, DQN remains active during online signal control, while the Type-2 fuzzy module provides
uncertainty-aware correction for phase selection and green-time adjustment. BAS is used only in the offline training
stage to optimize a low-dimensional parameter vector related to fuzzy correction, reward adjustment, and coordination
pressure. A 3 x 3 Simulation of Urban MObility (SUMO) road network is constructed to compare the proposed method
with Fixed-Time, Max-Pressure, CoLight, DQN, and related baselines. The results show that T2-BAS-DQN achieves
lower queue length, shorter waiting time, and higher average speed under different traffic demand levels. In addition,
a real-geometry SUMO simulation calibrated with field traffic counts from Jiangning District, Nanjing, is conducted
to further examine its applicability. Compared with DQN in this calibrated scenario, T2-BAS-DQN reduces average
queue length by 47.4%, decreases average waiting time by 24.4%, and increases average travel speed by 11.0%. These
results indicate that the proposed framework provides competitive simulation performance and improves several traffic
operation indicators in the tested scenarios.

KEYWORDS: Regional traffic signals; Type-2 fuzzy control; beetle antennae search algorithm; deep Q network;
coordination control

1 Introduction

In recent years, the acceleration of urbanization has intensified the mismatch between traffic supply
and demand, making low road network operational efficiency a major constraint on sustainable urban
economic growth [1-3]. Optimizing regional traffic signal coordination strategies is of great significance for
improving the spatiotemporal utilization of road network resources and reducing travel delays. To achieve
intelligent traffic scheduling, artificial intelligence has been widely applied to this field. For instance, Graph
Convolutional Networks (GCN) are used to capture the spatiotemporal correlations of traffic flow for precise
prediction [4,5]; Deep Reinforcement Learning (DRL) is employed to build adaptive control models that
respond to traffic fluctuations in real time [6,7]; and multi-agent coordination mechanisms are utilized to
address synchronization challenges in large-scale traffic grids [8,9].

Regarding the handling of high uncertainty in traffic flows, the Type-2 Fuzzy Deep Q-Network
(Type-2-FDQN) algorithm has gained significant attention due to its integration of fuzzy logic’s capability
to represent nonlinear systems with the self-learning characteristics of deep reinforcement learning [10].
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By introducing Type-2 fuzzy logic, this method can smooth stochastic traffic fluctuations more effectively
than conventional algorithms, demonstrating notable stability in single-intersection scenarios [11]. However,
Type-2-FDQN reveals limitations when faced with complex regional multi-intersection networks. First,
these methods often rely on independent agent mechanisms and lack cross-spatial coordination, making it
difficult to achieve global optimization without a regional perspective [12]. Second, the conventional Deep
Q-Network (DQN) architecture may suffer from slow initial convergence and limited exploration efficiency,
while purely rule-based fuzzy controllers without online learning or adaptive correction may struggle to
maintain long-term robustness in highly dynamic traffic environments.

The motivation for integrating Type-2 fuzzy logic, Beetle Antennae Search (BAS), and DQN comes
from the complementary characteristics of the three techniques in regional traffic signal control. DQN
provides adaptive decision-making ability by learning signal control policies from real-time traffic states.
However, urban traffic states are highly stochastic due to random vehicle arrivals, turning movements,
and queue spillback among adjacent intersections, which may lead to unstable Q-value estimation and
inefficient exploration. Type-2 fuzzy logic is therefore introduced to explicitly model the uncertainty of
traffic states and smooth the influence of traffic fluctuations on control decisions. Meanwhile, the perfor-
mance of fuzzy-reinforcement learning controllers is sensitive to fuzzy correction weights, reward weights,
and coordination-related parameters. BAS is employed as a lightweight offline parameter optimizer to
improve parameter adaptability and reduce manual tuning. In this way, the proposed Type-2 fuzzy Beetle
Antennae Search and Deep Q-Network (T2-BAS-DQN) framework integrates adaptive learning, uncertainty
modeling, and parameter optimization into a unified regional signal coordination controller.

To overcome the aforementioned challenges, this paper proposes a T2-BAS-DQN hybrid framework
for regional traffic signal coordination. First, a two-level Type-2 fuzzy control framework, comprising an
intersection-level controller and a coordination-level controller, is designed to improve signal timing coor-
dination between adjacent intersections. Second, state and reward coordination mechanisms are established
among intersection groups to enhance regional cooperative control. Third, the Beetle Antennae Search (BAS)
algorithm is introduced as a lightweight offline parameter optimization method. Instead of claiming uni-
versal superiority over other metaheuristic algorithms, BAS is used in this study to tune a low-dimensional
parameter vector related to fuzzy correction, reward adjustment, and coordination pressure. BAS is not
applied to the full high-dimensional DQN weight space; the DQN network parameters are still trained
through temporal-difference learning and gradient-based optimization. Compared with population-based
optimization methods such as differential evolution, genetic algorithms, or DNA evolutionary algorithms,
BAS has a simple update rule and fewer control parameters, making it convenient for lightweight parameter
tuning in the proposed fuzzy-reinforcement learning framework [13-15]. During online signal control, the
trained DQN network remains active, while the BAS-optimized parameters and the Type-2 fuzzy module
are used to improve the adaptability and robustness of the hybrid controller.

For experimental evaluation, a 3 x 3 regional road network is first constructed in Simulation of Urban
MObility (SUMO) to test the proposed method under controlled traffic demand conditions. In addition, to
further examine the applicability of the proposed method under more realistic road topology and turning-
movement conditions, a real-geometry SUMO simulation scenario is constructed using field-count traffic
demand from Jiangning District, Nanjing. This experiment is not presented as an on-road real-world
validation, but as a simulation with real-world geometry and demand calibration. The limitations related to
single-day field-count data, missing complete time-period information, and the absence of comparison with
deployed signal timing plans are further discussed in the experimental and discussion sections.

The present study is closely related to the authors’ earlier work on Type-2 fuzzy traffic signal control.
Bi et al. [16] developed a Type-2 fuzzy multi-intersection traffic signal controller in which differential
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evolution was used to optimize fuzzy-controller parameters. Subsequently, Bi et al. [17] proposed an adaptive
Type-2 fuzzy traffic signal control method with an evolutionary optimization mechanism based on a
DNA evolutionary algorithm. These studies established an important optimization-based Type-2 fuzzy
control lineage for traffic signal control. However, their deployed controllers were mainly fuzzy-control-
based systems in which membership functions, rule parameters, or control parameters were optimized by
metaheuristic algorithms.

Different from these predecessor studies, the present work does not simply replace differential evolution
or DNA evolutionary optimization with BAS. Instead, DQN remains the online signal decision-making
module, while BAS is used only as an offline optimizer of a low-dimensional parameter vector associated with
fuzzy correction, reward adjustment, and coordination pressure. Therefore, the incremental contribution
of this study lies in integrating online DQN-based phase decision-making, Type-2 fuzzy uncertainty-aware
correction, BAS-based lightweight parameter tuning, and regional coordination information within a unified
traffic signal control framework. The role of BAS is not claimed to be universally superior to differential
evolution or DNA evolutionary algorithms; rather, it is adopted here as a simple and low-dimensional tuning
mechanism suitable for the proposed hybrid fuzzy-reinforcement learning controller.

2 Regional Traffic Modeling Methods
2.1 Road Network Modeling

During the network modeling stage, the geometric characteristics of each intersection in the target
area were first collected through on-site traffic surveys, encompassing key attributes such as the number of
inbound approaches, link lengths, and lane configurations [18,19]. The collected data were then converted
into a digital road-network model using Netedit, SUMO?’s visual topology-editing tool. The network model
adopts a node-edge topology representation: nodes (Node) encode an intersection’s spatial coordinates,
channelization scheme, and traffic rules, while connecting edges (Edge) describe link geometry (length,
curvature) and operational parameters (number of lanes, speed limits, etc.). As shown in Fig. 1, a3 x 3
network was created in Netedit in which each link is a two-way six-lane road (three lanes per direction),
yielding a total of 24 two-way, six-lane road segments [20].
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Figure 1: Road network structure diagram.
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The network model contains nine signal-controlled nodes, each equipped with an independent traffic
signal. The attributes of nodes and edges are listed in Tables 1 and 2, respectively; node attributes include node
name ID, coordinates, radius, type, and the traffic-signal control algorithm, while edge attributes include
edge name ID, start and end nodes, number of lanes, speed limit, length, etc.

Table 1: Node file attribute information.

Description Type Attribute
Node name String id
Node X-coordinate float X
Node Y-coordinate float y
Intersection radius float radius
Intersection type priority, traffic_light, unregulated, allwaystop, rail_signal, . .. type
Traffic signal control type static, actuated tlitype
Edges controlled by the node list of edge ids controlledInner

Table 2: Edge file attribute information.

Description Type Attribute
Border name String id
Types of roads SUMO edge type file type
Starting node of the edge Referenced node id from
Terminal node of the edge Referenced node id to
Priority of the road Right-of-way priority
Number of lanes int numLanes
Vehicles prohibited from entering the road List of vehicle disallow
Vehicles allowed on the road List of vehicle allow
Road name String name
Road length float length
Road width float width
Speed limit on the road float speed
Road coordinate position List of positions shape
Sidewalk width float sidewalkWidth

The node and edge attributes listed in Tables 1 and 2 are provided only to support the reproducibility of
the SUMO network construction. The subsequent analysis focuses on traffic-control-related configurations,
including network topology, lane settings, link length, traffic demand, signal phases, and training parameters,
which are summarized in the implementation and experimental setup sections.

2.2 Traffic Flow Model

After the generation of the road network model, it is necessary to construct a traffic flow simulation
model. SUMO provides two mechanisms for generating traffic flow. To simulate the real-world traffic
environment as closely as possible during the simulation process, this study conducts experiments based
on the vehicle motion model. By constructing a vehicle configuration file (rou.xml), multi-dimensional
parameters for the simulated vehicles are defined, including attributes such as the state and path of each
vehicle [21,22].
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In the traffic flow model, a route file must be developed to define the vehicles. Right-hand traffic is
generally adopted in the vehicle motion model, which is characterized by five parameters: V,,,, denotes the
maximum vehicle speed in km/h; b is the maximum deceleration in m/s?; a is the maximum acceleration in
m/s?; and the vehicle length is measured in m. Vehicle driving behavior is primarily influenced by routing
and speed. The routing design is determined by the origin, destination, and intermediate roads, while the
speed follows the vehicle motion model, which fully reflects the complexity of traffic flow. In this paper, the
calculation formula for safe vehicle travel is shown in Eq. (1):

g(t)-vi(t)r
vi(t) +ve(t) .
2b 4

)

Vsafe = Vl(t) +

where 7 is the driver’s reaction time (1s). At time t, the distance between the following vehicle and the leading
vehicle is g(t), the speed of the leading vehicle is v;(t), and the speed of the following vehicle is v/(t). The
corresponding safe-speed calculation used in the vehicle motion model is given by Eq. (2):

Vs=—1b+\/(rb)2+v%+2bg(t) (2)

2.3 Traffic Light Model

In the traffic light model, this paper defines 4 phases based on the bidirectional six-lane roads established
in the aforementioned road network, as shown in Fig. 2.

(b) Turn left in the east-west direction.

(c) Proceed straight in the north-south direction. (d) Turn left in the north-south direction.

Figure 2: Traffic light model.
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The model adopts a right-hand driving logic. All four-way intersections are configured with
four phases: East-West through (including right turns), East-West left turns, North-South through
(including right turns), and North-South left turns. In the traffic light model definition, states
are represented by four parameters: G, g, r, and y. The traffic light phases can be represented
as ‘' GGGGarrrrrGGGGgrrrrr', 'yyyyyrrrrryyyyyrrrrr’, ‘rrrrrGGGGgrrrrrGGGGg’
and ‘' rrrrryyyyyrrrrryyyvy’.

Taking ' GGGGgrrrrrGGGGgrrrrr’ as an example, the phase state information represents the
status of the intersection approaches starting from the North (12 oclock direction) and proceeding clockwise
through East, South, and West. Every 5 characters form a group, representing the traffic light phase for each
specific road [23,24].

3 Control Method Design
3.1 Design of Type-2 Fuzzy Controller (Intersection Level and Coordination Level)

To address regional traffic coordination requirements, this paper proposes a two-level Type-2 fuzzy
control framework—an intersection-level controller and a coordination-level controller—as illustrated
in Fig. 3.
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It should be noted that Fig. 3 is used to illustrate the information flow between the intersection-
level controller and the coordination-level controller, rather than a classical error-feedback controller
with respect to a fixed desired queue length. In the actual rule design, the intersection-level controller
determines phase priority based on absolute queue length, waiting time, current phase, and maximum red-
time constraints. The coordination-level controller further adjusts the priority according to neighboring-link
queue occupancy and spillback risk.

At the intersection-level controller, each intersection agent autonomously optimizes phase timing based
on local microscopic traffic-flow parameters [25,26]. Specifically, the queue length and waiting time of
vehicles for the current green phase are chosen as the key decision inputs; by comparing the queue lengths
and red-phase waiting times across phases, the control variables L; and L, are determined. The algorithm
proceeds as follows: first check whether any phase has reached the preset maximum red time. If such a phase
exists, set L; to the queue length of that phase, set L, to the maximum queue length among the remaining
phases, and allocate T as the green time for the L; phase. If no phase has reached the maximum red time,
let L; and L, be the largest and second-largest queue lengths across all phases, respectively, and set T to the
green time required by the largest queue. In this way, when a phase’s demand is high, its green time can be
extended or the controller can switch to a phase with greater demand [27].

Compared with conventional fuzzy logic, Type-2 fuzzy logic better handles traffic-flow uncertainty. This
study employs Type-2 Gaussian membership functions with uncertain deviation; the three fuzzy subsets are
defined as Short (S), Medium (M), and Long (L). Because the allowable green-time ranges differ between
through and left-turn phases, when T corresponds to a straight-through phase the output T has the domain
[9,60], whereas when T corresponds to a left-turn phase T has the domain [9, 40].

The coordination-level controller accounts for interactions among neighboring intersections to achieve
inter-intersection coordination. When congestion or spillback risk occurs between adjacent intersections,
the controller adjusts signal priorities to reduce queue propagation and prevent local bottlenecks. The storage
capacity of an inter-intersection link is estimated as

L..n<.
Cij:l th ”J,

where L; jis the link length, n; jis the number of lanes in the considered direction, and & is the average

3)

vehicle spacing. For the synthetic network in this study, the average link length is approximately 400 m and
each direction contains three lanes. If the average vehicle spacing is set to 8 m, the per-lane storage capacity
is about 50 vehicles, and the per-direction storage capacity is about 150 vehicles. When the observed queue
length approaches this capacity, the coordination-level controller is activated to adjust the phase priority of
adjacent intersections [28,29].

Based on the estimated link storage capacity and the maximum red-time constraint, the detailed
coordination procedure is as follows:

1. Check whether intersection I's north—south through phase or east-west left-turn phase has reached the
maximum red time. If yes, go to step 2; otherwise go to step 3.

2. Set L; to the queue length of the phase that has reached the maximum red time, and set L, to the largest
queue length among the remaining phases. In this case T is the green time to be allocated to the phase
(either the north-south through or the east-west left-turn) that reached the maximum red waiting time.

3. Otherwise, set L; to the maximum queue length among intersection 1's north-south through and east-
west left-turn phases, and set L, to the maximum queue length among the other three phases; T is then
the green time allocated to the phase corresponding to L;.
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Similarly, if comparable congestion emerges at other intersections, the coordination controller will
also be activated, prioritizing coordination beginning from central intersections of the region to prevent
critical nodes from blocking. Especially during morning and evening peak periods, by ensuring key intersec-
tions remain unobstructed first and then coordinating surrounding intersections, the regional green-time
allocation becomes more rational and large-scale gridlock can be avoided.

3.2 T2-BAS-DQN Fusion Mechanism for Regional Traffic Signal Control

This section describes the fusion mechanism of the proposed T2-BAS-DQN framework for regional
traffic signal control. In this mechanism, DQN is responsible for estimating the action values of candidate sig-
nal phases, the Type-2 fuzzy module provides uncertainty-aware correction based on real-time traffic states,
BAS optimizes a low-dimensional parameter vector during the training stage, and the regional coordination
module introduces neighboring traffic pressure information to support coordinated phase selection.

To improve the adaptability and robustness of regional traffic signal coordination, this study proposes
a T2-BAS-DQN framework by integrating DQN-based adaptive decision-making, Type-2 fuzzy uncertainty
modeling, and BAS-based parameter optimization. It should be emphasized that the DQN remains active
during online signal control. BAS is not used as an online controller, but is employed in the offline parameter-
optimization stage after DQN training to optimize key parameters of the fuzzy-reinforcement learning
controller. During BAS optimization, the trained DQN parameters are fixed, and BAS only evaluates candi-
date parameter vectors through validation rollouts. During online deployment, the trained DQN network
outputs the Q-values of candidate signal phases, while the Type-2 fuzzy module provides uncertainty-aware
correction for phase preference and green-time adjustment. The final control decision is obtained by fusing
the DQN output, the fuzzy correction result, and the coordination pressure information.

The overall workflow of the proposed framework is shown in Fig. 4. The framework consists of two
parts: the left part describes the online signal control process, and the right dashed box describes the offline
DQN training and BAS-based parameter optimization process. In the online control process, the traffic state
of the road network is first inspected, including queue length, waiting time, current phase, and neighboring-
intersection queue information. These traffic state variables are used as the input of the DQN network and
the Type-2 fuzzy module. The DQN network evaluates the Q-values of different candidate phases, while
the Type-2 fuzzy module calculates the uncertainty correction term according to traffic fluctuation and
congestion conditions.

In the oftline optimization process, BAS is used to optimize a low-dimensional parameter vector rather
than directly searching the full high-dimensional DQN weight space. This design avoids the problem that
a four-direction BAS variant may be ineffective in a high-dimensional neural-network parameter space.
In the proposed framework, the DQN parameters 0 are trained through the temporal-difference loss and
gradient-based optimization, whereas BAS is only responsible for tuning several key fuzzy-reinforcement
learning parameters.

The optimized parameter vector is defined as
0 =[wf, wr, wp], (4)

where w; denotes the fuzzy correction weight, w, denotes the fuzzy reward adjustment weight, and w,
denotes the coordination pressure weight. These parameters are used to adjust the contribution of the Type-2
fuzzy module, reward feedback, and regional coordination information in the final decision-making process.
Since the dimension of ® is small, the BAS search process is computationally tractable and does not suffer
from the high-dimensional search problem associated with direct DQN weight optimization.
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Figure 4: Offline training and online deployment process of the proposed T2-BAS-DQN framework.

In the offline parameter-optimization process, the DQN is first trained through temporal-difference
learning, and the trained DQN parameters are denoted as 6. After the DQN training stage, BAS is used to
optimize the low-dimensional parameter vector ® through validation rollouts. For each candidate parameter
vector ©, the DQN parameters 6 are fixed. The controller interacts with the SUMO traffic environment
through the TraClI interface, observes the traffic state s;, evaluates the candidate action values Q(s¢, a;0%),
calculates the Type-2 fuzzy correction term and the coordination pressure priority, and then selects the signal
action according to the fused action score. The fixed-weight validation score is calculated to evaluate the
fitness value of the candidate parameter vector. Therefore, BAS does not retrain the DQN network for each
candidate ®; it only evaluates different parameter vectors using the fixed trained DQN policy.

2
L(B)=E (rt + ymae}xQ(sM, a’s07) = Q(sy as 0)) , (5)

where 6 and 0~ denote the parameters of the online network and target network, respectively, and y is the
discount factor.

The fitness function of BAS is defined according to the traffic performance obtained in validation
rollouts rather than the raw cumulative reward containing the tunable coefficient w,. For a given parameter
vector O, the validation fitness over M validation episodes is calculated as

1

F(®) = U f: (EQG +m(@) + EwW + m(0) + &S + m(©) + EyH * m(@))), (6)

m=1
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where Q * m(®), W * m(®), S * m(®), and H * m(®) denote the average queue length, average waiting
time, number of stops, and phase-switching penalty obtained in the m-th validation episode under parameter
vector ®, respectively. The coefficients &g, &w, &5, and &y are fixed validation weights and are not optimized
by BAS. A larger value of F(®) indicates better validation performance because lower queue length, waiting
time, stops, and switching penalty lead to a higher fitness value. During BAS optimization, the beetle position
represents a candidate parameter vector. The fitness values of the left and right antennae are evaluated, and
the beetle position is updated toward the direction with a higher fixed-weight validation score. This process
is repeated until the termination condition is satisfied, and the optimal parameter vector ®* is obtained.

It should be noted that w, is used as a reward-shaping coeflicient in the DQN reward formulation, but it
is not treated as an independent additive bonus in the BAS fitness evaluation. Therefore, moving w, toward
its boundary cannot improve the BAS fitness by itself. A candidate value of w, is retained only when the
corresponding parameter vector leads to improved traffic performance in validation rollouts.

During online deployment, BAS is no longer executed. The trained DQN network parameters 6* and
the optimized control-weight vector ®* are deployed together for real-time signal control. For each decision
step, the DQN network outputs the action-value function Q(s;, a; 6*) for each candidate phase. Meanwhile,
the Type-2 fuzzy module calculates the fuzzy correction term @, (a), and the coordination module calculates
the pressure-related priority P;(a). The fused action score is defined as

Q(sr,a) = Q(sr,3;0%) + wsDy(a) + w,pPi(a), (7)

where ®,(a) represents the uncertainty-aware fuzzy correction for action a, and P;(a) represents the
regional coordination or pressure priority. The final signal action is selected by

a; = argmax Q(ss,a). (8)

After the action is selected, the corresponding phase and green time are executed in the traffic
environment. Therefore, the proposed framework does not deploy a static Type-2 fuzzy controller alone.
Instead, the online controller consists of the trained DQN network, the optimized control-weight vector ®*,
and the coordination pressure module. This structure allows the controller to maintain the adaptive learning
ability of DQN while improving robustness through Type-2 fuzzy uncertainty modeling and BAS-based
parameter optimization.

The detailed procedure of the proposed T2-BAS-DQN framework is summarized as follows.

Step 1: Inspect the traffic network and collect traffic state variables, including queue length, waiting time,
current signal phase, and neighboring-intersection queue information.

Step 2: The Type-2 fuzzy module is initialized, and the three scalar control weights w > @, and w p are
encoded as the low-dimensional parameter vector to be optimized.

Step 3: Train the DQN controller through interaction with the SUMO environment. The DQN observes
the current traffic state, outputs the Q-values of candidate signal phases, selects and executes an action,
receives the reward, and updates the Q-network.

Step 4: Perform BAS-based offline parameter optimization. BAS evaluates the fixed-weight validation
fitness of different parameter combinations and updates the parameter vector according to the fitness
function.

Step 5: Deploy the trained DQN network and the optimized control-weight vector ®*. During online
control, the DQN outputs Q-values, the Type-2 fuzzy module provides uncertainty correction, and the
coordination module provides pressure priority.
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Step 6: Fuse the Q-values, fuzzy correction results, and coordination pressure information to select the
optimal phase and green time. The selected signal control action is then executed in the traffic environment.

3.3 Rationale for the Hybrid Integration of Type-2 Fuzzy Logic, BAS and DQN

The proposed T2-BAS-DQN framework is not a simple stacking of three independent techniques.
Instead, Type-2 fuzzy logic, BAS and DQN are introduced to address three different but closely related
challenges in regional traffic signal coordination, namely adaptive decision-making, uncertainty represen-
tation, and parameter optimization.

First, DQN is adopted as the basic adaptive decision-making module. In regional traffic signal control,
the traffic state changes dynamically due to stochastic vehicle arrivals, turning movements, queue dissipation,
and spillback propagation among adjacent intersections. Traditional fixed-time control cannot respond to
these real-time variations, while purely rule-based methods have limited adaptability under complex demand
fluctuations. DQN can approximate the action-value function and learn signal phase selection strategies
through interactions with the traffic environment. Therefore, DQN provides the basic learning ability for
adaptive signal control.

Second, Type-2 fuzzy logic is introduced to enhance the robustness of the DQN-based controller
under uncertain traffic conditions. In practical traffic networks, queue length, waiting time, and downstream
congestion are not deterministic variables. They are affected by stochastic vehicle arrivals, lane-changing
behavior, detector noise, and spillback effects between neighboring intersections. Compared with Type-1
fuzzy logic, Type-2 fuzzy logic uses a footprint of uncertainty to describe the uncertainty of membership
grades, making it more suitable for representing ambiguous and fluctuating traffic states. Therefore, Type-2
fuzzy logic is used to smooth the influence of traffic-state uncertainty on control decisions and improve the
stability of the controller.

Third, BAS is introduced as a lightweight parameter optimization module. The performance of a fuzzy-
reinforcement learning controller is sensitive to several key parameters, such as fuzzy control weights,
reward weights, pressure-related weights, and coordination parameters. Manually tuning these parameters
is inefficient and may lead to suboptimal performance under different traffic demand levels. BAS provides
a simple search mechanism with few control parameters and can be used to optimize a low-dimensional
parameter vector during the offline training stage. In this study, BAS is not used to search the full high-
dimensional DQN weight space. Instead, it is applied to the optimization of key fuzzy-reinforcement learning
parameters, which makes the search process computationally tractable.

It should also be clarified that the use of BAS in this study is different from predecessor optimization
strategies such as differential evolution and DNA evolutionary algorithms used in related fuzzy-control
studies. Differential evolution and DNA evolutionary algorithms are usually population-based methods,
which can provide stronger global exploration ability but may require more candidate solutions, more
hyperparameters, and higher fitness-evaluation cost. In contrast, BAS uses a simpler directional search
mechanism and is suitable for lightweight tuning when the number of optimized parameters is small.
Since the proposed framework only optimizes the low-dimensional parameter vector ® = [wy, @,, w, ], BAS
is selected as a practical optimizer to reduce manual tuning and keep the offline optimization process
computationally manageable.

In this study, BAS is selected as a lightweight design choice for low-dimensional parameter tuning rather
than as an empirically proven superior optimizer. The optimized vector only contains three scalar weights,
namely ® = [wf, w,, w,]. Compared with population-based optimizers such as differential evolution and
DNA evolutionary algorithms, BAS has a simple directional search mechanism and fewer algorithmic control
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parameters, which makes it convenient for the proposed lightweight oftline tuning setting. Therefore, the
use of BAS should be understood as a design rationale for simple low-dimensional tuning, rather than
evidence that BAS generally outperforms differential evolution, DNA evolutionary algorithms, PSO, or
genetic algorithms.

However, this study does not claim that BAS is theoretically or empirically superior to differential
evolution, DNA evolutionary algorithms, PSO, or genetic algorithms in all scenarios. A complete comparison
among different metaheuristic optimizers under the same computational budget is beyond the scope of this
paper. The incremental contribution of this study lies in integrating DQN-based online decision-making,
Type-2 fuzzy uncertainty modeling, BAS-based lightweight parameter tuning, and regional coordination
into a unified traffic signal control framework.

As shown in Table 3, the three components play complementary roles in the proposed framework.
DQN learns adaptive signal control policies, Type-2 fuzzy logic improves the representation of uncertain
traffic states, and BAS optimizes key parameters to enhance adaptability. The proposed T2-BAS-DQN can
thus be regarded as a hierarchical hybrid framework that integrates learning-based decision-making, fuzzy
uncertainty modeling, and bio-inspired parameter optimization for regional traffic signal coordination.

Table 3: Roles of different components in the proposed T2-BAS-DQN framework.

Component Main Function Problem Addressed
DON Learns adaptive signal control policies Limited adaptability of fixed-time and
from real-time traffic states purely rule-based signal control methods

Random traffic fluctuations, detector

Models uncertain traffic states and .
uncertainty, and unstable traffic-state

Type-2 logi
ype-2 tuzzy logic smooths control decisions

evaluation

Manual parameter tuning and limited
Optimizes key fuzzy-reinforcement P 5

BAS . parameter adaptability under different
learning parameters
demand levels
Exchanges queue and pressure Lack of cooperation and spillback
Coordination . g q .p . P . P
. information among neighboring awareness among independent
mechanism . ¢ . .
intersections intersection controllers

3.4 Implementation Details and Training Procedure

To improve the reproducibility of the proposed T2-BAS-DQN framework, this subsection provides
detailed implementation settings, including agent configuration, state representation, action space, reward
function, DQN network architecture, training configuration, BAS optimization parameters, convergence
criterion, and computational complexity. These details are added to make the training and evaluation
procedure clear and reproducible.

In the proposed regional traffic signal control framework, each signalized intersection is modeled as one
DQN agent. Therefore, for the 3 x 3 synthetic road network, the number of agents is 9. Each agent observes its
local traffic state and neighboring-intersection coordination information. The agents share the same network
architecture and training hyperparameters, while each agent selects actions according to its own local state.
Neighboring queue and pressure information is exchanged to support regional coordination.
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At each decision step t, the state of intersection i is defined as
si=[Q0 W/ PLGLQuei ] ©)

where Q! denotes the queue length of each signal phase at intersection i, W, denotes the accumulated waiting
time of each phase, P/ denotes the current signal phase, G! denotes the elapsed green time of the current
phase, and Q;,; , denotes the queue information from neighboring intersections. This state representation
enables each agent to consider both local traffic conditions and regional congestion propagation.

The action space is defined according to the four-phase signal control structure used in the simulation
network. Each action corresponds to selecting or maintaining one of the four candidate signal phases:

A= {al,az,dg,, 04}, (10)

where a; denotes the east-west through phase, a, denotes the east-west left-turn phase, as denotes the
north-south through phase, and a, denotes the north-south left-turn phase. To avoid frequent phase
switching and ensure traffic safety, the selected action is constrained by the minimum green time and yellow
transition time. In the implementation, the selected action can be interpreted as either maintaining the
current phase or switching to another candidate phase when the minimum green-time constraint is satisfied.

The reward function is designed to reduce queue accumulation, vehicle waiting time, stop frequency;,
and unnecessary phase switching. To explicitly incorporate the reward adjustment weight optimized by BAS,
for intersection i, the local reward at decision step t is defined as

ri(@)) :—(chi+[3Wti+qS§+AH£+w,Cf), (11)

where Q! is the total queue length, W, is the total waiting time, S! is the number of vehicle stops, H! is the
phase-switching penalty, and C! denotes the congestion degree estimated by the Type-2 fuzzy module. The
coefficients «, f3, 7, and A are weighting parameters used to balance different optimization objectives. The
term w, C! represents the fuzzy reward adjustment term, where w, is optimized by BAS to tune the influence
of the uncertainty-aware congestion evaluation on the reinforcement learning reward. This term is used for
reward shaping during DQN training. It is not directly used as an independent additive term in the BAS
fitness evaluation.

The regional reward is obtained by averaging the local rewards of all signalized intersections:

N

R,(0) = -3 ri(©), 1)
N3

where N is the number of controlled intersections. In this study, N = 9 for the 3 x 3 synthetic road network.

Therefore, the optimized parameter vector ® = [wy, w,, w,] affects the hybrid controller in two ways: w, is

used as a reward-shaping coefficient during DQN training, while w; and w, affect the fused action score

during online phase selection. During BAS-based validation, candidate parameter vectors are evaluated using

the fixed-weight traffic-performance score defined in Eq. (15), rather than an independent additive reward

term containing w,.

The DQN is used to approximate the action-value function Q(s, a; 0), where 6 denotes the parameters
of the online Q-network. A target network with parameters 0 is used to calculate the target Q-value and
improve the stability of training. Since the scalar reward used in the DQN update is the regional reward
R;(®), the loss function of DQN is defined as
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2
L(6;0)=E [(Rt(@)) + ymgXQ(sm,a’; 07) — Q(ss at;G)) :| , (13)

where y is the discount factor, s; and s, are the current and next states, a, is the selected action, and a’
denotes the candidate action at the next state. In this formulation, w, participates in the DQN learning
process through the reward signal R;(®). During BAS-based validation, however, the candidate parameter
vector is evaluated using the fixed-weight traffic-performance score rather than the raw cumulative reward
containing an independent additive w,C! term.

The detailed DQN architecture used in this study is listed in Table 4. The input dimension depends on
the number of state variables used for each intersection agent, while the output dimension is equal to the
number of candidate signal phases.

Table 4: DQN network architecture.

Item Setting
Queue length of each phase, waiting time of each phase, current
Input variables phase, elapsed green time, and neighboring-intersection queue
information
Input dimension Dimension of s’ defined in Eq. (9)
Network type Fully connected neural network
Number of hidden layers 2
Number of neurons per hidden layer 64
Activation function ReLU
Output dimension 4 candidate signal phases
Output meaning Action-value estimates Q(s’, a; 6) for candidate signal phases
Optimizer Adam
Loss function Mean squared temporal-difference error

The training configuration is summarized in Table 5. The simulation is implemented in SUMO through
the Traffic Control Interface (TraCI)-Python interface. The car-following model adopts the default Krauss
model in SUMO unless otherwise specified. All learning-based methods are trained and evaluated under
the same simulation horizon, decision interval, signal phase constraints, and random seeds to ensure
fair comparison.

Table 5: Training and simulation configuration.

Parameter Value
Simulation platform SUMO with TraCI-Python interface
SUMO version SUMO 1.21.0
Car-following model Krauss model
Number of agents 9 DQN agents for the 3 x 3 network

One agent per signalized intersection with

A .
gent setting neighboring-information exchange
Training episodes 1000
Simulation horizon 2000 steps

(Continued)
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Table 5 (continued)

Parameter Value
Decision interval 5s
Replay buffer size 10,000
Batch size 64
Learning rate 0.001
Discount factor y 0.99
Target network update interval 100 steps
Initial exploration rate ¢ 1.0
Minimum exploration rate &p;p 0.05
Exploration decay rate 0.995
Minimum green time 9s
Maximum green time for
60s
through phases
Maximum green time for
40s
left-turn phases
Yellow time 3s
Random seeds 1-10

In the proposed framework, BAS is used during offline training to optimize a low-dimensional
parameter vector related to fuzzy correction, reward adjustment, and coordination pressure. The optimized
parameter vector is defined as

0= [wf, wr,wp], (14)

where wy denotes the fuzzy correction weight, w, denotes the fuzzy reward adjustment weight, and w,
denotes the coordination pressure weight. BAS is not used to search the full high-dimensional DQN weight
space. Instead, it optimizes the key parameters of the fuzzy-reinforcement learning controller, which reduces
computational cost and improves parameter adaptability.

The fitness function of BAS is defined according to the traffic performance obtained in validation
rollouts rather than the raw cumulative reward containing the tunable coeflicient w,. For a given parameter
vector O, the validation fitness over M validation episodes is calculated as

M
F(®) = —% Z—:1 (EQG +m(0) + EywW * m(0) + &S + m(©) + EyH » m(@))) , (15)

where M is the number of validation episodes. Q * m(®), W * m(®), S * m(®), and H * m(®) denote
the average queue length, average waiting time, number of stops, and phase-switching penalty obtained
in the m-th validation episode under parameter vector ®, respectively. The coefficients &q, &w, &5, and
&y are fixed validation weights and are not optimized by BAS. A larger value of F(®) indicates better
validation performance because lower queue length, waiting time, stops, and switching penalty lead to a
higher fitness value.

It should be noted that w, is used as a reward-shaping coefficient in the DQN reward formulation, but it
is not treated as an independent additive bonus in the BAS fitness evaluation. Therefore, moving w, toward
its boundary cannot improve the BAS fitness by itself. A candidate value of w, is retained only when the
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corresponding parameter vector leads to improved traffic performance in validation rollouts. The detailed
BAS parameter settings are listed in Table 6.

Table 6: BAS optimization parameters.

Parameter Value
Optimized parameter vector 0 =[wf, wr, wp]
Dimension of search space 3
Number of beetles/candidate solutions 1 beetle with antenna-based directional search

Maximum number of BAS iterations 50
Initial antenna length d, 1.0

Initial step size & 0.5

Antenna length decay factor 0.95

Step size decay factor 0.95

Parameter boundary handling Clipping to predefined bounds

Fixed-weight validation score based on queue length, waiting

Fitness evaluation ) L
time, stops, and phase-switching penalty

Number of validation episodes for

. 1-3
each fitness evaluation
Optimization objective Maximize F(©)
Termination condition Maximum iterations or fitness convergence

The complete training procedure consists of five stages. First, the SUMO network, route files, signal
phases, vehicle detectors, and neighboring-intersection relationships are initialized. Second, each DQN agent
observes the traffic state from the SUMO environment through the TraCl interface and selects signal actions
according to the e-greedy strategy during training. Third, the transition samples are stored in the replay
buffer, and the DQN parameters are updated using mini-batch training. The target network is synchronized
with the online network at a fixed interval. Fourth, BAS evaluates candidate parameter vectors according to
the fixed-weight validation fitness and updates the parameter vector . Fifth, after training and optimization
are completed, the trained DQN network and the optimized control-weight vector ®* are deployed for online
signal control.

The convergence of training is evaluated using the moving average cumulative reward. Let R; denote
the average reward over the latest K, episodes. The training process is regarded as converged when

R - Rix,| < &6 (16)

where ¢, is the convergence threshold. If the convergence condition is not satisfied, the training process stops
when the maximum number of training episodes is reached.

The complete training procedure of the proposed T2-BAS-DQN framework is summarized in Algo-
rithm 1. It should be noted that BAS only optimizes the low-dimensional parameter vector ©® = [wy, @,, w, ],
while the DQN network parameters 0 are updated by the temporal-difference loss.
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Algorithm 1: Training and offline optimization procedure of T2-BAS-DQN

Input: SUMO environment, Type-2 fuzzy module, DQN hyperparameters, BAS parameters
Output: Trained DQN parameters 8" and optimized parameter vector ©*
1: Initialize the SUMO environment, signal phases, detectors, DQN networks, replay buffer D, and
parameter vector ® = [w¢, w,, w,].
2: Stage 1: DQN training

3: for each training episode do

4 Observe traffic state s;, calculate Q(s;, a; 8), Type-2 fuzzy correction ®,(a), and pressure
priority P;(a).

5: Select and execute action a, using the fused action score and the e-greedy strategy.

6: Obtain reward r;(®) and next state s;,1, and store transition (s;, a;, 7:(©), s;41) in D.

7: Update 6 by minimizing the temporal-difference loss and periodically update the target
network 6°.

8: end for

9: Obtain the trained DQN parameters 8* and freeze them.
10: Stage 2: BAS-based offline parameter optimization
11: for each BAS iteration do
12: Generate candidate parameter vectors ® using BAS.
13: Evaluate each candidate ® through validation rollouts with fixed DQN parameters 6*.
14: Calculate the fitness value F(®) using the fixed-weight validation score defined in Eq. (15).
15: Update the BAS position according to the fitness value.
16: end for
17: Obtain the optimized parameter vector ®@*.
18: Stage 3: Online deployment
19: Deploy 68" and ®* for online signal control.
20: During online deployment, BAS is no longer executed; the action is selected by

a; = argmax, [Q(st, 3;0%) + wi®,(a) + w;Pt(a)] .

It should be noted that the DQN network is trained once in Stage 1. During the BAS optimization stage,
the DQN parameters 6* are fixed, and BAS only evaluates different low-dimensional parameter vectors ®
through validation rollouts. Therefore, the DQN training cost and the BAS validation cost are additive rather
than multiplicative, which is consistent with the computational complexity analysis presented later.

3.4.1 Computational Complexity

The computational cost of the proposed framework mainly consists of DQN training and BAS-based
parameter optimization. For DQN training, the main computational cost comes from the forward and
backward propagation of the neural network. If the number of training episodes is denoted as E, the number
of decision steps in each episode is denoted as T, the batch size is denoted as B, and the number of DQN
network parameters is denoted as |6|, the approximate training complexity can be expressed as

O(ETBJ9)). 17)

For BAS optimization, suppose that the number of BAS iterations is K and each fitness evaluation runs
M validation episodes. The additional offline optimization complexity can be approximately expressed as

O(KMT). (18)
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Therefore, the total offline training complexity of the proposed framework can be written as
O(ETB|O| + KMT). (19)

It should be noted that BAS optimization is performed in the offline parameter-optimization stage after
DQN training. During this stage, the trained DQN parameters are fixed, and BAS only evaluates different
low-dimensional parameter vectors through validation rollouts. During online deployment, BAS is no longer
executed; the controller only needs to perform traffic state observation, Type-2 fuzzy inference, one forward
pass of the trained DQN network, and fused action selection. Therefore, the online computational cost
remains acceptable for real-time traffic signal control.

This implementation is consistent with Algorithm 1: the DQN is trained once, and BAS is subsequently
performed using validation rollouts with fixed DQN parameters. Therefore, the total offline complexity is
additive rather than multiplicative and can be expressed as Eqs. (17)-(19).

3.4.2 Reproducibility Statement

To further support reproducibility, the main methodological elements required for implementation
have been summarized in Tables 4-6, including the state representation, action space, reward function,
DQN architecture, training hyperparameters, BAS optimization parameters, number of agents, random
seeds, and simulation settings. At the time of submission, the SUMO network files, route files, additional
files, controller scripts, and configuration files have not yet been deposited in a public repository. These
materials can be provided by the corresponding author upon reasonable request for academic verification.
Exact numerical reproduction of the reported results requires these materials, including the SUMO network,
route files, random seeds, controller implementation, hyperparameter configuration, and evaluation scripts.
A public repository with anonymized simulation artifacts will be considered after publication or after
institutional approval.

4 Experiment and Result Analysis
4.1 Experimental Setup and Compared Methods

To evaluate the performance of the proposed T2-BAS-DQN algorithm for regional multi-intersection
traffic signal coordination, a simulation environment was constructed in the SUMO platform, and the
interaction between the control algorithm and the traffic simulation environment was implemented through
the TraCI-Python interface. The simulation scenario is based on a 3 x 3 regional road network, as shown
in Fig. 5. The network contains 9 signalized intersections and 24 road sections. Each road section contains
three lanes, and the average segment length is approximately 400 m. The vehicle maximum speed is
set to 60 km/h.

The turning probabilities are configured according to the traffic flow design, where the probability of
left turn is 12.5%, the probability of going straight is 75%, and the probability of right turn is 12.5%. The main
traffic parameters of the experimental road network are summarized in Table 7.
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Figure 5: SUMO simulation area intersection simulation interface.

Table 7: Traffic parameters of the experimental road network.

Traffic Parameter Value
Number of intersections 9
Number of lanes per road section 3
Number of road sections 24
Average segment length 400 m
Traffic volume 2000 veh/h
Probability of turning left 12.5%
Probability of going straight 75%
Probability of turning right 12.5%
Maximum speed limit 60 km/h

To provide a comprehensive comparison, five control methods are selected in the main experiments:
Fixed-Time, Max-Pressure, CoLight, DQN, and the proposed T2-BAS-DQN. Fixed-Time is used as a
conventional non-adaptive signal timing baseline. Max-Pressure is introduced as a representative analytical
pressure-based signal control method, which determines signal priority according to queue pressure and
movement competition. CoLight is adopted as a representative multi-agent reinforcement learning baseline
for regional signal coordination. DQN is used as the basic deep reinforcement learning baseline without
Type-2 fuzzy uncertainty modeling or BAS-based parameter optimization. The proposed T2-BAS-DQN
integrates DQN-based online decision-making, Type-2 fuzzy uncertainty correction, BAS-based offline
parameter optimization, and regional coordination information.
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It should be noted that Type-2-FDQN is used in the component contribution analysis rather than in the
main baseline comparison. Specifically, DQN, Type-2-FDQN, and T2-BAS-DQN are compared to evaluate
the incremental contribution of the Type-2 fuzzy module and the BAS-based parameter optimization
module. In the main comparison experiments, Max-Pressure and CoLight are added to cover representative
analytical pressure-based control and multi-agent reinforcement learning baselines. PressLight and MPLight
are also important pressure-based multi-agent reinforcement learning methods. However, they require
specific network-wide multi-agent training settings and pressure-based reward designs that are different
from the current implementation framework. Therefore, they are left for future comparative studies.

To ensure a fair comparison, all control methods are evaluated under the same SUMO network, traffic
demand, simulation horizon, decision interval, and random seeds. For learning-based methods, the same
state representation, action space, reward indicators, and evaluation protocol are adopted unless otherwise
specified. The performance indicators reported in the experimental tables are obtained during the evaluation
stage after model training or parameter optimization is completed.

For the learning-based baselines, the implementation settings were kept consistent as much as possible.
DQN used the state representation defined in Eq. (9), including queue length, waiting time, current signal
phase, elapsed green time, and neighboring-intersection queue information. The action space followed the
four-phase signal control structure defined in Eq. (10). The reward function was defined by the local reward
and regional reward formulations in Eqgs. (11) and (12), respectively. The DQN network adopted the fully
connected architecture summarized in Table 4. The training hyperparameters, including the number of
training episodes, learning rate, discount factor, replay buffer size, batch size, exploration strategy, minimum
green time, yellow time, and random seeds, followed the common settings in Table 5.

CoLight was implemented as a graph-attention-based multi-agent reinforcement learning baseline
under the same SUMO-TraCl interface. The road-network adjacency relationship was used to construct the
coordination graph, and neighboring-intersection information was aggregated through the attention-based
coordination module. To avoid introducing additional differences from the reward or action design, CoLight
used the same action space, reward indicators, training episodes, learning rate, and random seeds as the other
learning-based methods. The proposed T2-BAS-DQN used the same DQN architecture and basic training
configuration, while additionally incorporating Type-2 fuzzy correction, coordination pressure priority,
and BAS-based offline optimization of the low-dimensional parameter vector ® = [wy, @, w,]. During
BAS optimization, the trained DQN parameters were fixed, and different parameter vectors were evaluated
through validation rollouts. Unless otherwise specified, the hyperparameters of the learning-based baselines
were reused from the common settings in Table 5, while only the method-specific modules, such as Type-2
fuzzy correction, graph-attention coordination, and BAS-based parameter optimization, were changed.

The proposed T2-BAS-DQN introduces an additional BAS-based offline parameter optimization stage.
Therefore, the additional optimization cost should be distinguished from the online control performance.
In this study, traffic performance and computational cost are reported separately. The traffic performance
indicators, such as average queue length, average waiting time, average speed, and number of stops, are
used to evaluate the final control effect under the same testing scenarios. The training and optimization
cost comparison is summarized in Table 8. Since BAS is not executed during online deployment, the online
control process of T2-BAS-DQN mainly includes traffic state observation, one DQN forward pass, Type-2
fuzzy inference, and fused action selection.
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Table 8: Training and optimization cost comparison of different methods.
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4.2 Training Performance and Component Contribution Analysis

To evaluate the learning performance of the reinforcement-learning-based methods, the average
cumulative reward values of DQN, Type-2-FDQN, and T2-BAS-DQN during the training process are
compared, as shown in Fig. 6.

Average reward value

—20 4

—40 4

—60 4

—80 4

—-100

—— DQN
— Type-2-FDQN
—— T2-BAS-DQN

200 400

600

Number of trainings

1
800 1000

Figure 6: Average reward value during training.

As shown in Fig. 6, DQN has a relatively low reward value in the early training stage and shows obvious
fluctuations during the learning process. This is mainly because the basic DQN method relies on the original
Q-network to explore the action space, and its exploration efficiency is limited when the traffic state changes
dynamically. Compared with DQN, Type-2-FDQN introduces Type-2 fuzzy logic into the reinforcement
learning framework, which improves the representation ability of uncertain traffic states and enhances the
stability of the learning process.
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The proposed T2-BAS-DQN further combines Type-2 fuzzy control and BAS-based parameter opti-
mization. The reward value increases faster and gradually converges to a higher level, indicating that
the BAS optimization mechanism can improve the parameter adaptability of the controller and help the
reinforcement learning model find a better control strategy. Therefore, the comparison among DQN,
Type-2-FDQN, and T2-BAS-DQN can also reflect the contribution of the Type-2 fuzzy module and BAS
optimization module.

To further analyze the contribution of different modules, the performance of DQN, Type-2-FDQN,
and T2-BAS-DQN is compared in Fig. 7. DQN is regarded as the basic reinforcement learning controller.
Type-2-FDQN adds the Type-2 fuzzy module on the basis of DQN, while T2-BAS-DQN further introduces
BAS-based parameter optimization. From the comparison results, Type-2-FDQN improves the performance
of DQN in most indicators, which indicates that Type-2 fuzzy logic can enhance the robustness of the
controller under stochastic traffic conditions. T2-BAS-DQN further reduces queue length and waiting time
or maintains competitive performance, showing that BAS optimization contributes to better parameter
adjustment and more stable phase decision-making.
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Figure 7: Component contribution comparison of DQN, Type-2-FDQN and T2-BAS-DQN.

4.3 Performance Comparison under the Same Traffic Flow

To further compare the control performance of different algorithms under the same traffic demand,
Fixed-Time, Max-Pressure, CoLight, DQN, and T2-BAS-DQN are evaluated under the same traffic flow
condition.
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To reduce the influence of randomness caused by vehicle generation and reinforcement learning
training, each control method was independently evaluated over N = 10 runs using random seeds 1-10. The
results are reported in the form of mean + standard deviation, which reflects both the average performance
and the fluctuation range of each algorithm. Since the same traffic flow condition was used for all compared
methods, the statistical comparison can more reliably reflect the robustness and stability of different control
strategies. The detailed statistical results are summarized in Table 9.

Table 9: Statistical performance comparison of different control algorithms under the same traffic flow.

Evaluation Indicator Fixed-Time Max-Pressure CoLight DQN T2-BAS-DQN

Average queue length (vehicles) 23.55+118 1720 +0.65 1752+0.72 20.88 +0.93  16.61 + 0.56
Average waiting time (s) 5216 £2.40 38.60+£1.32 39.12+145 44.91+1.88 3715+ 131
Average speed (m/s) 6.22 +£0.22 9.18 + 0.18 9.05+0.20 7.63+0.24 9.36 +£ 0.15

As shown in Table 9, compared with Fixed-Time, all adaptive and coordination-based methods improve
the overall traffic operation performance to different degrees. Fixed-Time produces the largest queue length
and waiting time, indicating that static signal timing cannot adapt to real-time traffic fluctuations. DQN
reduces the average queue length and waiting time compared with Fixed-Time, showing that reinforcement
learning can improve adaptive phase decision-making. However, the relatively larger standard deviation of
DQN indicates that its control performance is still affected by stochastic traffic states.

Max-Pressure achieves better performance than DQN by directly considering queue imbalance and
movement pressure. CoLight further improves regional signal coordination through multi-agent informa-
tion interaction. Compared with these baselines, T2-BAS-DQN achieves the lowest average queue length and
waiting time, as well as the highest average speed. In addition, its standard deviation remains relatively small,
indicating that the proposed method not only improves the average control performance but also maintains
better stability under repeated simulations. These results suggest that the combination of DQN-based
online decision-making, Type-2 fuzzy uncertainty correction, BAS-based offline parameter optimization,
and regional coordination can improve the robustness and adaptability of regional traffic signal control.

The dynamic variation of average queue length under the same traffic flow is shown in Fig. 8. At the
beginning of the simulation, the number of vehicles in the road network is small, and the average queue
length of all methods remains close to zero. As vehicles continuously enter the network, the queue length
gradually increases. During the congested period, Fixed-Time produces the highest queue accumulation
because its signal timing cannot respond to real-time traffic fluctuations. DQN reduces the queue length to a
certain extent, but its queue dissipation ability is still limited. Max-Pressure reduces queue accumulation by
considering queue pressure, while CoLight improves the coordination among intersections through multi-
agent information interaction. Compared with these methods, T2-BAS-DQN maintains a lower queue level
during the congested stage and shows better queue dissipation ability in the later stage.
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Figure 8: Average queue length under the same traffic flow.

Fig. 9 shows the variation of average speed under the same traffic flow. At the early stage of simulation,
the road network is relatively uncongested, and all methods maintain a relatively high speed. With the
increase of vehicles in the network, queue accumulation and stop-and-go behavior gradually reduce the
average speed. Fixed-Time has the lowest speed during most of the simulation process, indicating poor
adaptability to dynamic traffic demand. DQN improves the average speed compared with Fixed-Time, but
the speed curve still fluctuates. Max-Pressure improves the average speed by reducing queue pressure, while
CoLight shows better speed maintenance ability through regional coordination. T2-BAS-DQN maintains a
relatively high speed in the middle and later stages, indicating that the proposed method can improve vehicle
progression and reduce stop-and-go behavior.
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Figure 9: Average speed under the same traffic flow.

4.4 Demand Generalization under Different Traffic Flows

To evaluate the adaptability of different algorithms under varying traffic demand levels, comparative
experiments are conducted under three traffic flow conditions: 1000, 2000, and 3000 veh/h. These three
demand levels represent light, medium, and heavy traffic conditions, respectively. Compared with the single-
demand evaluation in Section 4.3, this experiment further examines whether each control strategy can
maintain stable performance when traffic demand changes. In this subsection, Fixed-Time, Max-Pressure,
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CoLight, DQN, and T2-BAS-DQN are treated as the main comparison methods. Type-2-FDQN is retained
only as a component-analysis reference to examine the contribution of the Type-2 fuzzy module without
BAS-based parameter optimization. The average queue length and average waiting time under different traffic
flows are shown in Figs. 10 and 11, respectively.
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Figure 10: Average queue length under different traffic flows
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Figure 11: Average waiting time under different traffic flows.

As shown in Fig. 10, under the low-demand condition of 1000 veh/h, the queue lengths of all methods
are relatively small, indicating that the road network is not heavily congested. When the traffic demand
increases to 2000 and 3000 veh/h, the differences among different control methods become more significant.
Fixed-Time and DQN show larger queue accumulation because they either lack real-time adaptability or have
limited coordination ability. Max-Pressure reduces queue accumulation by considering queue imbalance and
pressure differences among competing traffic movements. CoLight improves regional coordination through
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multi-agent information interaction. Compared with Fixed-Time, Max-Pressure, CoLight, and DQN, T2-
BAS-DQN achieves lower or competitive queue length under medium and high traffic demands, indicating
that the hybrid framework can maintain demand adaptability in the tested scenarios.

As shown in Fig. 11, the average waiting time increases as the traffic demand rises for all compared
methods. Fixed-Time shows the fastest increase because it cannot adapt signal timing to real-time traffic
fluctuations. DQN reduces waiting time compared with Fixed-Time, but its performance becomes less stable
under high demand due to limited coordination and uncertainty handling. Max-Pressure and CoLight
achieve better waiting-time control by using pressure-based phase selection and multi-agent coordination,
respectively. Compared with these main baselines, T2-BAS-DQN shows lower or competitive waiting time
under medium and high traffic demands. This result suggests that the integration of Type-2 fuzzy uncertainty
modeling, BAS-based offline parameter optimization, and regional coordination can help improve the
adaptability of the controller under increasing traffic demand.

Overall, the results under 1000, 2000, and 3000 veh/h indicate that the proposed T2-BAS-DQN
method maintains competitive performance under different demand levels. Under low traffic demand, the
performance differences among the methods are relatively small because the road network is not saturated.
As the traffic demand increases, the limitations of Fixed-Time and the basic DQN become more obvious,
while CoLight, Type-2-FDQN, and T2-BAS-DQN show better adaptability to increasing traffic pressure.
In particular, T2-BAS-DQN maintains lower or competitive queue length and waiting time under medium
and high traffic demands, suggesting that the proposed hybrid framework can improve demand adaptability
in the tested scenarios. Nevertheless, these results mainly verify the adaptability of the proposed method
under different traffic volumes within the same network structure, and further validation on larger and more
heterogeneous networks is still required.

Therefore, the demand-generalization experiment should be interpreted from two perspectives. The
main comparison evaluates T2-BAS-DQN against Fixed-Time, Max-Pressure, CoLight, and DQN. The
component contribution of Type-2-FDQN is discussed separately in Section 4.2 and is not included in this
demand-generalization figure set.

4.5 Performance on the Real-Geometry Road Network

To further evaluate the applicability of the proposed method under more realistic road topology and
turning-movement conditions, a SUMO simulation scenario was constructed based on real-world road
geometry and field-calibrated traffic demand. It should be emphasized that this experiment is not a field
deployment test, but a simulation with real-world geometry and demand calibration. The road network
contains nine key signalized intersections located in Jiangning District, Nanjing, China. The distribution of
these intersections is shown in Fig. 12.

The traffic flow data used for demand calibration were collected through field surveys on 21 February
2025. The survey recorded the through, left-turn, and right-turn vehicle volumes at each approach of the
nine intersections. These field-count data were then used to calibrate the turning ratios and route inputs in
SUMO, so that the simulation could better reflect realistic traffic demand patterns rather than relying only
on synthetic traffic flows. The detailed field traffic counts are summarized in Table 10.
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Table 10: Field-count traffic volumes used for real-geometry demand calibration.

Number of Left Number of Number of
Intersection Name Import Lanes Turns Proceed Straight ~ Right Turns
(vehicles) (vehicles) (vehicles)
Wenjing South import 88 203 115
Road—Tushan Road North import 97 162 171
(Intersection I) West import 121 137 106
East import 91 125 118
Shangyuan South import 201 402 159
North import 187 396 105
Street-Zhushan Road .

(Intersection II) West .1mport 132 471 160
East import 159 526 172

(Continued)
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Table 10 (continued)

Number of Left Number of Number of
Intersection Name Import Lanes Turns Proceed Straight ~ Right Turns
(vehicles) (vehicles) (vehicles)
South i t 97 210 71
Gold Leaf Ot POt
North import 72 149 106
Road-Zhushan Road :
(Intersection IIT) West import 60 114 55
East import 83 131 102
Wenjing South import 61 327 72
Road-Dongxin South North import 59 283 51
Road (Intersection West import 48 155 57
Iv)> East import 64 130 56
Shan N South import 77 315 58
a gyug North import 56 321 47
Street-Dongxin South ,
Road (Intersection V) West import 7 o08 i
East import 82 552 76
Gold Leaf South import 76 303 60
Road-Dongxin South North import 69 319 77
Road (Intersection West import 81 102 79
VI) East import 98 164 92
Weniin South import 66 895 81
Yeryng North import 47 806 66
Road-Tianyin Avenue _
(Intersection VII) West import 96 132 43
East import 102 179 52
Shangyuan South import 130 818 71
Street-Tianyin North import 135 775 53
Avenue (Intersection West import 131 482 96
VIII) East import 127 451 132
hi
Gold Leaf Sout 1.mport 77 798 57
L North import 62 856 49
Road-Tianyin Avenue ,
(Intersection IX) West import 93 147 90
East import 89 156 83

The same reward function, training protocol, and hyperparameter settings as those used in the
synthetic-network experiments were adopted in this real-geometry simulation, unless otherwise specified.
This setting ensures that the comparison focuses mainly on the influence of road topology and field-
calibrated demand rather than changes in algorithm configuration.

The performance comparison in the real-geometry simulation scenario is shown in Table 11. To keep
the statistical reporting consistent with the synthetic-network experiment, each method was evaluated over
N =10 independent runs using random seeds 1-10. The results are reported as mean + standard deviation.
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This setting allows the robustness of different control methods to be compared under the same real-geometry
road network and field-calibrated demand.

Table 11: Statistical performance comparison in the real-geometry simulation scenario.

Evaluation Indicator DQN Type-2-FDQN CoLight T2-BAS-DQN
Average speed (m/s) 10.95 £ 0.23 11.77 £ 0.18 11.95 + 0.16 12.15+ 0.14
Average queue length (vehicles) 2298 £ 118 16.03 + 0.91 13.35 + 0.76 12.08 + 0.68
Average number of stops 1.56 + 0.07 1.45 + 0.05 1.42 + 0.04 1.39 + 0.04
Average waiting time (s) 39.05 + 1.72 31.22 £ 1.21 30.41+0.98 29.53 + 0.89

In terms of mean values, compared with DQN, the proposed T2-BAS-DQN increases the average
speed from 10.95 to 12.15 m/s, reduces the average queue length from 22.98 vehicles to 12.08 vehicles,
decreases the average number of stops from 1.56 to 1.39, and reduces the average waiting time from 39.05 to
29.53 5. These results correspond to an average speed improvement of approximately 10.96%, a queue length
reduction of approximately 47.43%, a stop reduction of approximately 10.90%, and a waiting-time reduction
of approximately 24.38%.

Compared with CoLight, T2-BAS-DQN also shows slightly better mean values in the real-geometry
simulation scenario. Specifically, the average speed increases from 11.95 to 12.15 m/s, the average queue length
decreases from 13.35 vehicles to 12.08 vehicles, the average number of stops decreases from 1.42 to 1.39, and
the average waiting time decreases from 30.41 to 29.53 s. However, the margins over CoLight are relatively
modest. Therefore, these results should be interpreted as simulation evidence under the tested setting rather
than a statistically conclusive demonstration of general superiority.

As shown in Table 11, the real-geometry simulation results further indicate that the proposed method
is not limited to the regular synthetic grid network. Compared with DQN, T2-BAS-DQN achieves clear
improvements in all four indicators, including higher average speed, shorter average queue length, fewer
stops, and lower average waiting time. Compared with CoLight, T2-BAS-DQN also shows slightly better
mean values, with the average speed increasing from 11.95 to 12.15 m/s, the average queue length decreasing
from 13.35 vehicles to 12.08 vehicles, the average number of stops decreasing from 1.42 to 1.39, and
the average waiting time decreasing from 30.41 to 29.53 s. These results suggest that the integration of
Type-2 fuzzy uncertainty modeling, BAS-based parameter optimization, and regional coordination can
provide competitive simulation performance under a more complex road topology and field-calibrated
traffic demand.

However, the performance margins over strong baselines such as CoLight are relatively modest.
Therefore, the results should be interpreted as simulation evidence under the tested real-geometry scenario
rather than a statistically conclusive demonstration of general superiority. It should also be noted that this
experiment has several limitations. First, the experiment remains a SUMO-based simulation rather than
an on-road deployment. Second, the demand calibration is based on field-count data collected on a single
day, which does not fully reflect day-of-week, weather, seasonal, or incident-related variations. Third, the
currently deployed signal timing plans at these intersections were not available, and therefore a direct
comparison with the actual field control system was not conducted. These limitations will be addressed in
future work by collecting multi-day traffic data, conducting statistical significance analysis, and cooperating
with traffic management agencies to obtain deployed signal timing plans.
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4.6 Discussion on Scalability, Generalization and Deployment Limitations

The experimental results in Sections 4.3-4.5 demonstrate the effectiveness of the proposed T2-BAS-
DQN method from three perspectives: performance comparison under the same traffic flow, adaptability
under different traffic demand levels, and simulation evaluation on a real-geometry road network. The results
under 1000, 2000, and 3000 veh/h show that the proposed method can maintain competitive performance
when traffic demand changes. In addition, the real-geometry simulation calibrated with field traffic counts
further indicates that the proposed method is not limited to a regular synthetic grid network.

From the perspective of scalability, the proposed framework adopts a regional multi-intersection control
structure. Each intersection agent mainly uses local traffic states and neighboring-intersection information
for decision-making. Therefore, when the network size increases, additional intersections can be incor-
porated by adding corresponding local agents and neighbor-based coordination links. This decentralized
observation and local coordination mechanism provides a basis for extending the method to larger networks.

However, several limitations should also be acknowledged. First, the current experiments are mainly
conducted on a 3 x 3 regional network. Although different traffic demand levels are considered, these
experiments mainly verify demand adaptability within the same network structure and do not fully prove
scalability to large-scale urban networks with more complex topology. Second, the real-geometry experiment
remains a SUMO-based simulation rather than an on-road deployment. The field-count data were collected
on a single day, which cannot fully reflect day-of-week, weather, seasonal, or incident-related variations.
Third, the currently deployed signal timing plans at the selected intersections were not available, and
therefore a direct comparison with the actual field control system was not conducted.

In addition, the traffic signal model in this study adopts a simplified four-phase structure, while practical
urban intersections may involve more complex phase schemes, such as dual-ring control, leading/lagging
left-turn phases, pedestrian phases, and bus priority control. Multimodal road users, including pedestrians,
cyclists, buses, and emergency vehicles, are not explicitly modeled in the current simulation. Moreover,
although BAS optimization is performed offline and does not significantly increase the online control
burden, it still introduces additional training and parameter optimization cost compared with standard
DQN-based methods.

From the perspective of fair comparison, although traffic performance and computational cost are
reported separately in this study, a strict matched-budget comparison has not yet been conducted. Specifi-
cally, DQN, CoLight, and T2-BAS-DQN are not trained under exactly the same total computational budget
because T2-BAS-DQN includes an additional BAS-based offline parameter optimization stage. Future work
will conduct matched-budget experiments and compare BAS with other metaheuristic optimizers, such
as PSO, differential evolution, genetic algorithms, and DNA evolutionary algorithms, under the same
fitness-evaluation budget.

Future work will further evaluate the proposed method on larger and more heterogeneous urban road
networks, such as 5 x 5 or city-level networks. More diverse traffic scenarios, multi-day field data, multimodal
road users, and actual deployed signal timing plans will be considered to improve the practical applicability
of the proposed framework. In addition, graph-based information aggregation and parameter-sharing multi-
agent learning can be introduced to reduce communication and training costs in large-scale regional traffic
signal control.

5 Conclusion

This study proposed a hybrid bio-inspired Type-2 fuzzy reinforcement learning framework, named T2-
BAS-DQN, for regional traffic signal coordination control under uncertain and dynamic traffic conditions.
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The proposed framework integrates DQN-based adaptive decision-making, Type-2 fuzzy uncertainty-
aware correction, BAS-based offline parameter optimization, and regional coordination information. In
the proposed method, the DQN network remains the online signal decision-making module, while the
Type-2 fuzzy module is used to smooth uncertain traffic-state fluctuations and provide correction for phase
selection. BAS is employed only in the offline parameter-optimization stage to tune a low-dimensional
parameter vector related to fuzzy correction, reward adjustment, and coordination pressure. Therefore,
the proposed method does not directly optimize the high-dimensional DQN weight space using BAS, but
combines learning-based control, fuzzy uncertainty modeling, and lightweight parameter tuning in a unified
traffic signal control framework.

Simulation experiments were conducted on a 3 x 3 regional SUMO road network under different
traffic demand levels. The results indicate that T2-BAS-DQN achieves competitive mean performance in
the tested scenarios. Compared with Fixed-Time and the basic DQN baseline, the proposed method can
reduce queue accumulation and waiting time more effectively, especially under medium and high traffic
demand conditions. Compared with Type-2-FDQN, the results show that the BAS-based offline parameter
optimization module can further improve the adaptability of the hybrid fuzzy-reinforcement learning
controller. The demand-level experiments also suggest that the proposed framework can maintain relatively
stable performance when traffic volume increases from low to high levels. Nevertheless, these experiments
are conducted within the same synthetic network structure, and the demand-generalization results should
therefore be interpreted as simulation evidence under controlled traffic conditions rather than a complete
validation across all possible network types.

In addition to the synthetic network experiments, a real-geometry SUMO simulation scenario calibrated
with field traffic counts from Jiangning District, Nanjing, was constructed to further examine the applicability
of the proposed method under a more complex road topology and field-calibrated traffic demand. Compared
with the vanilla DQN baseline in this calibrated scenario, T2-BAS-DQN reduces the average queue length
by 47.4%, decreases the average waiting time by 24.4%, and increases the average travel speed by 11.0%.
These results indicate that the proposed hybrid framework can provide useful simulation-level improvements
over the basic learning baseline. Compared with stronger baselines such as Max-Pressure and CoLight,
T2-BAS-DQN also obtains slightly better or comparable mean values in several indicators. However, the
performance margins over these strong baselines are relatively modest and may be of the same order as
the reported standard deviations. Since no formal statistical significance test is conducted in this study, the
results should be regarded as simulation evidence of the effectiveness of the proposed hybrid pipeline rather
than a statistically conclusive demonstration of general superiority.

It should also be noted that T2-BAS-DQN includes an additional offline BAS parameter-optimization
stage, whereas some baseline methods do not receive an equivalent tuning budget. Therefore, the reported
improvements reflect the performance of the complete hybrid pipeline, including offline parameter opti-
mization, rather than superiority under an equal total computational budget. In online deployment, BAS is
no longer executed, and the controller only performs traffic state observation, Type-2 fuzzy inference, one
DQN forward pass, and fused action selection. This design keeps the online computational burden acceptable
for real-time traffic signal control, while the extra optimization cost is mainly introduced during the offline
training and validation stage.

This study still has several limitations. First, all experiments are SUMO-based simulations, and no
on-road deployment or closed-loop field test has been conducted. Second, the real-geometry simulation
is calibrated using field-count data collected on a single day, which cannot fully represent day-of-week,
weather, seasonal, or incident-related traffic variations. Third, the actual deployed signal timing plans at the
studied intersections were not available, and therefore a direct comparison with the field control system
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could not be performed. Fourth, although repeated-run statistics are reported, formal significance tests
are not included. Finally, the comparison with learning-based baselines is not conducted under a strictly
matched total computational budget, because the proposed method includes an additional offline BAS
optimization stage.

Future work will focus on several aspects. First, multi-day and multi-period traffic data will be collected
to improve demand calibration and evaluate the robustness of the proposed method under more diverse
traffic conditions. Second, cooperation with traffic management agencies will be pursued to obtain deployed
signal timing plans and support comparisons with actual field control strategies. Third, larger and more
heterogeneous road networks will be used to further examine the scalability and transferability of the
proposed framework. Fourth, formal statistical significance tests and matched-budget comparisons will be
conducted to provide a more rigorous evaluation of the proposed method against strong analytical and
learning-based baselines. Finally, different metaheuristic optimizers, such as differential evolution, genetic
algorithms, particle swarm optimization, and DNA evolutionary algorithms, may be compared under the
same computational budget to further clarify the specific contribution of BAS in the proposed Type-2 fuzzy
reinforcement learning framework.
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