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Abstract Signalized intersections often lead to
unnecessary speed variations, delayed vehicle movement, and
increased energy consumption during the approach phase.
This paper presents an adaptive Green Light Optimal Speed
Advisory (GLOSA) framework developed in MATLAB/Simulink
for a signalized intersection with queue-aware and
uncertainty-sensitive operation. The proposed model
integrates a traffic signal controller, queue estimation module,
advisory speed generation logic, driver response model, and
vehicle dynamics. To improve the realism of the simulation,
queue evolution is updated using the actual simulation time,
and the advisory logic accounts for remaining distance, vehicle
speed, signal phase, remaining signal time, and queue
clearance delay. Driver behavior sensitivity is also examined
by considering cautious, normal, and aggressive response
characteristics, while signal timing uncertainty is
incorporated to study advisory behavior under non-ideal
timing information. The model is evaluated through queue
evolution, advisory and vehicle speed behavior, near-stop-line
distance response, driver-response variation, and comparative
fuel and CO, estimation. The results show that the developed
framework provides a structured and realistic basis for
evaluating adaptive GLOSA behavior under practical
operating conditions. The study highlights the influence of
queue dynamics, driver compliance, and signal timing
uncertainty on advisory tracking and overall approach
performance at signalized intersections.
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1. INTRODUCTION

Signalized intersections are critical control points in urban
traffic networks, but they often introduce unnecessary
deceleration, stopping, idling, and delayed vehicle movement
during the approach phase. These effects not only reduce
traffic flow efficiency but also contribute to increased fuel
consumption and exhaust emissions, particularly when
vehicles fail to adapt their speed appropriately to the
upcoming signal condition [4]. In recent years, Green Light
Optimal Speed Advisory (GLOSA) has emerged as a

promising approach for improving intersection approach
behavior by providing speed guidance that helps vehicles
pass through signalized intersections more smoothly. By
reducing unnecessary stopping and aggressive speed
changes, GLOSA-based strategies can support more efficient,
economical, and environmentally conscious driving behavior

[1]1-[3].

Green Light Optimal Speed Advisory (GLOSA) has been
widely studied as an intelligent transportation strategy for
improving vehicle movement near traffic signals by
recommending an appropriate approach speed. By using
signal timing information, a GLOSA system can help reduce
unnecessary stopping, smooth the vehicle trajectory, and
improve energy-efficient driving behavior. However,
practical implementation is influenced by several factors
such as queue formation near the stop line, imperfect driver
response, and uncertainty in available signal timing
information. Therefore, the performance of a GLOSA system
depends not only on advisory generation itself, but also on
how realistically surrounding traffic and driver behavior are
represented in the model.

Although GLOSA has shown strong potential for
improving signalized-intersection approach behavior,
realistic implementation requires more than basic speed
guidance. In practical conditions, vehicle movement is
influenced by queue formation near the stop line, non-
uniform driver response, and uncertainty in the available
signal timing information. If these factors are ignored, the
advisory strategy may appear effective in simulation while
not accurately representing actual approach behavior.
Therefore, a more meaningful GLOSA evaluation should
account for queue-induced delay, driver-following
sensitivity, and non-ideal timing conditions within the same
simulation framework.

In this work, an adaptive GLOSA framework is developed
in MATLAB/Simulink for a signalized intersection by
integrating queue estimation, queue-aware advisory
generation, driver response modeling, and signal timing
uncertainty analysis within a single simulation environment.
The proposed study includes queue evolution based on
actual simulation time, advisory logic influenced by queue
clearance delay and signal phase information, driver
behavior sensitivity under cautious, normal, and aggressive
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conditions, and uncertainty analysis using modified
remaining signal time. The objective of the paper is to
provide a structured simulation-based evaluation of
adaptive GLOSA behavior under more practical operating
conditions and to examine its effect on advisory tracking,
approach behavior, and comparative fuel and CO,
performance.

2. LITERATURE REVIEW

Green Light Optimal Speed Advisory (GLOSA) has been
studied as an intelligent transportation strategy for
improving vehicle movement at signalized intersections by
recommending an appropriate approach speed based on
signal timing information. Existing studies have shown that
GLOSA can reduce unnecessary stopping, smooth vehicle
approach trajectories, and improve fuel-efficient driving
behavior under controlled conditions. Many simulation-based
studies have focused on advisory speed generation using
signal phase and timing information to help vehicles pass
through intersections more efficiently. As aresult, GLOSA has
become an important research topic in the broader area of
eco-driving and intelligent traffic management [1], [4]-[6].

Recent studies have also recognized that the practical
performance of GLOSA depends on more than advisory
generation alone. Factors such as queue formation near the
stop line, variations in driver compliance, and uncertainty in
signal timing information can significantly influence the
actual response of the vehicle during the approach phase.
Therefore, simulation-based GLOSA evaluation becomes
more meaningful when these non-ideal conditions are
included in the model. In this context, the present work
focuses on integrating queue estimation, queue-aware
advisory logic, driver behavior sensitivity, and signal timing
uncertainty within a single MATLAB/Simulink framework for
a more structured and practical assessment of adaptive
GLOSA behavior [5], [6].

3. METHODOLOGY / SYSTEM MODEL
3.1 System Architecture / Model Overview

The proposed adaptive GLOSA framework is developed in
MATLAB/Simulink to represent vehicle approach behavior at
asignalized intersection under queue-aware and uncertainty-
sensitive conditions. The overall model consists of a traffic
signal controller, a queue estimation module, an advisory
speed generation block, a driver response model, and a
vehicle dynamics section. These components operate in a
closed-loop manner, where the signal and queue information
are used to generate advisory speed, the driver model
responds to that advisory, and the updated vehicle motion is
fed back to the advisory block through the remaining-
distance calculation. This structure allows the model to
represent not only advisory generation, butalso the practical
response of the vehicle under changing signal and queue
conditions.

The traffic signal controller provides the current signal
phase and remaining phase time, while the queue estimation
logic determines queue length and the corresponding queue
clearance delay. These signals are supplied to the adaptive
GLOSA advisory block, which computes the target and
applied advisory speed based on the current approach
condition. The driver response model then follows the
advisory according to the selected driver behavior
parameters, and the resulting vehicle speed is used to update
travelled distance and remaining distance to the stop line.
The overall signal flow of the proposed framework is
presented through the system flowchart, which summarizes
the interaction between signal control, queue estimation,
advisory generation, driver response, vehicle dynamics, and
performance evaluation.

Initialization:
Initial distance, initial
speed, signal cycle

parameters, and driver
settings

Traffic Signal Controller
and Queue Estimation
Module:
Determines signal phase,
remaining phase time,
queue length, and queue
clearance delay

Proposed Queue-Aware
GLOSA Advisory Algorithm:
Evaluates remaining
distance, vehicle speed,
signal phase, remaining
phase time, and queue
delay to generate
advisory speed

—

Driver Response Model:
Models advisory tracking
behavior under driver

Feedback:
Updated remaining
distance and

compliance and vehicle speed

acceleration limits

R/_J

Vehicle Dynamics and
Distance Update:
Updates vehicle speed,
travelled distance,
and remaining distance
to the stop line

Performance Evaluation:
Speed response, distance
profile, queue evolution,
fuel consumption, and
CO, estimation

Fig -1: Overall signal flow and functional structure of the
proposed adaptive GLOSA framework.

Figure 1 illustrates the overall signal flow and functional
structure of the proposed adaptive GLOSA framework. The
model begins with initialization of the main simulation
conditions, including vehicle state, signal cycle parameters,
and driver settings. The traffic signal controller and queue
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estimation module determine the signal phase, remaining
phase time, queue length, and queue clearance delay, which
are then supplied to the queue-aware GLOSA advisory block.
Based on these inputs, the advisory algorithm generates an
appropriate speed recommendation for the approaching
vehicle. The driver response model follows the advisory
subject to driver compliance and acceleration limits, and the
vehicle dynamics block updates speed, travelled distance, and
remaining distance to the stop line. These updated motion
variables are fed back into the advisory logic, forming a
closed-loop simulation structure. The final outputs are used
for performance evaluation in terms of approach behavior,
queue evolution, and comparative fuel and CO, estimation.

3.2 Queue Estimation Model

Queue estimation is included in the proposed framework to
represent the influence of vehicles accumulated near the stop
line during blocked signal phases. In the model, queue
behavior is described using queue length and queue
clearance delay so that the advisory logic can account for the
additional time required before the stop line becomes usable.
The queue length is updated using the actual elapsed
simulation time instead of a fixed assumed time step, which
ensures physically consistent behavior under both fixed-step
and variable-step simulation. During red and yellow phases,
the queue grows according to the arrival rate of vehicles,
while during the green phase it evolves according to the
difference between arrival and discharge rates. The
corresponding queue clearance delay is then estimated
through a headway-based formulation and supplied to the
advisory block for queue-aware speed guidance.

The queue evolution and queue clearance delay used in
the model are expressed as follows:

(1) Nqueue(K) = Nqueue(k-1) + AN(k)
(2a) AN (k) = AAt, during red or yellow
(2b) AN (k) = (A - w)At, during green
(3) Tqueue = Nqueue X theadway

In the above formulation, Nqueue(K) represents the queue
length at the current simulation step, while Ngueue(k—1)
denotes the queue length from the previous step. The term
AN(Kk) gives the change in queue length during the elapsed
simulation interval. During red and yellow phases, the queue
increases according to the vehicle arrival rate A, whereas
during the green phase the queue evolves according to the
difference between the arrival rate A and discharge rate p.
Here, At denotes the actual elapsed simulation time, which
allows the queue update to remain physically consistent
under both fixed-step and variable-step simulation. The
queue clearance delay Tguewe is then estimated using the
queue length and the discharge headway theadway,
representing the expected time required for the queued
vehicles to clear before the stop line becomes effectively
available for the approaching vehicle.

3.3 Adaptive GLOSA Advisory Algorithm

The adaptive GLOSA advisory algorithm is responsible for
generating a speed recommendation for the approaching
vehicle based on the current traffic signal condition,
remaining phase time, queue clearance delay, remaining
distance to the stop line, and current vehicle speed. The
objective of the advisory logic is to avoid unnecessary
stopping, reduce abrupt speed variation, and guide the
vehicle toward a smoother and more efficient approach. In
the proposed framework, the advisory is not based only on
the nominal signal phase, but also on whether queued
vehicles ahead are expected to delay the effective usability of
the stop line. As a result, the generated speed
recommendation becomes sensitive to both signal timing and
queue conditions.

The target advisory speed is fundamentally determined
using the ratio of remaining distance to an effective arrival
time, scaled by a conservative margin factor. This can be
expressed as follows:

(4) Vatarget = 1] d/ Tarrived

where Vi target is the target advisory speed, 1 is the advisory
margin factor, d is the remaining distance to the stop line, and
Tarrive is the effective arrival time considered by the advisory
logic. In the proposed model, the effective arrival time
depends on the current signal phase and queue condition.
During the red phase, the advisory is influenced by the sum of
the remaining red time and queue clearance delay. During the
green phase, if the queue is not yet cleared, the vehicle
approach is guided more conservatively so that the stop line
is not reached prematurely. During the yellow phase, a
conservative policy is applied to avoid unrealistic or unsafe
passage attempts near the phase transition.

To improve the practical behavior of the advisory near the
intersection, the final model also includes stop-line handling
logic. A small standstill gap before the stop line is considered
in order to avoid unrealistic exact-zero stopping behaviour,
and the advisory is constrained so that the vehicle does not
accelerate aggressively toward the stop line when queue
delay is still present. Therefore, the proposed GLOSA advisory
algorithm performs as a queue-aware and phase-aware speed
guidance mechanism, rather than a simple free-flow speed
recommendation based only on signal timing.

3.4 Driver Behavior Model

The driver behavior model is included in the proposed
framework to represent the practical response of the vehicle
to the generated advisory speed. Instead of assuming perfect
advisory tracking, the model considers that the actual vehicle
speed follows the advisory with a finite response determined
by driver compliance and acceleration limits. This allows the
simulation to capture more realistic approach behavior and
makes the advisory evaluation meaningful under different
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driver conditions. In the present work, driver sensitivity is
examined using cautious, normal, and aggressive response
settings, which differ in compliance gain and allowable
acceleration and deceleration limits.

The driver response is formulated using the speed-
tracking error between the advisory speed and the actual
vehicle speed. The control effort generated by the driver
model is proportional to this error and is then constrained by
acceleration saturation limits to avoid unrealistic motion.
This can be expressed as follows:

(5) €v = Vadvisory — Vactual
(6) acmd= Kgey
(7) a= Sat(acmd, dmin, amax)

where e, is the speed-tracking error, Ky is the driver
compliance gain, acmd is the commanded acceleration,and a is
the final acceleration after applying the acceleration and
deceleration limits. The updated acceleration is then
integrated in the vehicle dynamics section to obtain the actual
vehicle speed. Through this formulation, the model captures
the effect of driver-following behavior on advisory tracking
performance and enables comparative analysis under
different driver-response conditions.

3.5 Simulation Setup

The proposed adaptive GLOSA framework is simulated in
MATLAB/Simulink for a single-vehicle approach to a
signalized intersection. The simulation is carried out using a
fixed signal cycle with red, green, and yellow phases, and the
vehicle is initialized with a predefined distance from the stop
line and an initial speed condition. The traffic signal
controller, queue estimation logic, advisory speed generation
block, driver response model, and vehicle dynamics are
integrated within the same closed-loop environment so that
the effect of signal timing, queue delay, and driver-following
behavior can be evaluated consistently during the approach
phase.

The simulation settings are selected to represent practical
intersection approach conditions while maintaining a clear
and interpretable model structure. The advisory logic is
bounded by speed limits and influenced by a conservative
margin factor, while the queue model uses arrival and
discharge rates together with a headway-based queue
clearance delay formulation. Driver response is represented
through compliance gain and acceleration limits, and the
model is further evaluated under cautious, normal, and
aggressive driver settings to study driver behavior sensitivity.
In addition, signal timing uncertainty is examined by
modifying the remaining signal time in order to observe its
influence on advisory generation and vehicle response.

The overall simulation setup is therefore designed to
support the evaluation of queue-aware advisory behavior,
driver-following sensitivity, and uncertainty-aware GLOSA
performance within a unified MATLAB/Simulink framework.

4. RESULTS AND DISCUSSION

The proposed adaptive GLOSA framework is evaluated in
MATLAB/Simulink to examine its behavior under queue-
aware and uncertainty-sensitive operating conditions. The
analysis focuses on queue dynamics, advisory speed
generation, vehicle response during the approach phase,
driver behavior sensitivity, and the effect of signal timing
uncertainty. In addition, comparative fuel consumption and
CO, emission estimates are used to study the energy-related
implications of the modeled approach behavior. The
discussion in this section first explains the core behavior of
the improved model and then examines its sensitivity under
different driver and signal conditions.

4.1 Core Model Behavior

The core behavior of the proposed model is first examined
using the queue evolution, advisory response, vehicle speed
behavior, and distance profile during the approach to the
signalized intersection. The queue length and queue
clearance delay plots verify that the queue estimation logic
evolves consistently with time and shows time-varying queue
behavior consistent with the operation of the proposed queue
estimation model. The advisory-related plots show that the
generated speed guidance remains responsive to both signal
timing and queue conditions, while the driver response and
vehicle speed plots indicate that the vehicle follows the
advisory with a practical lag rather than instantaneous
tracking. The distance remaining profile further shows a
conservative near-stop-line approach behavior, indicating
that the queue-aware advisory prevents premature arrival at
the stop line.

Evolution of Queue Length at the Signalized Intersection
. - - . d ! -

e (vehicles)

Queue Length, Ny,

L L L I L
0 10 20 30 40 50 60 70 8O 90 100 110 120 130 140 150
Time (s)

Fig -2: Evolution of queue length at the signalized
intersection

Figure 2 shows the variation of estimated queue length with
time, indicating the expected buildup of vehicles during
blocked phases and discharge during green phases.
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Evolution of Queue Clearance Delay at the Signalized Intersection
T T

35

Queue Clearance Delay, Toyeue (S)
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0 10 20 30 40 50 60 70 8O 90 100 110 120 130 140 150
Time (s)

Fig -3: Evolution of queue clearance delay at the signalized
intersection

Figure 3 presents the corresponding queue clearance delay
derived from the estimated queue length and discharge
headway, representing the additional time before the stop
line becomes effectively usable.

The advisory-response behavior of the proposed model is
further examined using the target advisory speed, applied
advisory speed, and actual vehicle speed during the
intersection approach. These plots help illustrate how the
generated advisory is translated into practical vehicle motion
through the driver response and vehicle dynamics blocks.

Target Advisory, Applied Advisory, and Vehicle Speed Response
T T

—-—-Target Advisory Speed
— — Applied Advisory Speed
Wehicle Speed 1

Speed (m/s)

1]

| I
0 10 20 30 40 50 60 70 80 90 100 10 120 130 140 150
Time (s)

Fig -4: Target advisory, applied advisory, and vehicle
speed response

Figure 4 shows the relationship between the target advisory
speed generated by the control logic, the applied advisory
speed, and the actual vehicle speed followed by the vehicle
during the approach phase.

Advisory Speed and Vehicle Speed Response
T T

= = Adwvisory Speed
Vehicle Speed

Speed (m/s)

L L L I I r }
0 10 20 30 40 50 60 70 8O 90 100 110 120 130 140 150
Time (s)

Fig -5: Advisory speed and vehicle speed response

Figure 5 presents the advisory-following behavior of the
vehicle, highlighting the practical lag between advisory
generation and actual speed response

To further interpret the approach behavior of the vehicle,
the response is also observed with explicit signal phase
background and through the remaining-distance profile
during the approach to the stop line. These plots help explain
how the vehicle motion evolves with respect to changing
signal conditions and how the final advisory logic influences
the near-stop-line behavior.

Vghlcle Speed Response with Signal Phase Background

s \/ghicle Speed

Vehicle Speed (m/s)

0 10 20 30 40 50 60 70 80 90 100 10 120 130 140 150
Time (s)

Fig -6: Vehicle speed response with signal phase
background

Figure 6 shows the vehicle speed variation together with the
corresponding signal phase background, allowing the
approach behavior to be interpreted with respect to red,
green, and yellow phases.
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Distance Remaining to the Stop Line
T T T T T

Distance Remaining, d (m)
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Q 10 20 30 40 50 60 70 B0 80 100 110 120 130 140 150
Time (s)

Fig -7: Distance remaining to the stop line during the
vehicle approach

Figure 7 shows the variation of remaining distance during the
vehicle approach and indicates a conservative near-stop-line
response under the final queue-aware advisory logic.

The distance profile shows that the vehicle approaches
the intersection smoothly without aggressively targeting the
stop line under queue-aware conditions. However, the final
model does not include a dedicated exact stop-position
controller near the stop line, and therefore a residual
stopping distance remains in the final part of the approach.
This behavior is treated as a known simplification of the
current model and is interpreted as conservative near-stop-
line handling rather than an exact stop-line capture
mechanism.

4.2 Driver Behavior Sensitivity

Driver behavior sensitivity is examined in the proposed
framework by considering cautious, normal, and aggressive
response settings. These cases differ in driver compliance
gain and acceleration limits, which influence how closely the
vehicle follows the advisory speed during the approach
phase. The comparison is useful for understanding how
advisory-following behavior changes when the driver is more
conservative or more responsive. In the simulation results,
the cautious driver responds more gradually, while the
aggressive driver follows the advisory more quickly, and the
normal driver provides an intermediate response.

The vehicle speed comparison under different driver
settings is shown through the driver-type response plot,
while the advisory and driver-response comparison plot
highlights how each driver category tracks the generated
advisory speed. These results indicate that the driver
response model has a direct influence on the practical
realization of the advisory logic, even when the same queue-
aware GLOSA strategy is used. Therefore, the driver behavior
analysis confirms that advisory performance should be
evaluated together with driver-following characteristics
rather than through advisory generation alone.

Vehicle Speed

F for Different Driver Types
T T T T T

Cautious Driver
— — Narmal Driver
— — Aggressive Driver

Vehicle Speed (m/s)

L 1 L L -
Q 10 20 30 40 50 60 70 B0 80 100 110 120 130 140 150
Time (s)

Fig -8: Vehicle speed response for different driver types
Figure 8 compares the vehicle speed response under
cautious, normal, and aggressive driver settings during the

approach phase.

Advisory Speed and Driver-Type Responses
T T T T T

[="="Advisory Speed
Cautious Driver

Normal Driver 1
—— Aggressive Driver

Speed (m/s)

L 1 L L L L
Q 10 20 30 40 50 60 70 B0 80 100 110 120 130 140 150
Time (s)

Fig -9: Advisory speed and driver-type responses

Figure 9 illustrates how the generated advisory speed is
followed under different driver-response characteristics.

In addition to advisory-following behavior, the driver
sensitivity study is also examined through comparative fuel
consumption and CO, emission estimates. These results help
indicate how different driver-response characteristics
influence the modeled energy and emission behavior during
the approach phase.

Fuel C ion for Different Driver Types
T

af T

- ~
- o ~ o
T T T T

Fuel Consumption (arbitrary units)

o
o
T

Cautious Normal Aggressive

Fig -10: Fuel consumption for different driver types
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Figure 10 compares the estimated fuel consumption under
cautious, normal, and aggressive driver-response settings.

CO, Emission for Different Driver Types
T

7 T T

CO, Emission (arbitrary units)

Cautious Normal

Aggressive

Fig -11: CO, emission for different driver types

Figure 11 compares the estimated CO, emission under
cautious, normal, and aggressive driver-response settings.

Table -1: Driver behavior tracking results

Driver Complia- Max Max Mean
Type nce Gain | Accelerat- | Decelera- | Tracking
(Ka) ion tion Error
(m/s?) (m/s*) (m/s)
Cautious 0.3 1.5 -2.0 1.2558
Normal 0.5 2.0 -3.0 0.89662
Aggressive 0.8 2.5 -4.0 0.72593

The comparative uncertainty analysis shows that
increasing timing uncertainty makes the generated advisory
more conservative. As the uncertainty level increases, both
the initial advisory speed and the mean advisory speed
during the approach are reduced, while the advisory-
following error increases slightly. At the same time, the
comparative fuel and CO, estimates also decrease gradually,
indicating that a more conservative speed guidance profile
can smooth the vehicle approach and reduce the modeled
energy/emission proxy. These observations demonstrate that
the final model is capable of representing uncertainty-
sensitive GLOSA behavior in a structured manner.

Effect of Signal Timing Uncertainty on GLOSA Response
T T

= = Advisary (Exact Trem)
— \iehicle (Exact Trem) =
= = Advisory (Trem +25)
Vehicle (Trem + 2 5}

|= = Advisory (Trem + 4 5)
Vehicle (Trem + 4 5)

Speed (m/s)

0 L
90 100 10 120 130 140 150

L L L
0 10 20 30 40 50 60 70 80
Time (s)

Fig -12: Effect of signal timing uncertainty on GLOSA
response

Figure 12 compares the advisory and vehicle speed responses
for the exact-timing case and the uncertainty-modified signal

The driver behavior results indicate that the tracking
performance of the advisory is strongly influenced by the
selected driver response characteristics. The cautious driver
shows the largest tracking error due to slower response and
lower acceleration capability, while the aggressive driver
exhibits the lowest tracking error because of faster advisory-
following behavior. The normal driver provides an
intermediate response between these two cases. These
observations confirm that advisory performance should be
interpreted together with driver sensitivity, rather than
assuming ideal or identical tracking behavior for all drivers.

4.3 Signal Timing Uncertainty

Signal timing uncertainty is considered in the proposed
framework to examine how advisory behavior changes when
the remaining phase time is not assumed to be exact. In
practical traffic conditions, the timing information available
to the approaching vehicle may not always remain perfectly
fixed, and therefore the advisory strategy should be studied
under such non-ideal timing conditions. In the present work,
uncertainty is introduced by modifying the remaining signal
time using additional timing offsets, and the resulting
advisory and vehicle responses are compared with the exact-
timing case.

timing cases.

Table -2: Signal timing uncertainty results

Case Type Initial Mean Mean
Advisory Advisory Tracking
Speed (m/s) | Speed up to Error (m/s)
75 s (m/s)
Exact Trem 13.5000 9.3571 0.21450
Trem+2s 13.0645 9.2395 0.21924
Trem+4s 12.6562 9.1263 0.22877

The uncertainty results indicate that increasing the
remaining-time uncertainty causes the advisory to become
progressively more conservative. This is reflected by the
reduction in both initial and mean advisory speed, together
with a slight increase in tracking error. Therefore, the
uncertainty analysis confirms that timing inaccuracies
influence both advisory generation and the practical
response of the vehicle during the approach phase.

4.4 Comparative Fuel Consumption and CO,
Emission Analysis

The energy-related behavior of the proposed framework is
examined using comparative fuel consumption and CO,
emission estimates obtained from the simulated vehicle
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response. In the present study, these values are used as
relative performance indicators derived from the modeled
speed and acceleration behavior rather than as exact real-
world consumption measurements. Therefore, the fuel and
CO; results should be interpreted as comparative simulation-
based estimates that help distinguish how different driver-
response and uncertainty conditions influence the overall
approach behavior.

For the driver sensitivity analysis, the comparative fuel
and CO, plots indicate how cautious, normal, and aggressive
driver-response characteristics affect the modeled energy
and emission behavior during the approach phase. In
addition, the uncertainty study also produces comparative
fuel and CO, estimates for the exact-timing and uncertainty-
modified cases. To summarize these results in a compact
manner, the combined comparative values for both driver
behavior sensitivity and signal timing uncertainty are
presented in Table -3.

Table -3: Comparative fuel consumption and CO,
emission results

Case Category Case Fuel CO,
Name Consumption Emission
(arb. units) (arb. units)

Driver Sensitivity | Cautious 24631 5.6899
Driver Sensitivity | Normal 24194 5.5887
Driver Sensitivity | Aggressive 2.3972 5.5375
Signal Exact 2.4738 5.7145
Uncertainty Trem

Signal Trem+2s 2.4438 5.6451
Uncertainty

Signal Trem+4s 2.4194 5.5887
Uncertainty

The combined fuel and CO, results show that the
comparative energy/emission behavior changes with both
driver sensitivity and signal timing uncertainty. In the driver-
response study, the estimated values vary only moderately
across cautious, normal, and aggressive settings, while in the
uncertainty study the estimates decrease gradually as the
advisory becomes more conservative. These results indicate
that the final queue-aware and uncertainty-sensitive advisory
framework not only affects advisory tracking behavior, but
also influences the comparative energy and emission profile
of the simulated vehicle approach.

5. LIMITATIONS OF THE MODEL

The present model is developed as a structured simulation-
based framework for evaluating adaptive GLOSA behavior
under queue-aware and uncertainty-sensitive conditions;
however, certain simplifications remain. The study considers
a single-vehicle approach at a signalized intersection and
does not include multi-vehicle interaction, lane-changing
behavior, or network-level traffic effects. In addition, the
final near-stop-line response is represented through
simplified queue-aware stopping behavior rather than a

dedicated exact stop-position controller, which results in a
residual stopping distance in the final approach stage. The
fuel consumption and CO, results are also interpreted as
comparative simulation-based estimates rather than exact
real-world measurements. These limitations do not reduce
the usefulness of the model for comparative analysis, but
they indicate the directions in which the framework can be
extended further.

6. CONCLUSION

The present work developed and evaluated an adaptive
GLOSA framework in MATLAB/Simulink for a signalized
intersection under queue-aware and uncertainty-sensitive
operating conditions. The model integrated traffic signal
control, queue estimation, advisory speed generation, driver
response, and vehicle dynamics within a single closed-loop
simulation environment. The results showed that queue-
aware advisory behavior, driver sensitivity, and signal timing
uncertainty all influence the practical response of the vehicle
during the approach phase. The driver behavior analysis
confirmed that advisory-following performance changes with
driver compliance and acceleration capability, while the
uncertainty analysis showed that increasing timing
uncertainty makes the advisory progressively more
conservative. The comparative fuel consumption and CO,
estimates also indicated that the proposed framework affects
not only tracking behavior but also the modeled energy and
emission profile of the vehicle approach. Overall, the study
provides a structured simulation-based basis for evaluating
adaptive GLOSA behavior under more practical operating
conditions than a purely signal-timing-based advisory model.
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