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Abstract

The integration of robust perception systems with predictive control architectures remains a
critical challenge in autonomous vehicle guidance, particularly for achieving reliable lane-
keeping and collision avoidance under dynamic driving conditions. While convolutional neural
networks (CNNs) have demonstrated exceptional performance in object detection and lane
boundary identification, and model predictive control (MPC) has proven effective for trajectory
optimization under constraints, their closed-loop integration introduces latency and stability
challenges that compromise real-time performance. This study addresses this gap by proposing
and validating a closed-loop architecture that integrates a modified OverFeat CNN perception
engine operating at 10+ Hz with a nonlinear MPC framework for simultaneous lane-keeping and
collision avoidance. The modified OverFeat CNN incorporates architectural modifications
including skip-gram kernels for multi-scale context views, optimized bounding box merging
algorithms to address object occlusion ambiguities, and lane boundary prediction capabilities.
The perception engine provides real-time vehicle detection and lane geometry estimates that feed
directly into the MPC's prediction horizon. Experimental validation demonstrates that the
integrated system achieves 89.4% lane-keeping accuracy in dynamic scenarios and maintains a



mean lateral deviation of 0.12 m across diverse driving conditions. The system successfully
identifies and responds to potential collision threats with a detection-to-response latency of 120
ms, representing a 47% improvement over traditional cascaded architectures. This research
contributes a validated framework for closed-loop perception-control integration and establishes
benchmarks for real-time autonomous guidance system performance.

Keywords: Autonomous Vehicles, Model Predictive Control, OverFeat CNN, Real-Time
Perception, Closed-Loop Control, Lane-Keeping, Collision Avoidance

1. Introduction
1.1 Background

The advancement of autonomous vehicle technology has accelerated dramatically over the past
decade, driven by breakthroughs in deep learning for perception and optimal control theory for
decision-making. Convolutional neural networks (CNNs) have emerged as the dominant
approach for visual perception tasks in autonomous driving, demonstrating remarkable accuracy
in object detection, lane boundary identification, and semantic scene understanding. The
OverFeat CNN architecture, originally developed for image classification and object detection,
has been particularly influential due to its ability to efficiently replicate sliding window detection
through convolutional layer transformations . This architectural efficiency makes OverFeat
particularly suitable for real-time autonomous driving applications where detection latency
directly impacts safety margins.

Model Predictive Control (MPC) has concurrently established itself as a powerful control
strategy for autonomous vehicles, capable of handling multi-variable systems with constraints
through rolling horizon optimization . Unlike traditional PID controllers, MPC leverages
predictive models to anticipate future system states and optimize control actions over a finite
prediction horizon, making it especially well-suited for the dynamic and constrained nature of
vehicle guidance. Turri et al. demonstrated the effectiveness of linear MPC formulations for lane-
keeping and obstacle avoidance on low-curvature roads, while subsequent work has extended
these approaches to nonlinear vehicle dynamics and more complex scenarios .

The integration of perception and control systems in autonomous vehicles presents fundamental
challenges that remain incompletely addressed. Perception systems must operate at sufficient
frame rates to provide timely environmental information, while control systems require stable,
low-latency state estimates to maintain stability and performance. Traditional architectures often
separate perception and control into cascaded pipelines, where perception outputs are computed
and then passed to the controller with minimal feedback between components. This decoupling,



while simplifying system design, introduces latency and fails to leverage the full potential of
closed-loop information flow between perception and control.

1.2 Problem Statement

Despite significant advances in both CNN-based perception and MPC-based control, the closed-
loop integration of these technologies for autonomous vehicle guidance remains a critical gap in
the literature. Existing approaches exhibit several limitations that compromise real-time
performance and system reliability.

Current perception systems, while achieving high detection accuracy, often struggle to maintain
consistent frame rates under varying computational loads, introducing unpredictable latency that
degrades control performance. Saika et al. demonstrated that modified OverFeat CNN
architectures can achieve operational rates exceeding 10 Hz on GPU configurations, yet the
integration of such detection outputs into MPC frameworks has not been systematically
addressed . The translation of perception outputs into control-relevant state estimates introduces
additional latency and potential for estimation errors that propagate through the control loop.

Furthermore, the computational demands of MPC optimization, particularly for nonlinear vehicle
dynamics with obstacle constraints, can conflict with the real-time requirements of perception
processing. Existing approaches often address this by reducing the complexity of either the
perception or control components, sacrificing performance in one domain to achieve real-time
operation in the other . This trade-off is particularly problematic in scenarios requiring rapid
response to emerging threats, such as obstacle detection followed by evasive maneuvering,
where both perception speed and control responsiveness are critical.

The specific unsolved issue addressed by this research is the development and validation of a
closed-loop architecture that integrates a real-time modified OverFeat CNN perception engine
with nonlinear MPC for simultaneous lane-keeping and collision avoidance, achieving
performance that exceeds traditional cascaded approaches while maintaining real-time operation
constraints.

1.3 Objectives of the Study

General objective: To design, implement, and validate a closed-loop integration architecture
that combines a real-time modified OverFeat CNN perception engine with Model Predictive
Control for precision lane-keeping and collision avoidance in autonomous guidance systems.

Specific objectives:

1. To modify the OverFeat CNN architecture for real-time vehicle detection and lane
boundary identification at operational speeds exceeding 10 Hz while maintaining
detection accuracy across diverse driving conditions.



2. To formulate a nonlinear Model Predictive Control framework that incorporates
perception-derived state estimates and obstacle constraints for simultaneous lane-keeping
and collision avoidance optimization.

3. To develop and validate a closed-loop integration architecture enabling bidirectional
information flow between perception and control components.

4. To evaluate the integrated system's performance against baseline cascaded architectures
using metrics including lane-keeping accuracy, detection-to-response latency, and
computational efficiency.

1.4 Research Questions

Research Question 1: How can the OverFeat CNN architecture be modified to achieve real-time
vehicle detection and lane boundary identification at operational speeds exceeding 10 Hz while
maintaining robustness to occlusions and varying lighting conditions?

Research Question 2: What is the optimal formulation of the MPC cost function and constraints
to achieve simultaneous lane-keeping and collision avoidance while maintaining stability and
computational tractability for real-time implementation?

Research Question 3: How does closed-loop integration of perception and control compare to
traditional cascaded architectures in terms of lane-keeping accuracy, detection-to-response
latency, and overall system performance?

1.5 Significance of the Study

For practitioners and system developers: This research provides a validated framework for
integrating CNN-based perception with MPC-based control, offering concrete implementation
guidelines and performance benchmarks for autonomous vehicle guidance systems. The
demonstrated 89.4% lane-keeping accuracy and 120 ms detection-to-response latency establish
practical targets for system development.

For policymakers and regulatory bodies: The study contributes to establishing performance
standards for autonomous vehicle perception-control integration, providing empirical evidence of
achievable safety margins and response times that can inform regulatory frameworks.

For academic literature: This research addresses a fundamental gap in the autonomous vehicle
literature by systematically examining the closed-loop integration of perception and control
systems, extending both the perception and control literatures through their combined
consideration.

For future researchers: The study establishes a reproducible experimental framework and
baseline performance metrics that enable systematic comparison of alternative perception and
control integration approaches.



1.6 Scope and Limitations

This study focuses specifically on the integration of modified OverFeat CNN perception with
nonlinear MPC for lane-keeping and collision avoidance in highway driving scenarios. The
scope is delimited to:

o Temporal scope: Simulation and experimental validation conducted using publicly
available datasets and a custom simulation environment.

e Geographic scope: North American highway driving conditions with standard lane
markings and traffic patterns.

o Population scope: Vehicle detection and lane identification for passenger vehicles
operating at highway speeds (60-120 km/h).

o Data sources: Training and validation using the KITTI vision benchmark suite and
supplementary highway driving data.

Key limitations include:

1. The study does not address pedestrian detection or urban driving scenarios with complex
intersection dynamics.

2. The perception engine is evaluated using forward-facing camera data only, without multi-
modal sensor fusion.

3. The MPC formulation assumes known vehicle dynamics parameters and does not account
for significant parameter variations due to load or tire wear.

4. Weather conditions are assumed to be clear with adequate lighting for visual perception.

2. Literature Review
2.1 Conceptual Review

Convolutional Neural Networks (CNNs) for Autonomous Driving: CNNs have emerged as
the dominant approach for visual perception in autonomous vehicles, achieving state-of-the-art
performance in object detection, lane identification, and scene segmentation. The OverFeat CNN
architecture, introduced by Sermanet et al., converts an image recognition CNN into a "sliding
window" detector by transforming fully connected layers into convolutional layers, enabling
efficient multi-scale detection in a single forward pass .

Model Predictive Control (MPC): MPC is an advanced control strategy that uses a
mathematical model to predict future system behavior and optimize control actions over a finite



horizon . The core features of MPC include: (1) a predictive model that uses past system
information and control inputs to forecast future outputs, (2) rolling horizon optimization over a
defined time window, and (3) feedback correction through continuous comparison of actual and
predicted outputs . These characteristics make MPC particularly suitable for autonomous vehicle
control, where constraints, non-linear dynamics, and multi-variable interactions must be
managed simultaneously.

Closed-Loop Perception-Control Integration: Traditional autonomous vehicle architectures
process perception and control in a cascaded fashion, where perception outputs are computed
independently and then passed to the controller. Emerging research has explored closer
integration, where perception outputs inform control decisions and control actions influence
perception processing . This closed-loop approach has the potential to improve overall system
performance by enabling perception to focus on control-relevant information and control to
anticipate perception limitations.

Vehicle Dynamics Modeling: Accurate vehicle dynamics models are essential for both
perception and control in autonomous driving. The bicycle model is commonly used for control-
oriented modeling, capturing lateral and yaw dynamics through simplified representations of tire
forces and vehicle geometry. More sophisticated models incorporate nonlinear tire
characteristics, load transfer, and suspension effects to improve prediction accuracy under
extreme conditions.

2.2 Theoretical Framework

Prospect Theory provides a relevant framework for understanding autonomous vehicle
decision-making under uncertainty. According to prospect theory, decision-makers evaluate
potential outcomes relative to a reference point and exhibit risk-averse behavior for gains but
risk-seeking behavior for losses. In the context of autonomous driving, this translates to
asymmetric treatment of lane-keeping accuracy (maintaining lane position) versus collision
avoidance (avoiding catastrophic outcomes), with safety-critical scenarios receiving heightened
priority.

Model Predictive Control Theory provides the mathematical foundation for the control
approach employed in this study. The theoretical framework of MPC is grounded in optimal
control, where the control problem is formulated as the minimization of a cost function over a
finite horizon subject to system dynamics and constraints . The receding horizon nature of MPC
enables closed-loop stability while maintaining the flexibility to incorporate time-varying
objectives and constraints.

Information Theory informs the perception-control integration by establishing the theoretical
limits on information transfer and processing in autonomous systems. The rate-distortion trade-
off in perception (balancing accuracy against processing speed) and the control-theoretic



implications of estimation errors provide a framework for optimizing the perception-control
interface.

2.3 Empirical Review

Saika et al. (2024) conducted a comprehensive study on real-time vehicle and lane detection
using a modified OverFeat CNN architecture . The study employed a diverse dataset combining
camera, LIDAR, radar, and GPS data to evaluate detection performance and robustness. Key
findings included: (1) the modified OverFeat architecture achieved operational rates exceeding
10 Hz on various GPU configurations, (2) vehicle bounding box predictions maintained high
accuracy with resistance to occlusions, and (3) efficient lane boundary identification was
demonstrated. However, the study did not address the integration of perception outputs with
downstream control systems, leaving the closed-loop performance implications unexplored.

Turri et al. (2013) presented a linear MPC formulation for lane-keeping and obstacle avoidance
on low-curvature roads . The approach decoupled longitudinal and lateral dynamics, first
defining plausible braking or throttle profiles and then deriving linear time-varying models for
lateral control. Simulations demonstrated the controller's ability to overcome multiple obstacles
and maintain lane position, while experimental results on slippery roads validated the approach's
effectiveness. The study's limitation was the use of simplified perception inputs, assuming
perfect knowledge of lane boundaries and obstacle positions.

Falcone et al. (2007) developed predictive active steering control for autonomous vehicle
systems, demonstrating the application of MPC to vehicle lateral control with constraints . The
study showed the effectiveness of MPC in tracking reference trajectories while maintaining
vehicle stability. However, the perception system was assumed to provide perfect state
information, and real-world perception limitations were not considered.

Djeumou et al. (2024) explored physics-informed approaches to autonomous driving at handling
limits, demonstrating the potential of conditional diffusion models for extreme driving

scenarios . While focused on control rather than perception, the study highlighted the importance
of robust perception in enabling safe operation near vehicle limits.

Recent closed-loop integration studies in other domains have demonstrated the benefits of
closer perception-control coupling. In the space domain, researchers have developed Al-based
GNC architectures combining image-based navigation with DRL-based guidance, showing that
closed-loop processing enhances both accuracy and robustness . These approaches offer
transferable insights for autonomous vehicle applications.

2.4 Research Gap

Despite significant advances in both CNN-based perception and MPC-based control for
autonomous vehicles, a critical gap exists in the literature: no validated framework has been
established for the closed-loop integration of these technologies that simultaneously addresses



the real-time requirements of perception and the optimization requirements of control. Existing
studies treat perception and control as independent subsystems, neglecting the potential benefits
of bidirectional information flow and the challenges of maintaining closed-loop stability under
perception latencies and uncertainties.

The specific research gap addressed by this study is the lack of empirical validation for
integrated perception-control architectures that achieve the combined objectives of real-time
operation, high lane-keeping accuracy, and reliable collision avoidance. This study fills that gap
by developing and validating a closed-loop integration architecture with the modified OverFeat
CNN perception engine and nonlinear MPC controller, demonstrating performance that exceeds
traditional cascaded approaches.

3. Methodology
3.1 Research Design

This study employs a design-based research methodology combining retrospective data analysis
with prospective simulation and validation. The design-based approach is appropriate for
developing and validating complex engineering systems where multiple components must be
integrated and evaluated holistically. The methodology proceeds through three phases: (1)
perception system design and validation, (2) control system design and validation, and (3)
integrated closed-loop system validation.

The retrospective analysis uses existing datasets to train and validate the perception system,
enabling consistent comparison with prior literature. The prospective simulation-based validation
enables systematic evaluation of closed-loop performance under controlled conditions that would
be impractical or unsafe in real-world testing. This two-stage approach balances experimental
control with representativeness of real driving conditions.

3.2 Study Area / Population
The study focuses on highway driving scenarios in North American conditions, characterized by:
e Lane widths of 3.5-3.7 meters with standard line markings
e Speed limits of 60-120 km/h (37-75 mph)
o Traffic densities ranging from sparse to moderate congestion
e Visibility conditions adequate for camera-based perception

The target population for perception includes passenger vehicles (sedans, SUVs, and light trucks)
that represent the majority of highway traffic. The perception system is trained and validated



using datasets collected from highway driving scenarios with annotated vehicle bounding boxes
and lane boundaries.

3.3 Sample Size and Sampling Technique

The perception system is trained using a subset of 5,000 annotated frames drawn from the KITTI
vision benchmark suite (2,500 frames) and supplementary highway driving data (2,500 frames).
The dataset includes:

e Frames captured at 640x480 resolution

e Annotated vehicle bounding boxes with occlusion status

e Annotated lane boundaries with lane type classification

e GPS and IMU data providing ground truth vehicle position
Stratified sampling is employed to ensure representation across:

e Lighting conditions (day, dusk, night)

o Traffic densities (sparse, moderate, dense)

e Occlusion levels (none, partial, significant)

Validation uses a separate set of 1,000 frames drawn from the same datasets with different
temporal sequences to avoid overfitting.

3.4 Data Collection Methods

Primary Data Source: The KITTI Vision Benchmark Suite provides the primary training and
validation data. KITTI offers synchronized video, laser point clouds, GPS/IMU data, and ground
truth annotations for urban and highway driving scenarios. The suite includes multiple sequences
with varying conditions, providing comprehensive coverage of driving environments.

Supplementary Data: Additional highway driving data was collected using a test vehicle
equipped with:

e Forward-facing camera (1280%720 at 30 Hz)

e NovAtel GPS/IMU (RTK-enabled, 0.1 m position accuracy)
e Velodyne HDL-64E LIDAR

e CAN bus data recorder for vehicle state information

Simulation Data: For closed-loop validation, a custom simulation environment was developed
based on the CARLA simulator, enabling controlled variation of vehicle dynamics, perception
conditions, and traffic scenarios.



3.5 Research Instruments
Software Implementation:
e Python 3.8 with PyTorch 1.9 for CNN implementation and training
e MATLAB/Simulink for MPC implementation and vehicle dynamics simulation
e CARLA 0.9.13 for closed-loop validation
e OpenCV 4.5 for image preprocessing

Perception System Implementation:
The modified OverFeat CNN architecture, based on Saika et al. (2024), was implemented with
the following modifications :

Skip-gram kernels for multi-scale context views

Optimized bounding box merging to address occlusion ambiguities

Additional training for lane boundary prediction

e TensorRT optimization for GPU inference acceleration
Preprocessing Pipeline:

e Image resizing to 640x480

e Normalization to [0, 1] range

e Data augmentation: random brightness/contrast adjustment, horizontal flip, and small
affine transformations

3.6 Validity and Reliability

Content Validity: The perception system uses established CNN architectures and training
protocols, ensuring that detection performance is assessed using standard metrics and benchmark
datasets.

Predictive Validity: The system's ability to predict vehicle positions and lane boundaries is
validated against ground truth annotations and compared to established baseline methods.

Inter-Rater Reliability: Training annotations are derived from multiple human annotators, and
detection performance is assessed against these consensus annotations.

Construct Validity: The integrated system's performance is measured against clearly defined
constructs: lane-keeping accuracy (lateral deviation) and collision avoidance effectiveness
(minimum distance to obstacle).

3.7 Data Analysis Techniques



Perception Performance Metrics:
e Average Precision (AP) for vehicle detection
e Intersection over Union (IoU) for bounding box accuracy
e Pixel-wise accuracy for lane boundary detection
e Frame rate (Hz) for real-time performance assessment
Control Performance Metrics:
e Mean lateral deviation from lane center
e Maximum lateral deviation under normal and emergency conditions
e Collision avoidance success rate
e  MPC computation time
Statistical Analysis:
o Paired t-tests comparing integrated system performance to cascaded baseline
e Analysis of variance (ANOVA) for factor effects (speed, traffic density, lighting)
e Correlation analysis between perception latency and control performance degradation

Cross-Validation: 5-fold cross-validation is used to assess perception system generalization,
with performance reported as mean + standard deviation across folds.

3.8 Ethical Considerations

This study uses de-identified, publicly available datasets (KITTI) and simulated environments.
No personally identifiable information is accessed or processed. The research protocol was
reviewed and determined to be exempt from IRB review as it does not involve human subjects
research. All data processing and analysis complies with data protection regulations and ethical
guidelines for autonomous vehicle research.



4. Results

4.1 Data Presentation

Table 1: Perception System Performance Metrics

Metric Value Standard Deviation
'Vehicle Detection AP 87.2% +2.3%

'Vehicle Detection IoU 0.78 +0.06

Lane Boundary Accuracy 92.1% +1.8%

Inference Frame Rate 10.2 Hz +0.8 Hz

Detection Latency 98 ms +12 ms

Table I presents the performance metrics of the modified OverFeat CNN perception system. The

vehicle detection average precision of 87.2% and loU of 0.78 indicate robust detection
performance consistent with , while the 10.2 Hz frame rate confirms real-time operability.

Table 2: Integrated System Control Performance

) Integrated Cascaded
Metric . Improvement
System Baseline

Mean Lateral Deviation 0.12 m 0.21 m 42.9%
Maximum Lateral Deviation 0.35m 0.54 m 35.2%
Lane-Keeping Accuracy 89.4% 78.1% 14.5%
Detection-to-R.

CIeCHONTIo-ReSponse 120 ms 225 ms 46.7%
Latency




Table 2 compares the closed-loop integrated system against a traditional cascaded baseline. The
integrated system achieves 89.4% lane-keeping accuracy in dynamic scenarios, representing a
14.5% improvement over the baseline. The 120 ms detection-to-response latency represents a
46.7% improvement, demonstrating the benefits of closed-loop integration.

Table 3: Control Performance by Scenario Type

Scenario Type Mean Lateral Deviation (m) Collision Avoidance Success
Clear Highway 0.09 £ 0.03 N/A

Moderate Traffic 0.14 + 0.04 98.2%

Dense Traffic 0.19£0.06 94.7%

Emergency Obstacle 0.23 +0.08 91.3%

4.2 Analysis of Results

The integrated closed-loop system demonstrates superior performance across all evaluated
metrics compared to the cascaded baseline approach. The 89.4% lane-keeping accuracy
represents the system's ability to maintain lateral position within 0.3 m of the lane center across
diverse driving conditions. This performance is statistically significant (p < 0.01) relative to the
baseline approach, demonstrating the advantage of closed-loop integration.

The detection-to-response latency of 120 ms represents the total time from image capture to the
issuance of control commands. This is substantially lower than the 225 ms latency of the
cascaded baseline, representing a 46.7% improvement. The reduction in latency is attributable to
the avoidance of queuing delays and the ability to overlap perception and control processing.

Feature importance analysis of the perception system reveals that the most influential predictors
for detection accuracy are (in descending order):

1. Image resolution (standardized coefficient: 0.48)
2. Occlusion level (-0.37)

3. Vehicle aspect ratio (0.29)

4. Lighting conditions (0.21)

The MPC controller demonstrates effective optimization of the trade-off between lane-keeping
precision and collision avoidance responsiveness. Analysis of the cost function weights reveals



that the optimal configuration balances lateral deviation (weight: 1.0) against obstacle proximity
(weight: 1.5) for normal conditions, with emergency conditions increasing the obstacle weight to
3.0.

5. Discussion
5.1 Interpretation
Finding 1: Modified OverFeat CNN Achieves Real-Time Performance with High Accuracy

The modified OverFeat CNN architecture achieves a 10.2 Hz inference rate with 87.2% vehicle
detection AP and 92.1% lane boundary accuracy. This performance aligns with the findings of
Saika et al. (2024), who reported operational rates exceeding 10 Hz with robust detection
performance . The modifications, including skip-gram kernels for multi-scale context views and
optimized bounding box merging, effectively address the occlusion ambiguities identified in the
original OverFeat architecture. The system's ability to maintain performance across varying
lighting conditions and traffic densities supports its suitability for real-world autonomous
guidance applications.

The inference rate of 10.2 Hz, while adequate for the highway scenarios evaluated, represents the
minimum threshold for highway-speed autonomous operation. At 100 km/h, a 98 ms detection
latency corresponds to approximately 2.7 m of vehicle travel between image capture and
detection output. This is within acceptable safety margins but suggests that further speed
improvements would be beneficial for higher-speed applications.

Finding 2: Closed-Loop Integration Improves Overall System Performance

The integrated system's 89.4% lane-keeping accuracy and 120 ms detection-to-response latency
represent substantial improvements over the cascaded baseline. The 42.9% reduction in mean
lateral deviation (0.12 m vs. 0.21 m) demonstrates the value of bidirectional information flow
between perception and control components.

The perception system's ability to provide control-relevant information (lane boundaries,
obstacle positions) with consistent timing enables the MPC controller to maintain stable
performance even under varying computational loads. The closed-loop architecture's
improvement in latency (46.7% reduction) is particularly significant, as it directly impacts the
system's ability to respond to emerging threats.

This finding extends prior work on MPC for autonomous vehicles by demonstrating that
perception integration quality is as important as control algorithm sophistication. Even an
optimized MPC formulation will underperform if perception inputs are delayed or inconsistent.



Finding 3: Performance Trade-offs Require Contextual Optimization

The observation that controller performance varies across scenario types (Table 3) indicates that
fixed parameter settings may be suboptimal for diverse driving conditions. The system achieves
near-perfect performance in clear highway scenarios (mean lateral deviation 0.09 m) but shows
performance degradation in dense traffic (0.19 m) and emergency scenarios (0.23 m). This
variation aligns with the information-theoretic prediction that perception reliability decreases in
more complex visual environments, leading to greater estimation uncertainty in the control
system.

The collision avoidance success rate of 91.3% in emergency scenarios, while promising,
indicates that approximately 9% of emergency encounters may not be successfully resolved. This
suggests that the current formulation may require additional safety margins or fail-safe
mechanisms for mission-critical scenarios.

5.2 Implications
Academic Implications:

This study extends the autonomous vehicle literature by empirically validating the benefits of
closed-loop perception-control integration. Prior theoretical work has suggested that closer
integration could improve performance, but empirical validation with real-world data and
systems has been limited. The demonstrated 46.7% improvement in detection-to-response
latency provides concrete evidence for the value of integration.

The research also contributes to the CNN perception literature by validating modified OverFeat
architecture for real-time autonomous driving applications. The systematic evaluation of
architectural modifications and their impact on both detection accuracy and speed provides
guidance for future perception system design.

The finding that scenario type significantly impacts system performance suggests the need for
adaptive architectures that can adjust perception and control parameters based on driving
context. This extends the theoretical framework of MPC by incorporating context-dependent cost
function weights and prediction horizons.

Practical Implications:

For autonomous vehicle system developers, this research provides concrete implementation
guidelines for perception-control integration. Key recommendations include:

1. Prioritize perception consistency over peak accuracy: The closed-loop system's
performance depends more on consistent detection timing than on maximizing accuracy
in any single frame. Perception systems should be optimized for predictable latency
rather than maximum frame rate.



Design perception outputs for control relevance: The perception system should
provide control-relevant information (lane boundaries, obstacle positions) in a format that
maps directly to MPC state variables, minimizing transformation latency.

Implement adaptive cost functions: The MPC cost function should adapt based on
scenario type, increasing obstacle-avoidance weight in emergency scenarios while
maintaining lane-keeping precision in normal conditions.

Monitor detection-to-response latency: The overall system's safety margins are
determined by the total latency from perception to actuation. This end-to-end metric
should be monitored as a key safety indicator.

Consider multi-modal sensor fusion: While camera-only perception performed
adequately in this study, challenging conditions (night, adverse weather) may require
integration with radar or LIDAR to maintain performance.

Performance Targets for System Development:

Metric Target Value This Study Achieved
Detection-to-Response Latency <150 ms 120 ms
Lane-Keeping Accuracy >85% 89.4%

Collision Avoidance Success >90% 91.3%

Mean Lateral Deviation <0.15m 0.12m

5.3 Limitations

1.

Simulation-based validation: The integrated system was validated primarily through
simulation rather than real-world testing. While simulation enables controlled evaluation
of challenging scenarios, it may not fully capture the complexity and uncertainty of real-
world driving conditions, including unexpected behaviors from other road users.

Limited scenario diversity: The study focused on highway driving with passenger
vehicles, which represents a subset of autonomous driving scenarios. Urban driving with
intersections, pedestrians, and complex traffic patterns may present different challenges
that were not evaluated.

Fixed vehicle dynamics parameters: The MPC formulation assumes known vehicle
dynamics parameters, which may vary due to loading, tire wear, or road conditions.




Adaptive parameter estimation could improve performance but was beyond the scope of
this study.

Camera-only perception: The perception system relies solely on camera inputs, which
may be degraded in adverse weather or poor lighting conditions. Multi-modal sensor
fusion could improve robustness but was not implemented.

Assumption of known lane markings: The perception system assumes standard lane
markings typical of North American highways. Performance may degrade with non-
standard markings or poorly maintained roads.

Limited evaluation of edge cases: While the emergency scenario evaluation showed
91.3% success, the system was not comprehensively tested across the full range of
possible edge cases and corner scenarios.

5.4 Future Research Directions

1.

Extension to urban driving scenarios: Future work should extend the closed-loop
integration architecture to urban environments with intersections, pedestrians, cyclists,
and complex traffic patterns. This will require perception system enhancements for
pedestrian detection and control system adaptations for lower-speed, higher-complexity
scenarios.

Multi-modal sensor fusion: Incorporating radar, LIDAR, and camera inputs into the
perception engine could improve robustness in challenging conditions and reduce
uncertainty in state estimation. The closed-loop architecture could be extended to handle
heterogeneous sensor inputs with varying latency and reliability characteristics.

Adaptive MPC with uncertainty estimation: Developing MPC formulations that
explicitly account for perception uncertainty in their prediction and optimization could
improve performance in challenging conditions. This could include covariance
propagation from perception through control, enabling risk-aware optimization.

Real-world validation: Full-scale vehicle implementation and testing would validate the
simulation results and identify implementation challenges not captured in simulation.
This should include testing across diverse weather and lighting conditions.

Integration with path planning: Extending the MPC formulation to include higher-level
path planning could enable the system to handle more complex scenarios requiring lane
changes or route adjustments. This would require closer integration with navigation
systems and traffic prediction.

Machine learning-enhanced MPC: Incorporating learned dynamics models or control
policies could improve performance while reducing computational burden. This could



include neural network approximations of the MPC optimization or learned tire force
models for improved prediction accuracy.

6. Conclusion

This research successfully developed and validated a closed-loop integration architecture
combining a real-time modified OverFeat CNN perception engine with Model Predictive Control
for precision lane-keeping and collision avoidance in autonomous guidance systems. The
integrated system achieves 89.4% lane-keeping accuracy with a mean lateral deviation of 0.12 m,
substantially outperforming traditional cascaded architectures.

The main contribution of this study is the validated framework for closed-loop perception-
control integration, demonstrating that bidirectional information flow between perception and
control components yields a 46.7% reduction in detection-to-response latency and a 42.9%
reduction in mean lateral deviation compared to cascaded approaches. These improvements arise
from both the perception system's real-time performance (10.2 Hz inference rate) and the MPC
controller's ability to effectively utilize perception outputs in its optimization.

For autonomous vehicle system developers, this research demonstrates that perception-control
integration quality is as critical as the individual performance of either component. The 120 ms
end-to-end latency and 91.3% collision avoidance success rate established in this study provide
practical benchmarks for system development and regulatory consideration.

As autonomous vehicle technology continues to advance toward widespread deployment, the
ability to maintain safe and reliable operation will depend increasingly on the effective
integration of perception and control systems. This research provides a validated foundation for
such integration, with demonstrated performance that meets or exceeds practical requirements
for highway autonomous driving. Continued research extending this approach to more diverse
scenarios and integrating multi-modal sensing will further enhance the safety and reliability of
autonomous guidance systems.
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