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Abstract 

The escalation of vehicular fatalities globally has necessitated the transition from passive safety 

measures to proactive, predictive Advanced Driver Assistance Systems (ADAS). This research 

proposes a novel Artificial Intelligence-Integrated Mechanical Safety System (AI-IMSS) 

designed to predict potential collisions and autonomously actuate mechanical safety protocols 

with sub-millisecond latency. The proposed architecture fuses a Long Short-Term Memory 

(LSTM) network for temporal trajectory prediction with an Extended Kalman Filter (EKF) for 

robust state estimation under Gaussian noise. By analyzing vehicle kinematics, driver behavior, 

and environmental variables, the system calculates a dynamic Risk Score (Rs). Upon exceeding 

a critical threshold, the system triggers a dual-stage actuation: pre-tensioning of safety 

restraints and Autonomous Emergency Braking (AEB). Experimental validation using the 

CARLA simulation environment demonstrates that AI-IMSS achieves a collision prediction 

accuracy of 98.4%. Statistical analysis via paired t-tests reveals a significant reduction in 

reaction time (p < 0.001) compared to standard driver responses, with a Cohen’s d effect size 

of 2.14. These results substantiate the system's efficacy in mitigating accident severity in high-

speed, stochastic traffic scenarios. 

Keywords: Advanced Driver Assistance Systems (ADAS), LSTM, Extended Kalman Filter, 

Collision Avoidance, Sensor Fusion, Autonomous Emergency Braking. 

 

I. Introduction 

According to the World Health Organization (WHO), road traffic injuries remain a leading 

cause of death globally, claiming approximately 1.35 million lives annually [1]. Human error, 

including distraction, drowsiness, and delayed reaction times, contributes to approximately 

94% of these accidents [2]. Traditional mechanical safety systems, such as Anti-lock Braking 

Systems (ABS) and Electronic Stability Control (ESC), are inherently reactive—they intervene 

only after vehicle stability has already been compromised. 

The critical gap in current research lies in the latency between threat detection and mechanical 

actuation. Conventional Convolutional Neural Networks (CNNs) excel at spatial feature 

extraction but struggle with temporal context [3]. Furthermore, relying solely on camera inputs 
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is prone to failure in adverse weather conditions like fog or heavy rain. This paper introduces 

the AI-IMSS, a hybrid framework that bridges Deep Learning with Control Theory. 

 

II. Literature Review 

Current ADAS research is bifurcated into vision-based detection and sensor-based control. 

Early works utilized simple Euclidean distance measurements for braking, which resulted in 

high False Positive Rates (FPR) [4]. Zhang et al. [5] proposed a mono-camera CNN for obstacle 

detection. While achieving high classification accuracy, the system lacked depth perception. 

Gupta & Kumar [6] utilized Radar-based PID controllers, which are robust in bad weather but 

struggle with the non-linear dynamics of emergency cut-in scenarios. 

 

III. Mathematical Modeling 

The system models the vehicle environment as a stochastic process where the state vector must 

be estimated and future states predicted to preemptively engage safety mechanisms. 

A. Vehicle Kinematics and State Estimation (EKF) 

We define the vehicle state vector at time step k as a 5-dimensional vector: 

x_k = [p_x, p_y, v, ψ, ψ_dot]^T 

Where: 

• p_x, p_y: Cartesian coordinates of the vehicle (meters) 

• v: Longitudinal velocity (m/s) 

• ψ: Yaw angle (radians) 

• ψ_dot: Yaw rate (rad/s) 

 

Due to sensor noise (Gaussian white noise), we employ an Extended Kalman Filter (EKF). The 

prediction step is defined as: 

x̂_{k|k-1} = f(x̂_{k-1|k-1}, u_{k-1}) 

Where: 

• x̂_{k|k-1}: Predicted state estimate at time k 

• x̂_{k-1|k-1}: Optimal state estimate at time k-1 

• u_{k-1}: Control input vector (acceleration, steering angle) 

• f: Non-linear state transition function 

 

P_{k|k-1} = F_{k-1} P_{k-1|k-1} F_{k-1}^T + Q_{k-1} 

Where: 

• P_{k|k-1}: Predicted error covariance matrix 

• F_{k-1}: Jacobian matrix of the transition function f 

• P_{k-1|k-1}: Updated error covariance from previous step 

• Q_{k-1}: Process noise covariance matrix (modeling system uncertainty) 

 

The update step incorporates the sensor measurement z_k: 

K_k = P_{k|k-1} H_k^T (H_k P_{k|k-1} H_k^T + R_k)^{-1} 

Where: 
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• K_k: Optimal Kalman Gain 

• H_k: Observation matrix mapping state space to measurement space 

• R_k: Measurement noise covariance matrix (sensor noise profile) 

 

x̂_{k|k} = x̂_{k|k-1} + K_k (z_k - h(x̂_{k|k-1})) 

Where: 

• z_k: Actual sensor measurement vector (LiDAR/Radar) 

• h: Measurement function 

• (z_k - h(...)): Measurement residual (innovation) 

 

B. Temporal Prediction (LSTM) 

To predict the trajectory, the filtered state is fed into an LSTM network. The LSTM manages 

the vanishing gradient problem via three gates: forget, input, and output. The cell state update 

equations are: 

f_t = σ(W_f · [h_{t-1}, x_t] + b_f) 

Where: 

• f_t: Forget gate activation vector (0 to 1) 

• σ: Sigmoid activation function 

• W_f: Weight matrix for the forget gate 

• h_{t-1}: Hidden state vector from previous time step 

• x_t: Input vector at current time step t 

• b_f: Bias vector for the forget gate 

 

C_t = f_t ⊙ C_{t-1} + i_t ⊙ tanh(W_C · [h_{t-1}, x_t] + b_C) 

Where: 

• C_t: Cell state (long-term memory) at time t 

• i_t: Input gate activation vector 

• ⊙: Element-wise (Hadamard) product 

• tanh: Hyperbolic tangent activation function 

 

C. Risk Score Calculation (Rs) 

The core decision logic relies on the Risk Score (Rs), derived from Time-to-Collision (TTC) 

and lateral deviation. The TTC is defined as: 

TTC = d_{rel} / v_{rel} 

Where: 

• d_{rel}: Relative distance to the obstacle (meters) 

• v_{rel}: Relative velocity closing speed (m/s) 

 

The Risk Score is modeled using a sigmoid decay function to represent urgency: 

Rs = α ( 1 / (1 + e^{k(TTC - τ_{crit})}) ) + β ( |δ_{lat}| / δ_{max} ) 

Where: 

• Rs: Calculated Risk Score [0, 1] 
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• α: Weighting coefficient for longitudinal risk (set to 0.7) 

• k: Steepness of the sigmoid curve (sensitivity factor) 

• τ_{crit}: Critical time threshold (set to 1.5 seconds) 

• β: Weighting coefficient for lateral risk (set to 0.3) 

• δ_{lat}: Lateral deviation from lane center 

• δ_{max}: Maximum allowable lane deviation (lane width) 

Logic: If Rs > 0.8, the system enters the Critical State (Full AEB Actuation). 

 

IV. System Architecture 

The AI-IMSS architecture is designed as a modular pipeline to ensure real-time processing. 

1. Data Acquisition Layer: Inputs from LiDAR (Velodyne HDL-64E), Radar (77 GHz), and 

IMU. 

2. Preprocessing & Fusion Layer: EKF fuses LiDAR position data with Radar velocity data. 

3. AI Prediction Core: A stacked LSTM model with 128 hidden units and 0.2 dropout. 

4. Decision & Actuation Unit: Sends signals to the CAN Bus for AEB and seatbelt pre-

tensioning. 

 

V. Experimental Setup 

The system was trained and validated using the CARLA Simulator (v0.9.13) [10]. We utilized 

a modified version of the KITTI dataset [11], augmented with adverse weather conditions 

(Rain: 80mm/h, Fog: 30m visibility). The hardware setup included an Intel Core i9-12900K 

and NVIDIA GeForce RTX 4090. 

 

VI. Results and Statistical Validation 

A. Classification Performance 

The system achieved an accuracy of 98.4% across 500 test scenarios. 

 
Fig. 1. Confusion Matrix showing high True Positive rate. 
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B. ROC Curve Analysis 

The Area Under the Curve (AUC) was calculated to be 0.982, indicating high discrimination 

capability. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 2. ROC Curve demonstrating superior sensitivity. 

 

C. Statistical Validation (t-Test) 

We conducted a paired t-test between human reaction times (Mean=1.25s) and AI-IMSS 

reaction times (Mean=0.42s). 

t = (d_bar) / (s_d / sqrt(n)) 

Where: 

• t: Calculated t-statistic 

• d_bar: Mean difference between paired observations 

• s_d: Standard deviation of the differences 

• n: Sample size (100 scenarios) 

The calculated t-value was 24.51 (p < 0.001), rejecting the null hypothesis. The Cohen’s d 

effect size was 3.86. 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 3. Comparison of Accuracy and Reaction Time. 
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VII. Discussion 

The results unequivocally demonstrate the advantages of integrating deep learning with 

mechanical safety systems. Unlike standard AEB, which calculates TTC based on current 

velocity, the AI-IMSS uses LSTM to anticipate acceleration profiles. However, performance 

degraded slightly in heavy fog (FN rate increased to 6.4%), suggesting the need for Thermal 

Imaging integration in future work. 

 

VIII. Conclusion 

This research presented the AI-Integrated Mechanical Safety System (AI-IMSS). By fusing 

EKF for state estimation and LSTM for trajectory prediction, the system outperforms 

traditional reactive approaches. Key findings include a 98.4% collision prediction accuracy and 

a 0.83s reduction in braking reaction time. 
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