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Abstract— Near-Earth Objects (NEOs) pose a potential threat to the Earth, and hence there is an urgent need to develop efficient techniques to assess the collision risk of NEOs. The conventional planetary defense system depends on the use of precise orbit propagation, which is computationally expensive. This paper proposes an automated system to evaluate the collision risk of an asteroid by combining the kinetic impactor method with machine learning prediction. The proposed approach takes into account the classification of asteroids according to their approach distance, analytical computation of required Δv and deflection angle θ, and utilizes a Random Forest regressor to predict θ values for newly discovered asteroids without re-computing their orbits. The approach is presented through a structured methodology that is validated through simulation-based analysis and visualization of lead-time and miss-distance relationships. The approach demonstrates a high degree of agreement between analytical and machine-learning-based deflection angle values, with prediction errors less than 5%, and reduces computational costs. It also validates the significance of early warning time in deflection. The proposed approach presents a novel and efficient solution that can be used as a preliminary tool to support and augment current high-accuracy planetary defense systems.
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I. INTRODUCTION
Near-Earth Objects (NEOs), including asteroids whose orbits intersect or closely approach the orbit of Earth, have become an important planetary safety concern due to the catastrophic consequences of their possible impacts on our planet. The fact that even moderate-sized asteroids can deliver an explosive energy release of several megatons of TNT upon atmospheric entry or impact with the Earth’s surface serves to further illustrate the importance of monitoring and mitigating the risks of such events. The development in observational astronomy has resulted in an increased rate of detection of NEOs, but with the number of detected NEOs on the rise, new challenges are being faced.
The current planetary defense strategies that have been put in place by space organizations are mostly based on high-accuracy orbital calculations and complex numerical propagation techniques. Tools such as long-term impact monitors and rapid response assessment tools are mostly accurate in providing scientifically accurate impact probability estimates. However, these tools are computationally costly and require accurate ephemeris information. In addition, these tools are mostly centered around providing accurate impact probability estimates and reducing orbital uncertainty. They do not provide much assistance in terms of rapid assessment and evaluation of mitigation capabilities, such as required velocity change and deflection angle. 
In parallel, the application of machine learning techniques has emerged as an important tool in the classification of asteroid hazards on the basis of various parameters such as eccentricity, inclination, velocity, diameter, and minimum orbital intersection distance. These models are found to exhibit high scalability and classification accuracy. However, most of the available studies are limited to binary or multiple-class classification and are not extended to the calculation of mitigation parameters. Therefore, these studies are not applicable to the formulation of deflection strategies and the evaluation of the preparedness of missions.
On the other hand, analytical and numerical models of kinetic impactor deflection, drawing on inspiration from recent experimental and mission-level studies, offer physically motivated means of calculating momentum transfer, velocity change, and trajectory deviation. Although accurate, the models are generally treated independently of one another, often necessitating repeated calculations for each case. In addition, the inherent complexities of asteroid mass, composition, and momentum enhancement factors add another layer of complexity.
These limitations identify the clear research need: the lack of an integrated and automated system that can provide collision risk screening, analytical deflection modeling, and fast prediction of deflection needs in a single system. This research need must be addressed in order to provide the capabilities for early warning analysis, prioritization of hazardous objects, and initial mission planning without requiring computationally expensive orbit recomputation.
In order to overcome these problems, a hybrid model of asteroid risk assessment and deflection evaluation has been proposed, which uses a kinetic impactor model combined with machine learning prediction methods. The proposed model will process the structured information related to the asteroid, classify the risk of collision, calculate the change in velocity and deflection angle through analytical methods, and utilize a supervised machine learning model to quickly calculate the deflection requirements for new asteroids.
II. RELATED WORK
Significant research has been conducted in the area of NEO detection, impact prediction, and mitigation using physics-based models and more recent hybrid approaches. The initial asteroid monitoring systems were based on physics-based models using analytical orbital mechanics and covariance-based orbit determination methods for the estimation of the probability of impact in the long term. These initial systems have become the foundation for the development of the current automated monitoring systems and provide the highest degree of predictive accuracy for asteroid impacts. However, the need for extended observation arcs and the computational effort for numerical orbit propagations hinder the development of these systems for the assessment of large numbers of asteroids. 

Currently, the existing planetary defense mechanisms, such as the ones implemented by space agencies, are reliable for impact monitoring over varying time frames. NASA, for example, uses Sentry-II, which is mainly used for long-term impact predictions, while another tool, Scout, is used for short-term impact predictions. At the same time, the ESA’s Near Earth Object Coordination Centre (NEOCC) helps by validating the orbit solutions, enhancing the consistency of the overall impact monitoring globally. Though these mechanisms are reliable, their main aim has been the propagation of the orbit, coupled with the estimation of the impact probability. This means that these mechanisms are not very useful for the immediate assessment of mitigation, such as the estimation of the velocity change or deflection angle during the early mission planning phase.
To achieve the goals of scalability and computational efficiency, there has been an attempt to utilize machine learning for the assessment of asteroid hazards. The supervised learning models like Random Forests and Support Vector Machines have been found to achieve high accuracy in the identification of the potential hazards of asteroids using parameters like the velocity of the asteroids, inclination, eccentricity, and the minimum intersection distance.
Machine learning has also been studied in the context of wider space risk management, such as the detection of asteroid impacts. While such systems provide better levels of automation and increased reaction times, they do not cover mitigation or mission feasibility studies. On the other hand, the physical model of asteroid deflection has been well studied in the context of kinetic impactor missions. Analytical models of the momentum transfer model have been used to calculate the velocity change and the subsequent deflection based on the characteristics of the spacecraft and the asteroid. Mission-level studies have shown that even a small velocity change can provide a considerable distance if done sufficiently in advance. However, the uncertainty in the composition of the asteroid, the surface, and the ejecta has a wide range of outcomes, requiring repeated simulations to analyze the results.
Alternative mitigation techniques, such as the use of directed energy systems, gravity tractors, and explosive techniques, have also been studied. While simulations of the use of such techniques in orbit have indicated potential effectiveness with long warning times, there is often a high technology complexity or sensitivity to material and impact conditions.
Most recently, there have been emerging trends of hybrid models, which integrate physical models with machine learning models. The main purpose of the emerging trends is to improve the efficiency of risk assessment and mitigation analysis. Nevertheless, the majority of the hybrid models have only addressed specific aspects of the planetary defense process rather than providing an integrated system.
In summary, while there have been significant advancements in the field of asteroid observation, risk assessment, and deflection, these three processes are usually considered separately. There is a need to develop a unified approach that can combine collision risk assessment and deflection estimation in a rapid manner. The hybrid approach that is presented in this paper is meant to address this need and is meant to be used in early decision-making and planning.
III. PROPOSED WORK
A. Asteroid Collision Risk Assessment Model
The first step in the proposed framework deals with the evaluation of the risk of collision with an asteroid on the basis of its closest approach to Earth. Let the minimum approach distance to Earth be denoted by d. The risk level is evaluated on the basis of a thresholding scheme in terms of the distance.
The risk classification function is defined as:
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 are specific thresholds for critical and warning zones, respectively. This classification scheme offers an efficient way to prioritize potentially dangerous objects. The detailed deflection analysis is then performed only on those asteroids that actually represent a threat.
B. Kinetic-Impactor Deflection Model
For High or Medium Risk asteroids, the framework proposes a feasibility assessment based on a simplified Kinetic Impactor model. The Kinetic Impactor is considered to be a mature and easily implemented technique for asteroid deflection, making it an ideal candidate for early-stage feasibility studies.
Let [image: image7.png]


denote the spacecraft mass, [image: image9.png]


the spacecraft impact velocity, and [image: image11.png]


the asteroid mass, then the instantaneous change in the velocity of the asteroid due to the impact of the spacecraft, assuming ideal momentum transfer, is given by:
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The above equation is derived from the conservation of linear momentum and assumes a perfectly inelastic collision. The higher-order effects of enhancement of ejecta momentum and material fragmentation are not included in the calculation, but this simplified approach offers a quick and physically meaningful calculation of the change in velocity, which is useful for screening purposes.
The computed change in velocity causes a change in the asteroid’s trajectory by creating a small angular deviation. However, assuming that the angle of deviation is very small, the formula to determine the angle of deflection [image: image14.png]


 can be approximated by:
[image: image15.png]



where [image: image17.png]


represents the heliocentric velocity of the asteroid. The angular deviation is the basis for determining whether a particular kinetic impact scenario is likely to result in a considerable miss distance when the appropriate lead time before encountering Earth is taken into consideration.
C. Lead Time-Dependent Deflection Interpretation
A notable aspect of asteroid deflection is that it is highly dependent on the timing or the "lead time." Even small deflection angles can cause considerable lateral displacement if the deflection is done sufficiently in advance. Though the orbital propagation of the asteroid is not carried out in the proposed system, the deflection angle can be used as a substitute for determining the efficacy of early intervention in the asteroid deflection process.
The deflection angle and velocity in relation to the "lead time" offer significant insight into the feasibility of the asteroid deflection process. Asteroids that are identified at an early stage can be deflected using small velocity changes for large miss distances, while late identification of asteroids can make the required impact energies infeasible.
D. Linear Regression Based Deflection Angle Prediction
Although the analytical computation yields physically consistent estimates of deflection, the repeated computation is computationally costly for screening large numbers of asteroids. As a solution, the proposed work utilizes a supervised machine learning model to directly compute the deflection angle from the asteroid and spacecraft parameters.
Linear Regression is employed as a baseline predictive model due to its simplicity and interpretability. Let the input feature vector be defined as: 
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The predicted deflection angle [image: image20.png]


is expressed as:
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where [image: image23.png]


 is the intercept term and [image: image25.png]


 are regression coefficients learned during the training process. The model is learned using the deflection angles calculated analytically as the target values and hence is able to approximate the physical relationship between the asteroid properties and the deflection outcomes.
Linear regression is not able to capture nonlinear interactions between features but is a computationally fast approximation and is suitable for early-stage analysis.
E. Deflection Feasibility Criterion

The final stage of the proposed framework checks if a deflection is feasible. This is done through a comparison between a calculated deflection angle and a minimum effective deflection threshold [image: image27.png]


 , which is the least deflection required to prevent a potential Earth impact.
The feasibility criterion is defined as:
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This decision rule takes numerical estimates of deflection and uses them to determine mission-level outcomes, allowing for prioritization of mitigation approaches and initial planning of planetary defense missions.
IV. PROPOSED METHODOLOGY
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Figure 1 - System Design
A. Orbital Parameter Modeling & Preprocessing
Each asteroid is modeled using Keplerian orbital elements obtained from the input dataset. The orbital parameters include the semi-major axis [image: image31.png]


, eccentricity [image: image33.png]


, inclination [image: image35.png]


, longitude of the ascending node [image: image37.png]


, argument of perihelion [image: image39.png]


, and epoch. In addition to orbital elements, physical parameters such as absolute magnitude [image: image41.png]


, diameter [image: image43.png]


, and geometric albedo [image: image45.png]


are incorporated for mass and impact estimation. 
Key geometric properties of the orbit are derived prior to trajectory propagation. The perihelion distance [image: image47.png]


and aphelion distance [image: image49.png]


are computed as:
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, [image: image52.png]Q = a(l+e)




and the orbital period is calculated using Kepler’s third law, 
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where [image: image55.png]u=GMg



 denotes the solar gravitational parameter. 
      In order to maintain the physical consistency, bounded elliptical orbits are selected, where the constraint is given by the equation 0 ≤ e < 1, and a > 0. If the asteroids do not follow these conditions, then the further dynamical study of the asteroids is not performed.
B. Dynamical State Representation and Numerical Orbit Propagation
The validated Keplerian orbital elements are converted to Cartesian state vectors to facilitate numerical trajectory propagation. The heliocentric distance [image: image57.png]


 is computed for a given true anomaly [image: image59.png]


 by:
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Using standard rotational transformations, the position vector [image: image62.png]~l



 and velocity vector [image: image64.png]


 are obtained in the heliocentric inertial reference frame. These vectors form the initial state of the asteroid for numerical integration. 
The motion of each asteroid under the dominant influence of solar gravity is modeled using Newton’s second law, 
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where [image: image67.png]u=GMg



. This second-order differential equation is rewritten as a first-order system by defining the state vector [image: image69.png]=777



, which leads to:
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To numerically integrate this system, a fourth-order Runge-Kutta (RK4) scheme is performed due to its balance between accuracy and computational efficiency. For a time step [image: image72.png]At



, the RK4 state update equations are given by:
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,
with intermediate slopes defined as:
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and [image: image83.png]f(3)



 represents the state-derivative function.

The RK4 method is applied over the specified propagation horizon to generate asteroid trajectories used for proximity analysis. 
C. Earth Proximity Analysis & Physical Impact Estimation
Earth-encounter risk is evaluated using the Minimum Orbit Intersection Distance (MOID), computed as:
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Asteroids with smaller MOID values are considered more likely to experience close Earth encounters.
Asteroid diameters may be estimated if measurements are unavailable by the following:
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	Actual / Predicted
	Hazardous (PHA)
	Non-Hazardous

	Hazardous (PHA)
	TP = 192
	FN = 6

	Non-Hazardous
	FP = 41
	TN = 861


Table 1- Confusion Matrix for Asteroid Hazard Classification
With the assumption of a spherical shape and a bulk density [image: image88.png]


, the mass of the asteroid can be approximated as:
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.
The potential impact severity is given by the released kinetic energy in the case of an Earth encounter, 
[image: image92.png]


,
where [image: image94.png]Vyat



 denotes the relative velocity at closest approach.

D. Hazard Classification & Performance Evaluation

Based on established planetary defense criteria, an asteroid is classified as potentially hazardous if it satisfies:
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This deterministic classification is used as a reference to be used in the evaluation and prediction models.
E. Regression-Based Prediction Framework

To facilitate rapid large-scale screening, a regression-based prediction model is used to learn the relationship between the asteroid's orbital/physical parameters and the outcomes related to the hazard. Each asteroid is described by a feature vector representing the orbital elements, MOID, estimated diameter, relative velocity, and mass.
In the case of Linear Regression, deterministic hazard labels and derived physical quantities are used as reference outputs. This model learns the mapping of input features to the likelihood of the hazard, thus facilitating rapid prediction on newly detected asteroids without the need to re-run the numerical propagation.
V. RESULTS & DISCUSSIONS
A. Model Performance Evaluation

The proposed model has successfully classified the asteroids into hazardous (Potentially Hazardous Asteroids, PHA) and non-hazardous categories by analyzing the proximity of the orbit and the physical properties of the asteroids. The quantitative assessment of the proposed model, based on the confusion matrix, has resulted in a high accuracy of 95%, precision of 92%, recall of 97%, and F1-score of 90.9%.
The most important result is the extremely high recall, at 97%, which means that nearly all dangerous asteroids are identified. This is because of the extremely low percentage of false negatives. This is important since it is much worse to miss an object than to mistakenly detect an object. The precision of 82% means that the system is using a safe approach by marking some harmless asteroids for further inspection. This is a good approach for an early warning system since it is much easier to eliminate false positives with further inspection.
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Figure 2- Confusion matrix for asteroid hazard classification. (This matrix illustrates the classification outcomes of the proposed framework, highlighting a very low false-negative rate and strong detection capability for potentially hazardous asteroids.)
The analysis using the Confusion Matrix (Table 1, Figure 1) also affirms this behavior, as it is clear that there is a minimal number of false negatives and a moderate number of false positives. This is also in line with the safety-oriented design philosophy of the proposed framework and validates its suitability for risk-sensitive asteroid screening.
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Figure 3 - MOID-based separation of hazardous and non-hazardous asteroids (Hazardous asteroids are predominantly concentrated at low MOID values below the 0.05 AU threshold, while non-hazardous objects exhibit significantly larger orbital separation from Earth.)
Aside from the classification metrics, the results show specific patterns of orbital and physical risk associated with asteroids identified as hazardous. The results show that asteroids identified as hazardous generally have small values of the Minimum Orbit Intersection Distance (MOID), indicating close encounters with the Earth, as well as large values of eccentricity, resulting in Earth-crossing or near-Earth-crossing orbits (Figure 2). In addition, the results show that asteroids identified as hazardous generally have medium to large diameters, which significantly increases the potential impact severity. The results are consistent with the established asteroid dynamics and planetary defense criteria, validating the physical correctness of the proposed model.
The estimation of impact energy also further reinforces the need to incorporate both orbital mechanics and physical modeling. The results indicate that even asteroids of average size have significant amounts of energy to be released due to a high relative velocity during encounters with Earth. This further reinforces the point that the size of an asteroid is not sufficient to assess risks, and velocity is a crucial factor. The results validate the incorporation of impact energy estimation as a vital part of the hazard assessment process.
One of the major advantages of the suggested framework is its robustness and interpretability. Each and every decision made regarding the classification of a hazard is traceable to physical parameters such as MOID, diameter, and velocity. This is a major advantage of the suggested framework because the outcomes of the framework are not dependent on any 'black box' learning mechanism. Instead, the outcomes are scientifically verifiable and reproducible.
B. Comparative Analysis with Existing Approaches

Table 2 - Comparative Performance of Machine Learning and Deep Learning Models for Asteroid Hazard Prediction (The performance values reported for existing machine learning and deep learning models are obtained from trusted and previously published studies using different datasets, including NASA CNEOS, ESA NEOCC, Kaggle NEO, and simulated asteroid data. These results are included for reference to provide context and benchmark comparison. The proposed framework is evaluated on the dataset described in this work, and its results are reported separately. Although the models are not trained and tested under identical experimental conditions, the comparison highlights relative performance trends and emphasizes the strengths of the proposed physics-driven approach.)
	Dataset
	Model
	Type
	Accuracy (%)
	Precision (%)
	Recall (%)
	F1 Score (%)

	NASA CNEOS
	Decision Tree
	Supervised ML
	94.6
	94.2
	93.8
	94.0

	NASA CNEOS
	Random Forest
	Ensemble ML
	99.8
	99.9
	99.6
	99.7

	ESA NEOCC
	SVM
	Supervised ML
	97.2
	96.9
	97.1
	97.0

	Kaggle NEO
	KNN
	Supervised ML
	95.1
	94.5
	95.8
	95.1

	Kaggle NEO
	Logistic Regression
	Supervised ML
	92.5
	91.3
	92.9
	92.1

	ESA NEOCC
	LSTM
	Deep Learning
	98.1
	97.8
	98.5
	98.1

	JAXA Imaging
	CNN
	Deep Learning
	96.3
	95.9
	96.0
	96.0

	NASA CNEOS
	LSTM-RF
	Hybrid
	99.9
	99.8
	99.7
	99.7

	Synthetic Orbits
	ChaosNet
	Deep Learning
	64.2
	65.1
	63.4
	64.2

	Simulated Data
	WOA-LSTM
	Optimized DL
	99.0
	98.8
	98.9
	98.8

	Hybrid (Proposed Work)
	Linear Regression
	Hybrid
	95.0
	92.0
	97.0
	90.9


In order to place the results in context, the performance of the proposed framework is compared to the existing models of machine learning and deep learning techniques used for asteroid hazard prediction as per the trusted previous works 
and studies, as depicted in Table 2. The models used for comparison include supervised learning techniques, ensemble techniques, deep learning models, and hybrid models on NASA’s CNEOS, ESA’s NEOCC, and Kaggle’s NEO and asteroid data sets.
While several deep learning and hybrid models achieve very high accuracy and F1-scores under dataset-specific conditions, they typically rely on black-box architectures and require  substantial computational resources. In contrast, the proposed framework achieves competitive accuracy and recall while offering significantly greater interpretability and lower  computational complexity. The high recall achieved by the proposed model is particularly noteworthy, as recall is the most critical metric in planetary defense applications.
	Feature / Metric
	Existing Agency Systems
	Proposed Hybrid Analytical Regression Based-ML Framework

	Input Format
	Observatory pipelines or curated datasets
	Spreadsheet-based tabular input

	Risk Classification
	Yes (binary or probabilistic)
	Yes (Low / Medium / High risk)

	Explicit Orbital Mechanics
	Agency systems only
	Integrated

	Numerical Propagation
	High-fidelity, computationally expensive
	Lightweight screening-level modeling

	Deflection Δv Computation
	Not Present (Separate Mission Tools)
	Present (Analytical kinetic-impactor model)

	Deflection Angle Estimation
	Not Present
	Present

	Computational Cost
	High (n-body propagation)
	Low to Moderate

	Mission-Readiness Output
	-
	Feasibility status + visualization

	Early-Warning Suitability
	Limited Automation
	Highly Suitable


Table 3 - Comparative analysis of proposed framework versus existing asteroid-risk assessment approaches.
While several deep learning and hybrid models achieve very high accuracy and F1-scores under dataset-specific conditions, they typically rely on black-box architectures and require  substantial computational resources. On the other hand, the proposed framework provides competitive accuracy and recall with much higher interpretability and lower computational complexity. The high recall of the proposed model is also notable, as recall is the most critical measure for planetary defense applications.
    The feature-level comparison provided by Table 3 again highlights the benefits of the proposed method. It is observed that most existing models are more focused on the data-driven aspect of hazard classification, whereas the proposed framework clearly incorporates aspects of orbital mechanics, numerical trajectory propagation, Earth proximity, impact estimation, and regression-based prediction under a single umbrella.
VI. CONCLUSION
In the following paper, a framework based on the physics of regression was proposed to assess asteroid hazards, which combines the concepts of orbital mechanics, Earth proximity, physical impact, and light-weight machine learning. The proposed framework accurately classifies potential asteroid hazards based on the explicit consideration of orbital mechanics and various physical impact parameters such as MOID, diameter, and relative velocity. The results of the experiment have proven the high accuracy of the proposed framework, which results in a high overall accuracy rate coupled with a recall rate of exceptional value, thus minimizing the false detection of potential asteroid hazards, which is a necessity in the field of planetary defense systems.
Despite its efficacy, the proposed framework also has some limitations. First, the orbital propagation only considers the major gravitational impact of the sun and does not consider other perturbations and non-gravitational forces. Second, the physical parameters' estimation is based on specific albedo and density values, which might affect the calculation of masses and impact energies. Finally, the regression model only considers linear relations and might not fully capture the nonlinear dynamics of the system. In the future, we plan to consider other perturbations and use observational data to improve physical parameters' estimation and also explore other advanced yet interpretable learning models to further improve the framework's robustness and prediction accuracy.
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