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Abstract
Unmanned aircraft detect and avoid systems require reliable prediction of future separation because unsafe encounter states may
develop before a remote pilot or autonomy stack can respond. Hazard prediction is difficult when the intruder aircraft changes
heading, speed, or vertical rate while the ownship receives only noisy relative measurements. This paper reports an empirical Monte
Carlo study of a distributionally calibrated multiple model learning method for real time hazard state prediction in three dimensional
unmanned aircraft encounters. The proposed method combines an interacting multiple model state estimator with a supervised
residual learning layer trained to correct future horizontal miss distance, time to closest approach, vertical separation, and loss of well
clear probability. A simulated data set of 260,000 encounters was generated with randomized geometry, maneuver modes, turn rates,
acceleration levels, climb rates, and sensor noise regimes. The model was evaluated on held out encounters using deterministic error
metrics, binary classification metrics, probabilistic calibration scores, ablation analysis, and paired statistical tests. Under medium
measurement noise at a 35 s look ahead horizon, the proposed method reduced horizontal miss distance mean absolute error by 58.4%
relative to linear extrapolation and by 32.6% relative to an uncorrected interacting multiple model predictor. Loss of well clear F1 score
improved from 0.654 for linear extrapolation and 0.746 for the uncorrected interacting multiple model predictor to 0.821. Nominal
90% predictive intervals achieved 88.9% empirical coverage. The results show measurable improvement in simulated maneuvering
encounters while preserving a physically interpretable estimation backbone.

1. Introduction

Detect and avoid prediction for unmanned aircraft is a future
state inference problem rather than a simple current state
estimation problem. A tracking filter may estimate current
relative position with modest error and still predict future
separation poorly if the intruder aircraft begins a coordinated
turn, changes vertical rate, or accelerates during the predic-
tion window. The ownship must make separation judgments
using only measurements available at the current decision
epoch, but the relevant safety variables are defined by future
geometry. This creates an empirical modeling problem with
three interacting sources of uncertainty: noisy observations,
uncertain current dynamic mode, and uncertain future con-
tinuation of the intruder maneuver. A useful predictor must
address all three without becoming so opaque that its behav-
ior cannot be diagnosed.

This paper develops and evaluates a hybrid empirical method
for detect and avoid hazard state prediction. The method
uses an interacting multiple model estimator as a physically
structured tracking backbone and adds a supervised residual
learning layer for future hazard states. The physical estimator
represents several candidate intruder motion regimes, updates
their posterior probabilities using measurement innovations,
and projects each candidate model forward through the look

ahead horizon. The learning layer is trained on the residual
difference between the physical projection and the realized
future hazard state. This residual formulation avoids asking a
machine learning model to rediscover elementary kinematics
from raw data. Instead, the model learns where the finite
model bank, nominal process noise, and assumed transition
probabilities leave systematic errors.
The empirical focus is on hazard states that directly describe
future encounter severity. The continuous targets are hori-
zontal miss distance, time to closest horizontal approach, and
vertical separation at that closest horizontal approach. The
binary target is loss of well clear within a specified look ahead
horizon. These targets are evaluated at horizons of 5 s, 15 s,
25 s, 35 s, and 45 s. The 35 s horizon is emphasized because
it is long enough for maneuver uncertainty to be important
and short enough to remain relevant for alerting decisions.
The paper evaluates deterministic prediction accuracy, prob-
ability calibration, predictive interval coverage, classification
performance, and robustness under distribution shift.
Canolla et al. (2018) treated time to closest point of ap-
proach, horizontal miss distance, and vertical separation as
detect and avoid hazard states, and they showed that using an
interacting multiple model prediction phase can improve es-
timates for maneuvering intruders compared with linear clos-
est approach extrapolation [8]. The present study extends
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Figure 1. Real-time hazard prediction pipeline from simulated encounter generation to calibrated loss-of-well-clear assessment.
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Figure 2. Interacting multiple-model estimation with mode mixing, filter updates, probability normalization, and fused relative-state
output.

that empirical direction by adding explicit measurement noise
regimes, larger encounter variability, held out training and
testing partitions, residual learning, probabilistic calibration,
and statistical model comparison. The goal is not to restate
the value of multiple model tracking, but to test whether a
calibrated learning layer can improve future hazard state esti-
mates after a multiple model tracker has already been applied
[23].
The research question is therefore measurable. Given relative
position measurements through time k, mode conditioned fil-
ter outputs, posterior mode probabilities, and current ownship
state, can a calibrated residual learner improve future hazard
prediction relative to a linear extrapolation baseline and an
uncorrected interacting multiple model predictor? The paper
also asks whether the improvement remains when measure-
ment noise increases, when noise becomes heavy tailed, when
mode transition probabilities are mismatched, and when the
test distribution contains stronger turning behavior than the
training distribution. These robustness questions matter be-
cause simulated learning methods can appear effective under
nominal assumptions but fail when the encounter distribution
changes.
The proposed model is distributional. It outputs conditional
quantiles for the continuous hazard states and a calibrated
probability for loss of well clear. This is important because
a single predicted value does not indicate whether the cur-
rent encounter geometry is stable or highly uncertain [33]. A
prediction of 3,900 ft horizontal miss distance has different
practical meaning if the calibrated 90% interval is narrow than
if the same point estimate is accompanied by a wide interval
crossing both sides of the well clear boundary. The paper
therefore evaluates both point estimates and uncertainty es-
timates. A model that improves mean error while producing
overconfident intervals would not be satisfactory for this type
of problem.
The study uses simulated encounters rather than flight col-

lected encounters. This design choice allows the true fu-
ture trajectory to be known for every prediction epoch, which
makes supervised learning and exact error measurement possi-
ble. It also permits systematic control of intruder maneuvers,
sensor noise, and distribution shift. The limitation is that a
simulated encounter population cannot be assumed to rep-
resent all operational traffic, sensor artifacts, aircraft types,
or pilot behaviors. The paper presents simulation based em-
pirical evidence rather than operational validation. The con-
clusions are restricted to the tested conditions and should
be interpreted as evidence about modeling structure, not as
direct evidence of certification readiness.

The main empirical result is that the distributionally cali-
brated residual model improves prediction most clearly in
maneuvering encounters and at intermediate look ahead hori-
zons. Under medium measurement noise at 35 s, horizontal
miss distance mean absolute error is 615 ft for linear extrap-
olation, 381 ft for the uncorrected interacting multiple model
predictor, and 257 ft for the proposed method. The proposed
method also improves loss of well clear F1 score from 0.654
for linear extrapolation and 0.746 for the uncorrected multi-
ple model predictor to 0.821. The improvement is smaller at
5 s because little trajectory curvature accumulates over that
short interval, and it is also smaller at 45 s because unob-
served future mode switches become a dominant source of
irreducible uncertainty [26].

The remainder of the paper is organized as follows. The next
section describes the simulated encounter data, measurement
model, empirical partitions, and target definitions. The fol-
lowing section presents the state space estimation framework
and the hazard state equations. The next section introduces
the residual learning model, quantile objective, classification
head, and kinematic regularization. The results section re-
ports deterministic error, classification performance, calibra-
tion, ablation analysis, and statistical testing. The robustness
section examines measurement noise, transition mismatch,
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Figure 3. Residual-learning layer that corrects IMM hazard estimates using quantile targets, coverage calibration, and kinematic
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Figure 4. Closest-approach geometry used to derive horizontal miss distance, time to closest approach, vertical separation, and
well-clear status.

distribution shift, and error diagnostics. The conclusion sum-
marizes the empirical findings and their limits.

2. Data and Empirical Design

The empirical data set contains 260,000 simulated three di-
mensional encounters. Each encounter lasts 120 s and is sam-
pled at 1 Hz. For every encounter, the simulation stores the
ownship trajectory, intruder trajectory, active intruder motion
mode, noisy relative measurements, mode conditioned filter
estimates, posterior mode probabilities, uncorrected model
predictions, learned residual predictions, and realized future
hazard states. The data are split at the encounter level into
182,000 training encounters, 39,000 validation encounters,
and 39,000 test encounters. The split is performed before
time indexed examples are constructed. This prevents ad-
jacent time steps from the same encounter from appearing
in both training and testing, which would otherwise produce
overly optimistic performance estimates.
The ownship follows a level constant velocity trajectory in
the main experiment. Its speed is fixed at 200 kt. Its po-
sition at the beginning of each encounter defines the origin
of the local Cartesian coordinate system. The intruder is ini-
tialized on a cylindrical encounter boundary centered on the
ownship. The horizontal radius of the boundary is 5.4 nauti-
cal miles, and the vertical boundary extends 3,000 ft above
and below ownship altitude. The initial intruder azimuth is

drawn uniformly. Initial altitude offset is drawn from a mix-
ture distribution that gives additional probability to near co
altitude encounters while retaining substantial probability for
vertically separated cases [22]. Initial intruder speed is drawn
from a truncated distribution between 70 kt and 310 kt.
The initial intruder heading is sampled so that the aircraft has
an inward radial component relative to the encounter bound-
ary. If the initial draw produces a trajectory that is immedi-
ately and strongly diverging from the ownship, the encounter
is rejected and resampled. This rejection procedure does not
force a loss of well clear event. It only prevents the data set
from being dominated by trivial cases in which the intruder
starts on the boundary and flies away. The accepted encoun-
ters therefore contain a mixture of hazardous, marginal, and
benign cases that require prediction rather than immediate
dismissal.
The intruder motion process uses six dynamic modes. The
first mode is horizontal constant velocity with zero vertical
rate. The second mode is three dimensional constant velocity
with nonzero vertical rate. The third mode is coordinated hor-
izontal turn with approximately constant speed and zero ver-
tical rate. The fourth mode is coordinated turn with vertical
motion. The fifth mode is horizontal constant acceleration.
The sixth mode is three dimensional constant acceleration.
The active mode changes according to a Markov transition
process. The average mode duration in the nominal simula-
tion is 13.8 s, with the lower quartile at 7 s and the upper
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Figure 5. Encounter-level empirical design with separated training, validation, and test stages for deterministic, probabilistic, and
classification metrics.
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Figure 6. Evaluation map connecting look-ahead conditions to error, calibration, alerting, and robustness diagnostics.

quartile at 20 s. This creates persistent maneuver segments
while still allowing abrupt changes within the prediction hori-
zon.

The intruder trajectory is propagated with point mass kine-
matics. During constant velocity modes, velocity remains
fixed apart from small process perturbations. During co-
ordinated turn modes, horizontal velocity rotates accord-
ing to a bounded turn rate. During acceleration modes,
the acceleration vector remains piecewise constant between
mode changes and is bounded to avoid physically implausi-
ble speeds. Vertical rates are bounded between −1, 800 ft
per minute and 1,800 ft per minute in the main distribu-
tion. These values are chosen to generate a challenging but
controlled data set rather than to define a universal aircraft
performance envelope.

The measurement model observes relative Cartesian position.
The medium noise condition uses zero mean Gaussian mea-
surement errors with horizontal standard deviation 45 ft in
each horizontal coordinate and vertical standard deviation 30
ft. The low noise condition uses 20 ft horizontal and 15 ft
vertical standard deviations. The high noise condition uses
90 ft horizontal and 60 ft vertical standard deviations. A
heavy tailed condition uses the medium noise model for 92%
of measurements and replaces 8% of measurements with er-
rors whose standard deviations are four times larger. The
estimator is not told which observations are contaminated in
the heavy tailed condition.

Prediction examples are created after the first five observa-
tions of each encounter [28]. This short initialization inter-
val allows the filter bank to form a meaningful velocity esti-
mate. At each eligible time step, the predictor receives only
measurements and filter outputs available through the cur-

rent time. It predicts future hazard states over horizons of
5 s, 15 s, 25 s, 35 s, and 45 s. The realized hazard states
are computed from the true trajectory after the encounter is
complete. This makes the supervised target exact within the
simulation resolution while preserving the causal restriction
that the model cannot use future measurements at predic-
tion time.

The horizontal miss distance target is the minimum horizon-
tal separation within the look ahead horizon. If the true
horizontal relative position at future offset ℓ is rH,k+ℓ, then
the realized horizontal miss distance is obtained by minimiz-
ing ∥rH,k+ℓ∥2 over the horizon. Time to closest approach
is the future offset at which that minimum occurs. Vertical
separation is the absolute vertical distance at the same future
offset. If multiple sampled offsets yield the same horizontal
separation, the earliest offset is selected. This convention
avoids unstable labels when the closest approach curve is lo-
cally flat.

The binary loss of well clear target is computed from the true
future trajectory. A positive label is assigned if the trajectory
enters the well clear violation region within the specified hori-
zon. In this study, the horizontal threshold is 4,000 ft and the
vertical threshold is 450 ft. The time condition is satisfied
when the closest approach lies within the evaluated horizon.
The label is not computed from the model prediction. It
is computed from simulated truth. This distinction ensures
that classification results measure real prediction performance
rather than agreement with the model’s own internal forecast.

The accepted data distribution is intentionally enriched for
informative near encounter cases. If encounters were sam-
pled without enrichment, most aircraft pairs would remain
far from the well clear boundary and the learning problem
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would be dominated by easy negatives. Approximately 50%
of accepted encounters have a true minimum horizontal sep-
aration below 7,000 ft at some point. Approximately 30%
have vertical separation below 900 ft at some point. Approx-
imately 16.2% of test encounters contain at least one loss
of well clear event. These proportions define the empirical
evaluation distribution. They are not claimed to represent
natural airspace event rates.

The time indexed training pool contains many correlated
examples because each encounter contributes multiple time
steps and horizons. After removing the initialization interval,
the training split yields approximately 105 million possible
time horizon examples. Training on every example in every
epoch is computationally unnecessary and would overweight
long benign segments. The model therefore uses stratified
mini batch sampling. Each epoch samples 4.5 million exam-
ples balanced by horizon, active maneuver class, and hazard
label. Positive loss of well clear examples are oversampled
during training. Validation and testing use the original en-
riched distribution without oversampling.

The feature vector is constructed from physical and statis-
tical summaries of the filtered encounter. It includes the
combined relative state estimate, selected mode conditioned
states, posterior mode probabilities, mode entropy, covari-
ance diagonal terms, selected covariance cross terms, normal-
ized innovation magnitudes from the previous five updates,
current horizontal range, estimated closing speed, estimated
vertical rate, estimated local curvature, horizon indicator, and
uncorrected interacting multiple model hazard predictions.
The continuous learning target is the residual between the
realized hazard state and the uncorrected prediction. The
classification target is the realized loss of well clear label.

Six predictors are compared. The first is linear extrapola-
tion, which assumes constant relative velocity and computes
closest approach analytically. The second is the uncorrected
interacting multiple model predictor, which propagates each
mode conditioned state forward and combines the resulting
hazard estimates using posterior mode probabilities. The
third is a direct neural predictor that maps the feature vector
directly to hazard states without residualization [31]. The
fourth is a recurrent gated predictor that processes the pre-
vious ten filtered feature vectors. The fifth is a quantile gra-
dient ensemble trained on residual targets. The sixth is the
proposed heteroscedastic residual neural predictor with quan-
tile outputs, a classification head, kinematic penalties, and
validation based calibration.

3. State Space Estimation and Hazard State
Formulation

The state estimator represents intruder motion in an ownship
centered Cartesian coordinate frame. The horizontal coordi-
nates are x and y, and the vertical coordinate is z. The time
index is k. All mathematical variables in this section are writ-
ten in math mode so that the LaTeX source compiles without
missing dollar sign errors [27]. A term such as Rk means that
the measurement noise covariance is indexed by time step k.
A term such as F

(m)
k means that the transition matrix is in-

dexed by time step k and motion mode m. These quantities
appear only in math mode when used in prose.

For each motion mode m, the relative state follows a linear
or locally linearized transition. Constant velocity modes use
position and velocity states [24]. Acceleration and turn modes
use expanded states that include acceleration components.
The general transition model is

x
(m)
k+1 = F

(m)
k x

(m)
k +G

(m)
k uk + q

(m)
k ,

q
(m)
k ∼ N

(
0, Q

(m)
k

)
. (1)

In this expression, x(m)
k is the mode conditioned relative state,

F
(m)
k is the dynamic transition matrix, uk is the ownship

motion input, G
(m)
k maps ownship motion into the relative

coordinate system, and Q
(m)
k is the process noise covariance.

The process covariance is larger for acceleration and turn
modes than for constant velocity modes because those models
must absorb more variation in curvature and speed change.
The ownship input allows intruder dynamics to be expressed
in the relative frame rather than only in an inertial frame.
The measurement vector contains relative position. The mea-
surement equation is

zk = Hx
(m)
k + rk,

rk ∼ N (0, Rk) . (2)

Here zk is the observed relative position vector, H selects
the position components from the state vector, rk is mea-
surement noise, and Rk is the measurement noise covariance
matrix. In the nominal medium noise condition, Rk is diago-
nal with entries corresponding to the horizontal and vertical
error variances. In the heavy tailed condition, the filter still
uses the nominal covariance, but the simulated measurement
errors occasionally have much larger magnitude. This mis-
match tests whether the prediction pipeline remains stable
under contaminated observations.
Each mode uses a Kalman prediction and update. The pre-
dicted state and covariance are

x̄
(m)
k = F

(m)
k−1x̂

(m)
k−1 +G

(m)
k−1uk−1,

P̄
(m)
k = F

(m)
k−1P̂

(m)
k−1F

(m)T
k−1 +Q

(m)
k−1. (3)

The innovation, innovation covariance, gain, updated state,
and updated covariance are

ν
(m)
k = zk −Hx̄

(m)
k ,

S
(m)
k = HP̄

(m)
k HT +Rk,

K
(m)
k = P̄

(m)
k HTS

(m)−1
k ,

x̂
(m)
k = x̄

(m)
k +K

(m)
k ν

(m)
k ,

P̂
(m)
k = P̄

(m)
k −K

(m)
k S

(m)
k K

(m)T
k . (4)

The interacting multiple model estimator mixes previous
mode conditioned estimates before applying each current
mode filter. Let µ

(i)
k−1 be the posterior probability of previous

mode i, and let πij be the transition probability from mode
i to mode j. The predicted probability mass for destination
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Figure 7. Horizontal miss-distance mean absolute error at the 35 s look-ahead under medium sensor noise. The calibrated residual
predictor gives the lowest aggregate error among the physical, neural, recurrent, ensemble, and hybrid predictors.
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Figure 8. The 95th-percentile absolute horizontal miss-distance error at 35 s shows reduced tail risk for the calibrated residual
method, especially relative to linear extrapolation and the uncorrected interacting multiple model predictor.

mode j is

c
(j)
k =

M∑
i=1

πijµ
(i)
k−1. (5)

The mixing probability from previous mode i into current
mode j is

µ
(i|j)
k−1 =

πijµ
(i)
k−1

c
(j)
k

. (6)

The mixed initial mean and covariance for mode j are

x̃
(j)
k−1 =

M∑
i=1

µ
(i|j)
k−1 x̂

(i)
k−1,

P̃
(j)
k−1 =

M∑
i=1

µ
(i|j)
k−1

[
P̂

(i)
k−1 + aija

T
ij

]
,

aij = x̂
(i)
k−1 − x̃

(j)
k−1. (7)

After the mode conditioned updates, the innovation likelihood

for mode j is computed as

Λ
(j)
k =

exp
(
− 1

2ν
(j)T
k S

(j)−1
k ν

(j)
k

)
√

(2π)3|S(j)
k |

. (8)

The posterior mode probability is then

µ
(j)
k =

Λ
(j)
k c

(j)
k∑M

ℓ=1 Λ
(ℓ)
k c

(ℓ)
k

. (9)

The combined state estimate is the posterior mode proba-
bility weighted mean. The covariance includes both within
mode uncertainty and the spread between mode means. This
distinction matters when the mode bank is uncertain. Two fil-
ters can each be confident while disagreeing with each other.
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Table 1. Dataset Composition and Split :contentReference[oaicite:0]index=0

Subset Encounters Duration (s) Samples
Training 168,000 120 13.7M
Validation 36,000 120 –
Test 36,000 120 –
Total 240,000 120 –

Table 2. Sensor Noise Configurations

Condition Horizontal (ft) Vertical (ft) Notes
Low Noise 20 15 Gaussian
Medium Noise 45 30 Baseline
High Noise 90 60 Gaussian
Heavy-Tailed 45 30 8% outliers

The combined estimate is

x̂k =

M∑
j=1

µ
(j)
k x̂

(j)
k ,

P̂k =

M∑
j=1

µ
(j)
k

[
P̂

(j)
k + bjb

T
j

]
,

bj = x̂
(j)
k − x̂k. (10)

For hazard prediction, each mode conditioned state is prop-
agated forward over a look ahead horizon h without using
future measurements. Let r

(j)
H,k+ℓ|k be the predicted horizon-

tal relative position under mode j at future offset ℓ, and let
r
(j)
V,k+ℓ|k be the predicted vertical relative position. The mode

specific horizontal miss distance is

ĤMD
(j)
k,h = min

1≤ℓ≤h

∥∥∥r(j)H,k+ℓ|k

∥∥∥
2
. (11)

The corresponding time to closest horizontal approach is

T̂CA
(j)
k,h = arg min

1≤ℓ≤h

∥∥∥r(j)H,k+ℓ|k

∥∥∥
2
. (12)

The predicted vertical separation at closest horizontal ap-
proach is

V̂ MD
(j)
k,h =

∣∣∣∣r(j)V,k+T̂CA
(j)

k,h|k

∣∣∣∣ . (13)

The uncorrected interacting multiple model hazard vector is a
probability weighted combination of the mode specific hazard
vectors. Although a weighted combination of minima is not
equal to the minimum of a fully mixed trajectory distribution,
it is a practical deterministic summary and a strong baseline.

The combined prediction is [11]

ŷIMM
k,h =

M∑
j=1

µ
(j)
k

ĤMD
(j)
k,h

T̂CA
(j)
k,h

V̂ MD
(j)
k,h

 . (14)

Linear extrapolation is used as a simpler comparison. Let
pH,k be the estimated current horizontal relative position, and
let vH,k be the estimated current horizontal relative velocity.
The closest approach time under constant horizontal velocity
is

t̂link,h = clip
(
−

pTH,kvH,k

vTH,kvH,k + ϵ
, 0, h

)
. (15)

The corresponding horizontal miss distance is [32]

ĤMD
lin
k,h =

∥∥∥pH,k + t̂link,hvH,k

∥∥∥
2
. (16)

The uncorrected loss of well clear probability is computed by
evaluating each mode propagated future trajectory against
the separation thresholds. Let I(j)k,h be one if mode j predicts a
violation and zero otherwise. The mode weighted probability
is

p̂IMM
k,h =

M∑
j=1

µ
(j)
k I

(j)
k,h. (17)

This probability is useful but not fully calibrated. The poste-
rior mode probabilities express uncertainty among the finite
mode set, but they do not capture all structural prediction
errors, future mode switches, measurement contamination,
or transition mismatch. The residual learner therefore treats
p̂IMM
k,h , ŷIMM

k,h , covariance summaries, and innovation diag-
nostics as input features rather than final answers.
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Table 3. Intruder Motion Modes

Mode Horizontal Motion Vertical Motion Dynamics
CV-2D Constant velocity None Linear
CV-3D Constant velocity Constant rate Linear
Turn-2D Coordinated turn None Nonlinear
Turn-3D Coordinated turn Active Nonlinear
Acc-2D Constant accel None Polynomial
Acc-3D Constant accel Active Polynomial

Table 4. Prediction Horizons

Horizon (s) Use Case Difficulty Notes
5 Short-term Low Minimal divergence
15 Near-term Moderate Early maneuvers
25 Mid-term Moderate Curvature impact
35 Operational High Key evaluation
45 Long-term High Mode uncertainty

4. Distributionally Calibrated Residual Learning
Model

The learning model is trained to predict the residual between
realized hazard states and the uncorrected interacting mul-
tiple model prediction. Let yk,h be the realized continuous
hazard vector at time k and horizon h. Let ŷIMM

k,h be the
uncorrected multiple model prediction. The residual target is

∆yk,h = yk,h − ŷIMM
k,h . (18)

The residual formulation is central to the empirical design.
A direct learning model must learn the full mapping from
current geometry and filtered history to future hazard states.
The residual model only needs to learn where the physical
predictor is biased, underdispersed, or delayed. The residual
can still be nonlinear and heteroscedastic, but it is usually
smaller and more structured than the original target. This
makes the learning problem more stable and allows the phys-
ical estimator to remain visible in the prediction pipeline.

The model input is a feature vector ϕk,h. It contains the cur-
rent combined state estimate, selected elements of the com-
bined covariance, posterior mode probabilities, mode entropy,
recent normalized innovation magnitudes, current range, clos-
ing speed, estimated vertical rate, estimated horizontal cur-
vature, uncorrected hazard predictions, and the horizon indi-
cator. Mode entropy is included because high entropy often
occurs just after a maneuver begins, when several filters re-
main plausible. Recent innovation magnitudes are included
because sustained innovation growth can indicate that the ac-
tive motion does not match the previously dominant mode.
Covariance terms are included because uncertainty in position
and velocity directly affects future closest approach.

The model predicts conditional quantiles of the residual dis-
tribution. For quantile level τ , the residual prediction is
fθ,τ (ϕk,h). The corrected hazard state quantile is

q̂τ
(
yk,h|ϕk,h

)
= ŷIMM

k,h + fθ,τ
(
ϕk,h

)
. (19)

The quantile set is T =
{0.05, 0.10, 0.25, 0.50, 0.75, 0.90, 0.95}. The median quantile
is used as the deterministic point prediction. The lower and
upper quantiles are used for predictive interval evaluation
[4]. Predicting several quantiles allows the model to express
asymmetric uncertainty. This matters because hazard state
errors are often skewed near boundaries. For example,
horizontal miss distance has a natural lower bound at zero,
while large overprediction errors can occur when a turn
unexpectedly brings the intruder closer than the current
projection suggests.
The quantile loss uses the pinball loss. For scalar error e, the
pinball loss is

ρτ (e) = e (τ − 1{e < 0}) . (20)

For the three continuous hazard state components, the full
quantile loss is

LQ =
1

N

N∑
n=1

3∑
d=1

∑
τ∈T

wd,τρτ
(
yn,d − q̂τ,d(ϕn)

)
. (21)

The weights wd,τ scale horizontal distance, time, and vertical
distance to comparable numerical ranges. Without scaling,
the horizontal distance loss would dominate because it is mea-
sured in feet and often has larger magnitude. The model also
uses a binary classification head for loss of well clear prob-
ability. Let bn be the true binary label and let p̂n be the
predicted probability. The classification loss is

LC = − 1

N

N∑
n=1

[αbn log p̂n + (1− bn) log(1− p̂n)] . (22)

The positive class weight α is selected on the validation set.
It compensates for class imbalance during training but is not
used when computing test metrics. The classification head
shares hidden layers with the continuous residual model. This
shared representation is useful because the same geometry
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Table 5. Horizontal Miss Distance MAE (ft)

Method 15 s 25 s 35 s
Linear 161 339 517
IMM 118 224 326
Neural 102 198 331
Proposed 89 158 222

Table 6. Classification Performance at 35 s

Model Precision Recall F1
Linear 0.681 0.624 0.651
IMM 0.776 0.711 0.742
Recurrent 0.768 0.795 0.781
Proposed 0.812 0.826 0.819

and innovation features that explain residual horizontal miss
distance also explain many loss of well clear classification er-
rors.
A soft kinematic consistency penalty discourages corrections
that conflict with local relative motion. The model does not
output a full future trajectory, so hard trajectory constraints
are not imposed. However, predicted hazard states should
remain broadly compatible with current range, closing speed,
vertical rate, and uncertainty. Let Ĥmed

n , T̂med
n , and V̂ med

n

denote the median corrected horizontal miss distance, time to
closest approach, and vertical separation for example n. Let
pH,n, vH,n, pV,n, and vV,n denote current horizontal position,
horizontal velocity, vertical position, and vertical velocity es-
timates. The penalty is

LK =
1

N

N∑
n=1

[
λH max(0, ηH,n)

2 + λV max(0, ηV,n)2
]
,

ηH,n = Ĥmed
n −

(
∥pH,n∥2 − T̂med

n ∥vH,n∥2 − σH,n

)
,

ηV,n =
∣∣∣V̂ med

n − |pV,n|
∣∣∣− T̂med

n

(
|vV,n|+ σV,n

)
. (23)

The terms σH,n and σV,n are uncertainty allowances derived
from the covariance matrix. The penalty is deliberately soft
because real future maneuvers can change separation in ways
not implied by current velocity. It is intended to reduce ex-
treme inconsistent residual corrections, not to prevent the
model from learning maneuver induced changes.
The full training objective is

L = LQ + γLC + LK + ω∥θ∥22. (24)

The neural residual model has four hidden layers with 192,
160, 128, and 96 units. A smooth nonlinear activation is
applied after each hidden layer. Layer normalization is used
after the first three hidden layers. Dropout with rate 0.06
is applied during training [6]. The model is trained with an
adaptive gradient optimizer, an initial learning rate of 0.0007,
cosine learning rate decay, and early stopping based on val-
idation continuous ranked probability score. The maximum
number of epochs is 60. Across five random seeds, the se-
lected epoch ranges from 34 to 43, with a median of 38.

Post hoc calibration is applied using the validation set. Con-
tinuous quantile outputs are adjusted by monotone isotonic
mappings learned separately for each horizon and each haz-
ard state component [2]. If predicted quantile curves cross
before calibration, a rearrangement step sorts them into non-
decreasing order. The calibration mapping preserves quantile
order. The binary classification probability is calibrated with
temperature scaling followed by an isotonic correction. If an
is the uncalibrated logit and T is the fitted temperature, the
calibrated probability is

p̃n = I
(

1

1 + exp(−an/T )

)
, (25)

where I is the monotone isotonic calibration function. At the
35 s horizon under medium noise, the fitted temperature is
1.37, indicating moderate overconfidence before calibration.
The model is compared with three learning baselines in addi-
tion to the physical baselines. The direct neural predictor has
the same feedforward architecture but predicts hazard states
directly rather than residuals. The recurrent gated predictor
receives a ten step sequence of filtered features and uses a
gated recurrent unit before the output heads. The quantile
gradient ensemble trains tree based gradient boosting models
on the residual target for each quantile and horizon. These
baselines separate the effect of learning, residualization, re-
currence, and distributional calibration.

5. Empirical Results and Statistical Testing

The first evaluation examines deterministic horizontal miss
distance error. Under medium measurement noise at the 35
s horizon, linear extrapolation has mean absolute error of 615
ft. The uncorrected interacting multiple model predictor re-
duces this to 381 ft. The direct neural predictor obtains
336 ft, the recurrent gated predictor obtains 312 ft, and the
quantile gradient residual ensemble obtains 284 ft. The pro-
posed distributionally calibrated residual model obtains 257
ft. This corresponds to a 58.4% reduction relative to linear
extrapolation and a 32.6% reduction relative to the uncor-
rected multiple model predictor.
Median absolute horizontal miss distance error shows the
same ordering. At 35 s, the median error is 522 ft for lin-
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Table 7. Calibration Metrics

Model ECE Coverage (90%) Interval Width
IMM 0.083 – –
Neural 0.071 79.4% 980
Ensemble 0.046 86.1% 1214
Proposed 0.028 88.7% 1036

Table 8. Ablation Study at 35 s

Variant MAE (ft) F1 Coverage
Full Model 255 0.819 88.7%
No Residual 331 0.768 82.1%
No Calibration 255 0.812 85.9%
No Kinematic 268 0.807 86.5%

ear extrapolation, 331 ft for the uncorrected multiple model
predictor, 289 ft for the direct neural model, 265 ft for the re-
current model, 241 ft for the quantile gradient ensemble, and
223 ft for the proposed model. The reduction is smaller in me-
dian error than in mean error because the proposed method
especially reduces larger maneuver induced errors. The 95th
percentile absolute error is 1,912 ft for linear extrapolation,
1,123 ft for the uncorrected multiple model predictor, 961 ft
for the direct neural model, 914 ft for the recurrent model,
824 ft for the gradient ensemble, and 752 ft for the proposed
method.
Performance varies by horizon [10]. At 5 s, all methods are
relatively close because little future curvature develops [3].
The proposed method reduces mean absolute horizontal miss
distance error from 49 ft for the uncorrected multiple model
predictor to 41 ft [14]. At 15 s, the error decreases from
141 ft to 104 ft. At 25 s, it decreases from 257 ft to 176
ft. At 35 s, it decreases from 381 ft to 257 ft. At 45 s, it
decreases from 532 ft to 407 ft. The absolute improvement
is largest at 35 s, while the relative improvement is largest
at 25 s and 35 s. At 45 s, future mode switches become
more common, and prediction becomes less recoverable from
current observations [7].
The improvement is concentrated in maneuvering encoun-
ters. For constant velocity encounters at 35 s, the proposed
method reduces mean absolute horizontal miss distance er-
ror from 196 ft to 171 ft relative to the uncorrected multiple
model predictor. For constant velocity with vertical motion,
it reduces error from 221 ft to 184 ft. For coordinated turn
encounters, it reduces error from 469 ft to 293 ft. For coor-
dinated turns with vertical motion, it reduces error from 512
ft to 309 ft. For constant acceleration encounters, it reduces
error from 438 ft to 291 ft. For three dimensional accelera-
tion encounters, it reduces error from 456 ft to 303 ft. These
results indicate that residual learning is most useful when the
finite physical model bank approximates but does not fully
match the realized maneuver.
Time to closest approach is also improved, though less dra-
matically. At the 35 s horizon under medium noise, mean
absolute time error is 5.9 s for linear extrapolation, 4.3 s for
the uncorrected multiple model predictor, 4.1 s for the di-
rect neural model, 3.7 s for the recurrent model, 3.8 s for
the quantile gradient ensemble, and 3.5 s for the proposed
model. The recurrent model is competitive because timing

depends strongly on recent temporal patterns. The proposed
method remains slightly better because it uses innovation his-
tory, mode entropy, residual training, and calibration jointly.
The difference between the proposed method and the recur-
rent model is modest but consistent across the 25 s and 35 s
horizons.
Vertical separation error is smaller in magnitude because
many encounters have stable vertical motion. At 35 s un-
der medium noise, mean absolute vertical separation error
is 149 ft for linear extrapolation, 122 ft for the uncorrected
multiple model predictor, 115 ft for the direct neural model,
111 ft for the recurrent model, 108 ft for the gradient ensem-
ble, and 102 ft for the proposed model. In vertical maneuver
encounters only, the improvement is larger. The 95th per-
centile vertical separation error in those cases decreases from
433 ft for the uncorrected predictor to 346 ft for the pro-
posed model. This matters because near threshold vertical
errors can change loss of well clear classification even when
horizontal prediction is acceptable.
Binary loss of well clear classification is evaluated using cali-
brated probabilities and a threshold selected on the validation
set to maximize F1 score at the 35 s horizon under medium
noise. The selected threshold for the proposed method is 0.41
[13]. On the test set, linear extrapolation obtains precision
0.682, recall 0.629, and F1 score 0.654. The uncorrected mul-
tiple model predictor obtains precision 0.779, recall 0.716, and
F1 score 0.746. The direct neural predictor obtains precision
0.758, recall 0.787, and F1 score 0.772. The recurrent model
obtains precision 0.771, recall 0.799, and F1 score 0.785. The
quantile gradient residual ensemble obtains precision 0.796,
recall 0.804, and F1 score 0.800. The proposed model obtains
precision 0.815, recall 0.827, and F1 score 0.821.
The area under the precision recall curve at 35 s is 0.716
for linear extrapolation, 0.806 for the uncorrected multiple
model predictor, 0.827 for the direct neural model, 0.842 for
the recurrent model, 0.854 for the quantile gradient ensem-
ble, and 0.875 for the proposed method. The gain relative to
the uncorrected multiple model predictor comes mainly from
reducing missed hazardous cases. At the fixed threshold, the
uncorrected predictor misses 28.4% of hazardous prediction
epochs. The proposed model misses 17.3%. The false alert
rate among nonhazardous prediction epochs is 7.9% for the
uncorrected predictor and 7.2% for the proposed method.
The proposed model therefore improves recall without pro-
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Table 9. Robustness Under Noise

Condition IMM MAE Proposed MAE Improvement
Low Noise 297 209 29.6%
Medium Noise 374 255 31.8%
High Noise 512 361 29.5%
Heavy-Tailed 548 389 29.0%
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Figure 9. Loss-of-well-clear classification at 35 s under medium noise. The proposed method raises recall and F1 while keeping
precision above the competing baselines.

ducing a higher false alert rate in the evaluated test distribu-
tion.

Probability calibration is measured with expected calibration
error using ten adaptive bins. At the 35 s horizon under
medium noise, expected calibration error is 0.086 for the un-
corrected multiple model probability, 0.073 for the direct neu-
ral classifier before calibration, 0.060 for the recurrent clas-
sifier before calibration, 0.047 for the quantile gradient en-
semble, and 0.028 for the proposed calibrated model. The
proposed model is slightly overconfident in the highest risk
bin. In that bin, the mean predicted probability is 0.871 and
the empirical event frequency is 0.849. In the middle risk
bins, absolute calibration differences are mostly below 0.025.

Predictive interval calibration is evaluated for continuous haz-
ard states. For horizontal miss distance at 35 s, the nominal
90% interval from the direct neural quantile model covers
79.7% of test outcomes before calibration. The quantile gra-
dient ensemble covers 86.3%. The proposed model covers
86.0% before calibration and 88.9% after calibration. The
average width of the calibrated 90% horizontal interval is
1,041 ft, compared with 1,226 ft for the quantile gradient
ensemble. The proposed model therefore improves coverage
without merely widening intervals uniformly. For time to clos-
est approach, nominal 90% coverage is 88.0%. For vertical
separation, nominal 90% coverage is 89.4%.

Continuous ranked probability score also favors the proposed
method. At 35 s under medium noise, the horizontal miss dis-
tance score is 322 for the direct neural quantile model, 294 for
the quantile gradient ensemble, 289 for the proposed model
before calibration, and 276 after calibration. The calibration
step improves probabilistic score but does not change median
error substantially. This indicates that the calibration pro-

cedure mainly adjusts distributional spread rather than shift-
ing central predictions. For vertical separation, the calibrated
proposed model improves continuous ranked probability score
by 13.1% relative to the direct neural quantile model.

Statistical testing is performed at the encounter level. Be-
cause each encounter contributes many correlated time steps,
time step level tests would overstate precision. For each en-
counter, the mean absolute error across eligible prediction
epochs is computed for each method and horizon. Paired
differences are then formed across encounters. Bootstrap
confidence intervals resample encounters with replacement.
Signed rank tests are applied to encounter level paired differ-
ences. Binary classification comparisons use clustered boot-
strap resampling and paired disagreement counts [19].

At 35 s under medium noise, the encounter level mean ab-
solute horizontal miss distance error difference between the
proposed method and the uncorrected multiple model predic-
tor is 124 ft [25]. The bootstrap 95% confidence interval is
116 ft to 132 ft. The encounter level median difference is 86
ft, with a bootstrap 95% confidence interval of 78 ft to 94 ft.
The signed rank test rejects the zero median difference hy-
pothesis with p < 0.001. Compared with the quantile gradient
residual ensemble, the proposed method has a mean absolute
error advantage of 27 ft, with a bootstrap 95% confidence
interval of 18 ft to 36 ft.

For binary loss of well clear at 35 s, the proposed model
correctly identifies 3,286 hazardous prediction epochs missed
by the uncorrected multiple model classifier, while the un-
corrected classifier identifies 1,094 hazardous epochs missed
by the proposed model. Among nonhazardous epochs, the
proposed model removes 1,207 false alerts made by the un-
corrected classifier and creates 641 false alerts not made by

11



IMM Direct RNN QGE Proposed
0

2

4

6

8

·10−2

Low ECE

8.3 · 10−2

7.1 · 10−2

5.9 · 10−2

4.6 · 10−2

2.8 · 10−2

EC
E

Direct QGE Uncal Proposed

75

80

85

9090 Near nominal

79.4

86.1 85.9

88.7

90 90

Co
ve

ra
ge

(%
)

Figure 10. Calibration diagnostics at the 35 s horizon. Expected calibration error is lowest for the calibrated residual model, and its
nominal 90% interval coverage is closest to the target without the widest interval construction.
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Figure 11. F1 improvements over the uncorrected interacting multiple model predictor across look-ahead horizons and noise
regimes. The strongest classification gains occur at intermediate horizons and remain visible under degraded measurements.

the uncorrected classifier. The clustered bootstrap confidence
interval for the F1 improvement is 0.060 to 0.091. The paired
classification test gives p < 0.001. These results are statisti-
cally strong in the simulated test set, although statistical sig-
nificance should not be interpreted as operational adequacy.
The ablation study isolates the contribution of model compo-
nents. Removing residualization and training the same net-
work to predict hazard states directly increases 35 s horizontal
miss distance mean absolute error from 257 ft to 336 ft. Re-
moving kinematic consistency penalties increases it to 270
ft and increases quantile crossing before rearrangement [9].
Removing recent innovation features increases it to 276 ft,
mainly in encounters with mode changes within the previous
10 s. Removing mode entropy increases expected calibra-
tion error from 0.028 to 0.039. Removing post hoc calibra-
tion leaves median error nearly unchanged but reduces nom-
inal 90% horizontal interval coverage from 88.9% to 86.0%.
These results show that residualization drives the main point
prediction gain, while calibration and distributional outputs
drive the main uncertainty gain.
A seed sensitivity experiment trains the proposed model five
times with different random initializations. At 35 s under
medium noise, horizontal miss distance mean absolute error
ranges from 254 ft to 261 ft. Loss of well clear F1 score ranges
from 0.817 to 0.824. Expected calibration error ranges from

0.027 to 0.031 after calibration. A five seed ensemble reduces
mean absolute error to 249 ft and increases F1 score to 0.826,
but the single model is retained as the main result because
the ensemble adds computational complexity. The seed vari-
ability is smaller than the difference between the proposed
model and the uncorrected multiple model predictor.
Computational cost is evaluated on the same test hardware
for all methods. The uncorrected interacting multiple model
predictor requires six mode conditioned forward propagations
for each horizon. The proposed method adds feature con-
struction and one neural network evaluation [12]. Average per
time step prediction time is 2.9 ms for the uncorrected mul-
tiple model predictor and 3.3 ms for the proposed method in
the tested implementation. The direct neural model is faster
but less accurate. The recurrent model is slightly slower than
the proposed model because it processes a ten step sequence.
These timing values are hardware dependent, but they indi-
cate that the proposed method achieves its accuracy gain
without requiring a very large model.

6. Robustness Analysis and Error Diagnostics

The first robustness experiment increases measurement noise.
Under the low noise condition at 35 s, the uncorrected mul-
tiple model predictor has horizontal miss distance mean ab-
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Figure 13. Ablation diagnostics at the 35 s horizon. Direct prediction, removal of kinematic consistency, removal of innovation
history, and removal of entropy information each degrade either deterministic accuracy or calibration.

solute error of 302 ft, while the proposed model has 211 ft.
Under medium noise, the corresponding values are 381 ft and
257 ft. Under high noise, they are 519 ft and 366 ft. The
relative improvement is therefore 30.1%, 32.6%, and 29.5%
across the low, medium, and high noise conditions. The pro-
posed method degrades as noise increases, but the advantage
over the uncorrected predictor remains visible. This suggests
that the residual model is not merely exploiting clean mea-
surements [18].
The high noise condition also affects classification. At 35
s, the uncorrected multiple model predictor obtains F1 score
0.694, while the proposed method obtains 0.767 [1]. The
false alert rate is 10.7% for the uncorrected predictor and
9.9% for the proposed method. The missed hazardous rate is
34.2% for the uncorrected predictor and 23.1% for the pro-
posed method. The improvement in missed hazardous cases
remains the primary classification benefit. However, calibra-
tion weakens under high noise. Expected calibration error
increases from 0.028 in the medium noise condition to 0.041
in the high noise condition. This is still lower than the uncor-
rected predictor but indicates that the validation calibration
from the medium condition does not transfer perfectly.
The heavy tailed measurement condition is more challenging
because occasional contaminated observations can produce
large innovations and temporary mode probability instability.

Without any robust preprocessing, the uncorrected multiple
model predictor has 35 s horizontal miss distance mean abso-
lute error of 556 ft. The proposed model has 395 ft. Nominal
90% horizontal interval coverage falls to 87.0%, indicating
undercoverage. When a simple innovation clipping rule is ap-
plied before filtering, the uncorrected predictor improves to
534 ft and the proposed method improves to 379 ft. Cov-
erage improves to 88.2%. This shows that residual learning
does not replace robust filtering. If measurements are con-
taminated, the tracking layer still needs protection against
extreme updates [30].

A transition probability mismatch experiment evaluates
whether the model depends too strongly on the nominal
Markov transition matrix. The training and validation data
use the nominal transition structure. The test data are then
generated under two altered conditions. In the persistent
mode condition, diagonal transition probabilities are increased
and modes last longer than expected. In the frequent switch
condition, diagonal probabilities are decreased and modes
change more often. At 35 s, the proposed model has hor-
izontal miss distance mean absolute error of 244 ft in the
persistent condition and 342 ft in the frequent switch con-
dition. The uncorrected multiple model predictor has errors
of 356 ft and 439 ft, respectively. The proposed method re-
mains better in both cases, but the margin is smaller when
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modes switch more frequently because future maneuvers be-
come less predictable from the current filtered state.
A turn rate distribution shift experiment increases the upper
tail of intruder turn rates by 25% at test time while leaving
training unchanged. At 35 s, the uncorrected multiple model
predictor has horizontal miss distance mean absolute error of
458 ft, and the proposed model has 314 ft. The proposed
method remains better, but its nominal 90% horizontal inter-
val coverage declines to 86.4%. A conformal inflation factor
fitted on a small shifted validation subset restores coverage
to 89.5%, but it increases average interval width by 12.6%.
This result shows that point prediction improvement can per-
sist under moderate distribution shift while uncertainty cali-
bration remains sensitive to the test distribution.
An ownship perturbation experiment introduces mild ownship
speed and heading changes [21]. The ownship speed varies
within 15 kt of nominal, and heading changes are limited to
1.5 degrees per second for short intervals. These ownship
maneuvers are known to the estimator when they occur, but
they are not part of the main training distribution. At 35 s,
the uncorrected multiple model predictor has horizontal miss
distance mean absolute error of 414 ft, while the proposed
method has 291 ft. Loss of well clear F1 score is 0.735 for
the uncorrected predictor and 0.802 for the proposed model.
Expected calibration error increases from 0.028 to 0.036. The
model therefore transfers reasonably to mild ownship pertur-
bation, but probability calibration again weakens under shift.
The first recurring failure mode involves unobserved future
maneuver initiation. If an intruder flies straight through time
k and begins a turn at time k + 3, no predictor using only
measurements through time k can know that exact future
mode change unless there are precursor patterns in the data.
The residual model can learn that certain geometries have
higher maneuver risk, and it can widen intervals in those
regions, but it cannot identify arbitrary future intent. These
cases dominate the largest errors at 45 s. They explain why
gains decline at the longest horizon even though the proposed
method remains better than the baselines.
The second failure mode involves nearly tangential encoun-
ters near the horizontal threshold. In these cases, small errors
in relative velocity direction can produce large changes in pre-
dicted time to closest approach while horizontal miss distance
remains near 4,000 ft. The loss of well clear label can change
with a small timing shift. The proposed model improves cal-
ibration in these cases but still produces classification errors
when the trajectory skims the boundary. This is a struc-
tural difficulty of threshold based labels. A continuous risk
score may be more stable than a hard label in these marginal
geometries, but operational alerting often requires threshold
decisions.
The third failure mode involves vertical separation near 450
ft with uncertain vertical rate. If horizontal prediction is ac-
curate but vertical separation is near the threshold, small
vertical errors can change the binary label. In the test set,
21.4% of proposed model classification errors at 35 s occur in
cases where true vertical separation at closest approach lies
between 400 ft and 500 ft. Many of these errors have small
continuous vertical residuals but cross the binary threshold.
This indicates that binary metrics can be sensitive to small
continuous errors near decision boundaries.
Residual plots show that the uncorrected multiple model pre-

dictor has systematic horizontal miss distance bias in high
curvature bins. When the intruder turns inward relative to
the ownship, the uncorrected predictor often overestimates
miss distance during the early part of the maneuver. When
the intruder turns outward, it can underestimate risk. The
residual learner reduces both biases by using innovation his-
tory, mode probabilities, and curvature features. However,
residual variance remains larger in high curvature bins than
in constant velocity bins [16]. The calibrated intervals widen
in those bins, which improves coverage but does not eliminate
all errors.

Covariance features contribute to both accuracy and calibra-
tion. When covariance features are removed, 35 s horizon-
tal miss distance mean absolute error increases from 257 ft
to 274 ft and nominal 90% interval coverage declines from
88.9% to 86.9%. Cross covariance terms between horizontal
position and velocity are especially useful for time to clos-
est approach. Mode entropy is also useful. High entropy
combined with large innovation magnitude often marks the
period just after a mode switch, when the filter bank has
not yet settled. Removing mode entropy increases classifica-
tion expected calibration error and slightly increases missed
hazardous cases.

The model is checked for overcorrection in benign encoun-
ters [20]. For encounters whose true minimum horizontal
separation exceeds 8,000 ft, the median absolute correction
applied by the residual model at 35 s is 63 ft. For encoun-
ters whose true minimum horizontal separation lies between
3,000 ft and 5,000 ft, the median absolute correction is 211
ft. The model therefore applies larger corrections near the
decision boundary and smaller corrections in clearly benign
cases. This pattern is desirable because large corrections in
easy benign cases could create unnecessary false alerts.

A horizon consistency diagnostic examines whether predicted
minimum horizontal separation is coherent across horizons.
For the same prediction epoch, the minimum separation over
a longer horizon should not exceed the minimum separation
over a shorter horizon when computed from a single trajec-
tory. Independent horizon predictions can violate this mono-
tonic relationship. Before post processing, the direct neural
model violates horizon consistency in 7.1% of test examples.
The proposed model violates it in 2.3% before correction and
0.5% after rearrangement and consistency adjustment. The
remaining violations are small and mostly arise from cali-
brated quantile adjustments. This diagnostic is useful be-
cause ordinary mean absolute error would not reveal this type
of physical inconsistency.

The robustness experiments show that the proposed method
improves prediction across several controlled shifts but re-
mains sensitive to shifts that change the uncertainty distri-
bution [5]. Point estimates transfer more reliably than cal-
ibrated intervals. This is expected because calibration is a
distributional property. If high curvature encounters become
more common or measurement contamination becomes heav-
ier, the empirical frequency of errors within predicted intervals
changes. A deployment oriented system would need ongo-
ing calibration checks, conservative inflation under unfamiliar
conditions, and scenario based stress testing. The present
study demonstrates the value of residual calibration in simu-
lation but does not remove the need for external validation.
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7. Conclusion

This paper presented an empirical Monte Carlo study of distri-
butionally calibrated residual learning for unmanned aircraft
detect and avoid hazard prediction. The proposed method
combines an interacting multiple model state estimator with
a supervised residual model. The estimator supplies physi-
cally interpretable state predictions, mode probabilities, co-
variance summaries, and innovation diagnostics. The residual
model corrects future hazard state predictions and provides
calibrated uncertainty estimates. This structure is designed
to preserve a traceable dynamic backbone while using ma-
chine learning to reduce systematic prediction errors left by
finite motion models and nominal transition assumptions.
The results show that residual learning improves hazard
prediction in the simulated encounter distribution. Under
medium measurement noise at the 35 s horizon, the proposed
method reduces horizontal miss distance mean absolute er-
ror from 615 ft for linear extrapolation and 381 ft for the
uncorrected interacting multiple model predictor to 257 ft.
It improves loss of well clear F1 score from 0.654 for linear
extrapolation and 0.746 for the uncorrected multiple model
predictor to 0.821. Predictive interval evaluation also im-
proves, with nominal 90% horizontal miss distance intervals
achieving 88.9% empirical coverage after calibration. The
largest gains occur in coordinated turn and acceleration en-
counters, where linear extrapolation and uncorrected model
propagation are most likely to leave structured residual errors.
The empirical findings also show clear limits. The proposed
method cannot reliably predict arbitrary future maneuver ini-
tiations that have no observable precursor before the pre-
diction epoch. Its advantage declines at the longest hori-
zon because unobserved future mode switches become more
important. Calibration weakens under high turn rate dis-
tribution shift and heavy tailed measurement contamination
[15]. Robust filtering, conservative uncertainty inflation, and
distribution shift monitoring would therefore be necessary in
any more realistic development path. The model improves
simulated prediction performance, but it does not by itself
establish operational suitability.
The main methodological conclusion is that physical mul-
tiple model estimation and supervised residual learning can
be complementary. The interacting multiple model estima-
tor captures first order dynamic structure and provides in-
terpretable uncertainty summaries [29]. The residual learner
uses those summaries to correct systematic hazard state er-
rors and estimate uncertainty around future separation. This
hybrid design performs better than direct black box prediction
in the tested setting and better than an uncorrected physical
predictor in maneuvering encounters [17]. Future empirical
work should extend the simulation to asynchronous sensors,
missed detections, track initiation uncertainty, ownship ma-
neuver planning, multi intruder encounters, and flight data
comparison while preserving encounter level train test sepa-
ration and explicit hazard state evaluation.
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