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Abstract
Accurate trajectory prediction and proactive Road-Side Unit (RSU)
handover are essential for maintaining seamless connectivity and
low-latency Multi-Edge Computing (MEC) based services in Coop-
erative Adaptive Cruise Control (CACC) systems. Conventionally,
mobility forecasting and migration decisions are treated as sepa-
rate problems, neglecting their inherent dependence, thus leading
to premature or delayed handovers. In this work an integrated
learning-based pipeline is introduced that first predicts the vehi-
cle mobility using deep sequential models and the leverages these
predictions to trigger intelligent RSU migrations. We employ a
LSTM network to learn temporal dynamics from the large-scale
FHWA dataset and generate multi-step displacement predictions
over short horizons. These predictions are then used to infer future
coverage boundaries and connectivity risks. Further, we model RSU
migration as a binary-class classification task and train Random
Forest (RF) and Multilayer Perceptron (MLP) as classifiers on engi-
neered mobility features, such as velocities deltas, cumulative drift
and distance to RSU markers. To handle skewed migration labels,
we incorporate fallback heuristics and class-balanced strategies.
Experiments on the 500,000 real vehicular samples reveal that the
RF-based migration model achieves up to 73% accuracy. Meanwhile
LSTM maintains stable short-horizon displacement accuracy with
competitive Average Displacement Error (ADE) and Final Displace-
ment Error (FDE) scores. Together, the models enable anticipatory
RSU handover decisions that outperform naive threshold-based
methods.

CCS Concepts
• Networks → Network performance modeling; • Computing
methodologies→Machine learning algorithms.
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1 Introduction
Cooperative Adaptive Cruise Control (CACC) and vehicle platoon-
ing promise substantial gains in highway throughput, fuel economy,
and safety by coordinating longitudinal motion across dynamic ve-
hicular networks [1, 2]. Realizing these benefits in practice increas-
ingly depends on connected and edge-intelligent infrastructure;
particularly RSUs that provide low-latency computation and reli-
able connectivity for inference and control loops. However, highly
dynamic traffic, variable radio conditions, and heterogeneous edge
loads make it difficult to decide when to hand over a vehicle’s ses-
sion to a new RSU and how to anticipate near-future motion for
predictive resource allocation. Suboptimal handovers can cause
stalls or jitter in safety-critical loops, while inaccurate trajectory
forecasts may degrade headway control or disrupt the stability of
platoons.

To address these challenges, two technical capabilities are cen-
tral: (i) short-horizon trajectory prediction of the ego platoon vehicle
in local road coordinates, and (ii) RSU migration (handover) deci-
sions that are proactive and load-aware. In the broader literature,
edge computing frameworks such as Multi-access Edge Computing
(MEC) provide the architectural substrate for offloading real-time
inference to roadside servers [3, 4, 5]. Meanwhile, learning-based
trajectory prediction has advanced rapidly from recurrent models
to interaction-aware graph and vectorized scene encoders [6, 7,
8, 9], supported by large motion datasets and standardized met-
rics [10]. Yet, most works study trajectory forecasting in isolation
from RSU control logic, or approach RSU handover using simple
mobility or coverage heuristics that fail to exploit learned motion
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forecasts. This disconnect limits end-to-end performance in realis-
tic, nonstationary highway scenarios. In this paper, we address this
gap by formulating and validating an integrated pipeline that cou-
ples (a) sequential deep learning for ego-trajectory prediction with
(b) supervised migration decision at the RSU layer. Concretely, we:
(1) learn a short-term motion model using an LSTM that predicts
future displacements (Δ𝑥,Δ𝑦,Δ𝑣) over a 𝐾-step horizon from a
past window of kinematics and context; and (2) derive leakage-free
handover features from the same past window (optionally aug-
mented with distance/load descriptors) to train an RSU migration
classifier. To ensure operational robustness and interpretability, we
study two migration classifiers in parallel: a deep MLP with batch
normalization and focal loss, and a non-parametric Random Forest
(RF) baseline with permutation and Gini importances. This pairing
enables a trade-off between raw accuracy and model explainability
and training simplicity.

The proposed framework applies simple, reproducible prepro-
cessing steps (imputation, scaling, windowing), trains on normal-
ized deltas to stabilize optimization, and evaluates using RSU-relevant
decision metrics (PR-AUC, F1 at an operating threshold) alongside
standard forecasting metrics (ADE/FDE). We further incorporate
a configurable, policy-aware labeling rule for migration (coverage
change and minimum dwell), with a calibrated fallback to preserve
class balance when coverage signals are degenerate. To summarize,
the main contributions of this work are:

• An end-to-end formulation that couples short-horizon tra-
jectory prediction with RSU migration, bridging two com-
munities that are typically evaluated in isolation.

• A leakage-free RSU feature design derived from past win-
dows, optionally augmented with per-RSU distance/load de-
scriptors, together with a policy-aware migration labeler and
balanced fallback mechanism.

• Dual migration models (MLP and RF) that enable both strong
PR-AUC/F1 performance and model interpretability via fea-
ture importances.

The rest of this paper is organized as follows: Section 2 surveys
the recent and most relevant studies centered around the problem.
Sections 3 and 4 present the system architecture and methodology
of the proposed framework. Section 5 reports the obtained results,
which are further analyzed in Section 6. Finally, Section 7 concludes
the paper with the summary of our findings and the potential future
work.

2 Related Work
In this section, we survey the most recent and most relevant papers,
to compare our scheme.

Frequent handovers between roadside units (RSUs) in highly
mobile vehicular networks can lead to deterioration in quality of
service if not managed intelligently. A large body of research has ex-
plored machine learning–based handover algorithms. For instance,
Tan et al. [11] proposed a Double Deep Q-Learning approach for
vehicle-to-network (V2N) handovers, reducing packet loss while
keeping signaling overhead low. Similarly, Siriwardhana et al. [12]
introduced a deep learning and metaheuristic model combining a
Deep Maxout Network with a Dung Beetle Optimizer to reduce
latency, throughput degradation, and ping-pong handovers during

heterogeneous network transitions (5G, LTE, DSRC). Other works
have treated handover decisions as a supervised classification prob-
lem: Khoder et al. [13] compared multiple algorithms in a platoon
context and showed that RF outperformed other methods.

Predicting future positions of vehicles is vital for intelligent
transportation systems and proactive connectivity management.
Recurrent neural networks (RNNs), especially LSTMs, remain dom-
inant in this space. Altché et al. used LSTMs to predict highway
vehicle motion and outperformed kinematic baselines [14]. More
recent approaches leverage attention and Transformers. Cheng et
al. [15] demonstrated that a vision-transformer-based model sub-
stantially reduces long-horizon trajectory error on datasets such
as NGSIM and HighD. Ensemble-based or hybrid methods also
exist: Choi et al. [16] combined an LSTM encoder–decoder with
a RF classifier to improve motion prediction by leveraging V2V
communication signals and on-board sensors.

Several recent studies advocate combining vehicle mobility pre-
diction with network handover logic. Lv et al. [17] used trajectory
forecasts for proactive edge offloading and RSU association, demon-
strating reduced latency and resource wastage. In the millimeter-
wave context, Szeto et al. [18] presented B-AWARE, a blockage-
aware RSU scheduling framework using predicted paths to avoid
signal disruption; it improved throughput by 5% and cut outage
time by 40%. Spring et al. [19] proposed a multi-agent RSU-centric
handover scheme (MACH) integrated with short-term trajectory
knowledge to reduce unnecessary handovers in dense urban net-
works.

Despite these advances, there are still gaps. First, most studies
treat trajectory prediction and handover decisions separately, rather
than embedding forecasting knowledge directly into the decision
pipeline. Deep reinforcement learning approaches are often com-
putationally heavy [11, 19] and require specialized infrastructure
to deploy. Even hybrid or predictive models can suffer from gener-
alization problems when tested beyond controlled scenarios [12].
Moreover, many solutions rely on centralized coordination or high
communication overhead, making them difficult to scale.

We address these gaps by tightly coupling an LSTM-based tra-
jectory forecaster with an ensemble-learning (RF) classifier to de-
termine if and when a handover should occur. Unlike RL-based
solutions, this approach is straightforward to train offline, efficient
to deploy at the network edge, and can adapt to different road and
traffic conditions. Integrating predicted mobility into the handover
decision enables proactive rather than reactive RSU reassignments,
improving both reliability and latency.

3 Our Approach
3.1 System Overview
Connected and automated vehicles (CAVs) with multi-access edge
computing (MEC) support requires intelligent mechanisms to main-
tain seamless connectivity and performance. A central challenge is
enabling the network edge to make proactive decisions (e.g., when
to hand off a vehicle’s service between roadside units, or RSUs) by
anticipating the vehicle’s short-horizon motion [20]. To address
this, we propose a two-module system that jointly performs RSU
handover prediction and vehicle trajectory forecasting. Figure 1
illustrates the overall architecture.
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The workflow consists of collecting the data initially. Each vehi-
cle periodically transmits telemetry (position, speed, acceleration,
heading) and network context (current RSU ID, signal readings,
neighbor RSU metrics). Next, the RSU prediction model uses RF
classifier to determine whether a handover is needed and Trajectory
Prediction Module uses an LSTM-based recurrent model to forecast
near-term motion. Finally, the system fuses both outputs to enact
proactive or delayed RSU handovers based on predicted vehicle
position and target coverage zones.

3.2 RSU Prediction Module
We formulate handover triggering as a binary classification prob-
lem (migrate / don’t migrate). A RF is used due to its robustness,
interpretability, and ability to capture non-linear feature interac-
tions [21].

At each time step 𝑡 , we construct a feature vector containing,
vehicle state (speed, acceleration, heading), radio context (received
RSSI/RSRP from the current and neighboring RSUs), RSU load/traffic
context to capture network-side conditions, distance to the serving
RSU coverage boundary, and predicted local displacement hints
from the LSTM for short-horizon position change.

All the features are normalized, and categorical IDs are one-
hot encoded where needed. This feature representation provides a
consistent, temporarily aligned input for the migration classifier.

Since handover events are relatively rare, we handle class im-
balance through a combination of class weighting in the RF, over-
sampling of positive (handover) samples, and decision threshold
tuning based on 𝐹1 or ROC-PR trade-offs [22].

For training and evaluation, we use 10-fold cross-validation with
temporal ordering for sequence safety. Model hyperparameters
which include the number of trees and depth are tuned on a vali-
dation set. Feature importance from the RF helps confirm domain
relevance with attribtes such as RSSI and coverage edge distance
emerge as primary predictors. Performance evaluation metrics in-
cludes precision, recall, 𝐹1 score, AUROC, and false-handover rates.

Figure 1: Pipeline for RSU migration prediction

To produce short-term forecasts of vehicle motion in the trajec-
tory prediction module, we design a sequence-to-sequence LSTM
architecture [23]. We take the last 𝐿 time steps:

𝑋𝑡 = [x𝑡−𝐿+1, . . . , x𝑡 ] ∈ R𝐿×𝐹 ,

where each x𝑖 includes position, velocity, and relevant context.
Features are standardized.

The LSTM predicts a short-horizon sequence of length 𝐾 in the
form of relative state changes:

𝑌𝑡 = [Δ𝑠𝑡+1, . . . ,Δ𝑠𝑡+𝐾 ] ∈ R𝐾×𝐶 ,

whereΔ𝑠𝑡+1 represents incremental changes in position and velocity
(Δ𝑥 , Δ𝑦, and Δ𝑣). This modeling at meter scales increments helps
stabilize training and improves convergence robustness [24].

We use two stacked LSTM architecture, where each layer com-
prising 256 hidden units with dropout (0.2) for regularization, fol-
lowed by aMLP head that processes the relative changes (Δ𝑥,Δ𝑦,Δ𝑣).
The model is tuned using the Smooth L1 (Huber) loss and optimized
with Adam. To enhance stability, gradient clipping is used to prevent
exploding gradients and the Learning rate follows cosine annealing
schedule.

The training samples are generated using sliding-window ap-
proach, reserving 10% windows for validation. Typical hyperpa-
rameters choices are input length 𝐿 = 30, and prediction horizon
𝐾 = 10. We monitor Average Displacement Error (ADE) and Final
Displacement Error (FDE) as evaluation metrics [25].

Predicted displacements are then de-normalized and cumula-
tively summed to get absolute forecasts (trajectories). By mapping
predicted trajectories to RSU coverage zones, we can infer which
RSU a vehicle is likely to enter and the handover timing.

3.3 Integration Strategy
The framework integration strategy combines the output of RF and
LSTM to yield proactive handover decisions. Specifically:

• When the RF indicates an imminent handover and the LSTM
forecasts that the vehicle will soon exit from current RSU cov-
erage area, the system proactively triggers handover early.

• If RF is uncertain but the LSTM trajectory forecasts move-
ment towards a neighbour RSU’s region, the system adapts
by lowering thresholds or plan the handover accordingly.

• Conversly, if the RF suggests a handover while the LSTM
showsminimal displacement, the decisionmaye be sppressed
to avoid false trigger.

By aligning predicted trajectories with data-driven RF-based
classification, the framework effectively reduces both unnecessary
handovers (ping-pong) and missed handovers [26]. This integrated
approach thus combines the strengths of ensemble classification
and deep sequential forecasting to realize a robust, forward-looking
edge handover mechanism suitable for dynamic vehicular environ-
ments.

4 Methodology
Figure 1 in the previous section summarizes the dataflow; here
we provide complete algorithmic and implementation specifics. In
this section, we describe our proposed framework. We start by
describing the end-to-end pipeline for (i) preparing a supervised
learning corpus from raw connected-vehicle platoon traces, (ii)
training a sequence model to forecast short-horizon vehicle motion,
and (iii) developing a RSU migration decision policy from historical
and context aware features.

4.1 Data Sources and Preprocessing
We ingest the data from the filed tests conducted by the Federal
Highway Administration (FHWA) in collaboration with the Vope
center for a platooning proof f concept based onCACC andACC [27]
that contains hundreds of millions of time-stamped records; 478
raw columns.
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Figure 2: Boxplots display the distribution of the vehicle dataset variables, followed by a plot showing the percentage of missing
data for each variable.

To obtain structured features, we begin with column pruning,
where the columns 100%missing data are dropped and cast numeric-
typed fields (coercing invalid tokens to NaN) using a schema-aware
loader. Numerical features are imputed on a feature basis, median
by default, while categorical columns are one-hot encoded with an
UNK bucket for missing values. Local displacements are computed
(Δ𝑥,Δ𝑦) in meters from (lat, lon) using a linear approximation:

Δ𝑦 ≈ 111,320 · Δlat, Δ𝑥 ≈ 111,320 · cos(lat0) · Δlon,

where lat0 is the first non-missing latitude in a continuous seg-
ment. Velocity changes Δ𝑣 are derived either from measured speed
(forward-fill then first-difference) or directly from Δ𝑥,Δ𝑦 if speed is
unavailable. Finally, a feature scaler 𝑆𝑥 is fit using training-only sta-
tistics and applied to all features, while optionally a target scaler 𝑆𝑦
is used to standardize (Δ𝑥,Δ𝑦,Δ𝑣) for numerically stable training.

To support reproducibility, we persist (i) a processed CSV for au-
diting, (ii) an NPZ tensor container with sliding-window sequences
(Section 4.2), (iii) joblib scalers 𝑆𝑥 , 𝑆𝑦 , and (iv) a metadata JSON
describing shapes and configuration.

4.2 Temporal Windowing and Feature
Engineering

We convert the flat time series into supervised sequence pairs using
a sliding window with stride 𝑠 . Given past length 𝐿 and prediction
horizon 𝐾 , for each valid index 𝑡 we form:

X𝑡 ∈ R𝐿×𝐹 , Y𝑡 ∈ R𝐾×3, Y𝑡 = [ (Δ𝑥,Δ𝑦,Δ𝑣)𝑡+1, . . . , (Δ𝑥,Δ𝑦,Δ𝑣)𝑡+𝐾 ],

where 𝐹 is the feature count. To build leakage-free features for
migration, we flatten the past window vec(X𝑡 ) and augment it
with additional context: (i) Per-RSU distances at the last past step
𝑡 = 0computed from past coordinates, (ii) summary kinematics,
such as mean, standard deviation, and last vlaue of of the last Δ𝑣
over the window. The resulting migration-design matrix Z𝑡 ∈ R𝐷

is used for MLP and RF.

4.3 Label Generation and Migration Policy
For trajectory predictions, the sequence regression target is Y𝑡
defined in the sliding window formulation. To construct the RSU
Class label, let R = {𝑟𝑖 = (𝑥𝑖 , 𝑦𝑖 , 𝜌𝑖 )}𝑅𝑖=1 denote RSUs with centers
and coverage radii. Using the cumulative future displacements
p̂𝑡+𝜏 =

∑𝜏
𝑗=1 (Δ𝑥,Δ𝑦)𝑡+𝑗 anchored at the current position, the RSU

class at the horizon end is set as the index of the nearest RSU:

𝑦cls𝑡 = arg min
𝑖∈{1,...,𝑅}

∥p̂𝑡+𝐾 − (𝑥𝑖 , 𝑦𝑖 )∥2 .

A binary migration table 𝑦mig
𝑡 is defined conservatively to in-

dicate an imminent handover. An event is marked if either the
predicted class differs from the current RSU cor if the vehicle re-
mains within the current RSU coverage for fewe that 𝜅 steps:

𝑦
mig
𝑡 = ⊮

(
𝑦cls𝑡 ≠ 𝑦now𝑡 ∨

𝐾∑︁
𝜏=1

⊮
[
∥ p̂𝑡+𝜏 − (𝑥𝑦now𝑡

, 𝑦𝑦now𝑡
) ∥2 ≤ 𝜌𝑦now𝑡

]
< 𝜅

)
,

To prevent degenerate class balance (e.g., all zeros), a distance-
based fallback is applied with an adaptive threshold percentile, and
this adjustment is recorded to ensure reproducibility.

4.4 LSTM-Based Trajectory Forecasting
We adopt a stacked LSTM [23], optionally bidirectional and with
dropout, to predict the target sequence Y𝑡 from the input X𝑡 . Given
encoded past X𝑡 , the model outputs Ŷ𝑡 ∈ R𝐾×3, training is per-
formed by minimizing a per-step Smooth L1 (Huber) loss::

Ltraj =
1
𝐾

𝐾∑︁
𝜏=1

Huber(ŷ𝑡+𝜏 , y𝑡+𝜏 ) ,

Optimzed for with Adam [28] and gradient clipping to ensure
stable training. Targets are optionally standardized with inverse-
transform for metrics. to improve numerical stabilize.

For evaluation we report Average Displacement Error (ADE) and
Final Displacement Error (FDE), computed in meters adter inverse
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Figure 3: Evaluation of the MICE Model Under 70% Missingness, Including Probability Density Functions (PDF) and Column-
wise Standard Deviation Plots Comparing Real and Imputed Data.

scaling:

ADE =
1
𝐾

𝐾∑︁
𝜏=1

∥p̂𝑡+𝜏 − p𝑡+𝜏 ∥2 , FDE = ∥p̂𝑡+𝐾 − p𝑡+𝐾 ∥2 ,

4.5 ML Classifier for RSU Migration
In this study, we use a RF classifier as a baseline for RSU migra-
tion prediction and compare its performance with a Multi-Layer
Perceptron (MLP) classifier to better evaluate potential overfitting.
Both models operate on past-only features Z𝑡 and jointly predict (i)
a binary migration decision and (ii) the RSU class. The RF model
implemented using scikit-learn [29, 30], applies

class_weight=balanced_subsample

to address class imbalance and consists of several hundred trees,
offering strong tabular performance and interpretability. The MLP
architecture comprises two fully connected layers with Batch Nor-
malization and dropout, optimized for joint prediction using a com-
posite loss: Binary Cross-Entropy (BCE) or Focal Loss [31] for
migration, and cross-entropy for RSU classification. The binary loss
is defined as,

LBCE = BCEWithLogits
(
𝑧
mig
𝑡 , 𝑦

mig
𝑡 ; pos_weight

)
,

and the joint loss combines both tasks as LFocal = 𝛼 (1− 𝑝𝑡 )𝛾 · BCE,
where 𝑝𝑡 = 𝜎 (𝑧mig

𝑡 ), 𝛼 ∈ (0, 1], 𝛾 ≥ 0. The RSU class head uses
cross-entropy and the joint loss is defined as LMLP = Lmig + 𝜆Lcls,

where 𝜆 a small weighting scalar.
For decision thresholding, we sweep 𝜃 ∈ [0.1, 0.9] on the valida-

tion set to maximize F1 and select the optimal 𝜃★.We additionally
report PR-AUC and ROC-AUC, which provide operating points
reflecting the trade-offs between handover aggressiveness and sta-
bility.

4.6 Training Configuration and Losses
For optimization, we used Adam for the LSTM and AdamW for the
MLP, with optional cosine annealing for the learning rate. Batch
sizes range from 256–1024, and gradient clipping (ℓ2 norm ≤ 1) for
the LSTM.

For validation, sequence forecasting reserves 10% of the data as
temporally contiguous hold-out segments. Migration models use
stratified splits on the binary label when feasible. We report per-
epoch metrics, including loss, PR-AUC, ROC-AUC, F1, and accuracy,
with best checkpoints selected by PR-AUC.

To ensure proper evaluation , we enforce strict leakage controls
Only past window features are used as model inputs, while future-
only quantities (e.g., end-of-horizon displacement) are reserved for
label construction and never used as inputs during training.

4.7 Evaluation Metrics and Experimental Setup
We report ADE/FDE (meters), per-step ADE, and RMSE on each
output channel after inverse scaling for trajectory. For migratinn,
we report PR-AUC, ROC-AUC, accuracy, F1, precision/recall, thresh-
old 𝜃★, and confusion matrices. Additionally save learning curves,
PR/ROC curves, and feature importance plots to artifacts. To test the
effectiveness, we vary: (i) target standardization on/off, (ii) bidirec-
tional vs. unidirectional LSTM, (iii) MLP depth/width and dropout,
(iv) BCE vs. Focal Loss, and (v) inclusion of per-RSU distance fea-
tures and kinematic statistics.

5 Results
5.1 Dataset Exploration
Figure 2 summarizes the characteristics of the vehicle dataset em-
ployed in this study, detailing the variables analyzed, including
the speed, heading, acceleration, yaw rate that define the ego-
motion states of the vehicle and relative dynamics (relSpdPVeh,
distToPVeh), localization data and control flags. Additionally, inter-
vehicle and V2I infrastructure communication features captured
via RSSI and SOS measurements. All variables were normalized
to enable consistent comparison and visualization. Dynamic vari-
ables such as heading and accel_fwd exhibit broad distributions
with numerous outliers, whereas RSSI/SOS-related features are
more tightly clustered and predominantly skewed toward lower
values. The figure also illustrates variable-specific missingness pat-
terns: prism measurements show substantial data gaps ( 60–70%),
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Figure 4: Evaluation of LSTM model performance through training and validation loss, followed by a comparison of the
cumulative distribution curves of predicted and target values.

in contrast to minimal missingness (<10%) for variables such as
relSpdVeh, speed, and command/override signals. These dispari-
ties underscore the necessity for targeted imputation strategies to
address high-missingness features while preserving the integrity
of low-missingness variables.

To address NaN values in the vehicle dataset, a Multiple Imputa-
tion by Chained Equations (MICE) [32] was applied and evaluated
by introducing a scenario with 70% missingness to mimic the ob-
served pattern. Figure 3 presents probability density functions com-
paring original and imputed data, showing strong distributional
similarity with minor deviations in specific regions. Column-wise
standard deviation plots further indicate that most variables main-
tain comparable variability post-imputation, with slight reductions
for certain prism-related and sensor features. These findings con-
firm that MICE provides robust imputations while preserving the
dataset’s overall structure and variability

5.2 Overall Performance on the Test Set
We evaluated the models using a data split of 60% for training,
15% for validation, and 25% for testing. The baseline deep learning
model (multi-layer perceptron (MLP)) was compared against an
ensemble-based RF classifier. Both models were trained and tuned
on the same dataset and evaluated on the held-out test set. The
final thresholds applied were 0.40 for MLP and 0.50 for RF, selected
to balance precision and recall.

Figure 5 provides a comprehensive side-by-side comparison of
the two classifiers, including ROC curves, Precision–Recall (PR)
curves, and confusion matrices. Both classifiers achieve strong ROC
performance (figure 5 top left), with theMLP slightly outperforming
RF (AUC = 0.846 vs. 0.837). Across most false positive rates, the MLP
maintains a marginally higher true positive rate. This suggests that
the neural baseline is slightly better at overall class separation when
measured in ROC space. In the PR analysis (Figure 5, top right),
the MLP again yields a modest advantage with PR-AUC = 0.653
compared to 0.606 for RF. This is particularly relevant given the
class imbalance in the dataset (roughly 30% migration events). The
MLP maintains higher precision at moderate recall levels, reducing

unnecessary migration triggers. The RF curve, however, remains
competitive and closely tracks the MLP for much of the recall range.

5.3 LSTM Accuracy
Figure 4 presents the performance of an LSTM model in forecasting
tasks, with two key components. The MSE loss curve shows the
training and validation loss over epochs, with a sharp drop early
on, stabilizing near zero. The best model performance is marked at
epoch 64, where the validation loss reaches its lowest value of 0.0004,
indicating the optimal training point. The CDF comparison between
the target and predicted distributions reveals a close alignment, with
a Kolmogorov-Smirnov (KS) statistic of 0.03, suggesting minimal
deviation between the predicted and actual data. This indicates that
the LSTM model provides highly accurate predictions in relation
to the target distribution.

Overall, the results demonstrate that both RF and MLP are effec-
tive for proactive RSU migration prediction, with complementary
strengths. The MLP achieves higher ROC and PR AUC, and reduces
false negatives, making it preferable when missed migration events
are costly. The RF, on the other hand, offers competitive accuracy
and fewer false positives, which may be desirable in deployments
where unnecessary handovers are disruptive. These findings under-
score that both deep and ensemble learning paradigms are viable,
and that deployment priorities (avoiding missed migrations vs. re-
ducing false triggers) should guide model selection.

6 Discussion
Our evaluation of RSU migration prediction for connected vehi-
cles, using a deep sequential MLP and an ensemble RF classifier,
reveals a more nuanced outcome than initially expected. Contrary
to our earlier hypothesis that the ensemble RF would dominate,
the final results show that both models perform at a comparable
level, with each offering complementary strengths. Specifically, the
MLP achieves slightly higher scores on ROC AUC and PR AUC,
while the RF demonstrates competitive accuracy and fewer false
positives in confusion matrix analysis. These findings indicate that
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Figure 5: Comparison of RF and MLP classifiers on the test set. Top: ROC and PR curves with AUC scores. Bottom: confusion
matrices at selected thresholds (0.50 for RF, 0.40 for MLP).

both deep and ensemble learning paradigms are effective, but the
preferred choice may depend on deployment priorities.

While bothmodels demonstrated solid performance, the achieved
metrics also highlight limitations. PR AUC values (0.606–0.653) sug-
gest that precision decreases at high recall, which could result in
unnecessary migrations in highly sensitive deployments. Moreover,
overall error rates remain non-trivial: each model misclassified over
12,000 “stay” events in the test set. This underscores the challenge
of ensuring near-perfect reliability in safety-critical vehicular net-
works. Another limitation is that our experiments were restricted
to only two model families (RF and MLP). More advanced sequen-
tial methods such as LSTMs or Transformers, or gradient boosting
ensembles, may capture temporal dependencies or non-linear in-
teractions more effectively.

From this comparative analysis, several lessons emerge: (1) Deep
neural baselines like MLPs can indeed compete with ensemble
methods on structured vehicular data, but ensembles may still offer
valuable robustness. (2) Calibration of thresholds is critical—using
0.40 for MLP and 0.50 for RF significantly improved the balance
between precision and recall. (3) Both models show trade-offs: RF
reduces false positives but at the cost of slightly higher false nega-
tives, while MLP improves recall but increases false positives. This

suggests that model selection should be guided not only by global
metrics (AUC) but also by the operational priorities of the target de-
ployment (e.g., minimizing missed migrations vs. reducing needless
handovers).

In summary, our study shows that both RF and MLP are promis-
ing for RSU migration prediction. The MLP slightly outperforms
RF in discriminative metrics (ROC AUC and PR AUC), while the
RF offers better control of false positives. These complementary
strengths highlight that no single approach is universally superior;
instead, careful consideration of deployment priorities and potential
hybridization of methods will be key to achieving highly reliable
handover prediction in vehicular edge computing.

7 Conclusions and Future Work
In this paper, we address the challenging problem of improving RSU
handover efficiency and short-term, trajectory-informed decision-
making in connected vehicular networks. We propose a data-driven
solution that integrates deep learning and ensemble methods, using
a MLP as a deep sequential baseline and a RF as a classical ensemble
approach, to predict handover decisions from vehicle trajectories.
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By anticipating mobility patterns, the framework enables proac-
tive RSU migration, thereby reducing service interruptions and
enhancing connectivity in vehicular edge networks.

Our experimental results show that both models achieve strong
performance on the RSU migration prediction task, albeit with
complementary strengths. The MLP demonstrates slightly higher
discriminative capability, reflected in superior ROC AUC (0.846)
and PR AUC (0.653) values. Conversely, the RF classifier delivers
competitive accuracy and F1 scores while producing fewer false
positives in confusion matrix analysis. Together, these findings
suggest that both deep neural and ensemble learning methods are
viable for this task, with their relative advantages depending on
operational priorities—whether the goal is to maximize sensitivity
to handover events (favoring the MLP) or to minimize unnecessary
handovers (favoring the RF). Importantly, the comparative evalua-
tion highlights that effective RSU migration prediction is not the
exclusive domain of deep models; classical ensembles can perform
equally well under certain conditions.

Despite these promising results, several limitations remain. The
absolute accuracy and precision–recall balance are not yet sufficient
for fully reliable deployment in safety-critical vehicular environ-
ments, as both models still produce a non-trivial number of mis-
classifications. Moreover, the scope of our study was limited to two
modeling families; additional baselines such as gradient boosting
machines, LSTMs, or Transformer-based predictors could provide
further insight into optimal architectures for this problem. Finally,
our experiments relied on a single dataset split; additional testing
under varied network and traffic conditions is required to validate
generalizability.

Looking ahead, several directions for future work emerge. One
promising avenue is the use of LightGBM as a faster and more
efficient alternative to Random Forest for large-scale classifica-
tion, particularly with high-dimensional categorical datasets, while
maintaining a strong balance between accuracy and performance.
Another exciting direction is the adoption of Liquid Neural Net-
works (LNNs) in place of traditional LSTMs for real-time forecasting.
LNNs offer dynamic adaptability to evolving data streams, enabling
more accurate and responsive predictions.
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