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Abstract. Safe autonomous driving requires anticipating potentially
hazardous vehicle motions beyond the limited field of view of ego-centric
sensors. Existing urban CCTV cameras provide a complementary infrastructure-
side perspective, but their use for motion forecasting is hindered by
unknown camera parameters, perspective distortion, and noisy vehicle
tracks. To address these challenges, we present NAD-Traj, an infrastructure-
assisted trajectory forecasting framework designed for uncalibrated ur-
ban CCTV. We introduce a calibration-free vehicle trajectory extraction
pipeline and a robust graph-based prediction model equipped with a
GRU-based temporal refinement module and a noise-aware loss function.
Using this pipeline, we construct NAD-Traj-DB, containing 7,364 traffic
scenes, over 528K vehicle-track instances, and 21.4M trajectory points
from urban intersections. Experimental results on NAD-Traj-DB and
the public V2X-Seq benchmark demonstrate that our approach reduces
the Miss Rate (MR) by 23.6% relative to the strongest evaluated base-
line. These results highlight the potential of uncalibrated urban CCTV
to serve as a promising infrastructure-side perception and forecasting
framework for future defensive-driving systems.

1 Introduction

Developing autonomous systems that can anticipate potentially hazardous road-
user motions remains a core challenge for intelligent transportation systems [6,
10]. Traditional autonomous vehicles rely primarily on ego-centric sensors, such
as LiDAR and onboard cameras, whose fields of view can be severely restricted
by occlusion at complex urban intersections [2, 11, 13]. As a result, surrounding
vehicles performing nonlinear maneuvers, including abrupt lane changes [4] and
sharp turns, may remain partially or fully hidden until they approach a potential
conflict area. Anticipating such motions [5, 7, 12] before they become directly
observable is therefore important for defensive driving.

Existing monocular urban closed-circuit television (CCTV) cameras [14, 15,
22] offer a scalable and cost-effective complementary perspective by providing
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broad coverage of urban intersections [8,9]. However, extracting reliable motion
information from these infrastructure streams remains challenging because of
substantial observation uncertainty [18]. Unlike data collected using carefully
calibrated autonomous-driving platforms, real-world CCTV cameras often lack
explicit camera parameters [1], resulting in perspective distortion, variations in
target scale, and temporal tracking jitter. Most existing trajectory forecasting
approaches [19, 20] are developed using calibrated, map-aligned trajectories ob-
tained from controlled platforms and are not explicitly designed for uncalibrated
infrastructure video.

To address these challenges, we present NAD-Traj, an infrastructure-assisted
trajectory forecasting framework designed for uncalibrated urban CCTV. Our
framework first employs a trajectory-guided homography estimator that pre-
dicts local geometric constraints from tracked vehicles and aggregates them to
recover a globally consistent bird’s-eye-view (BEV) transformation without ex-
plicit camera parameters. We then introduce a graph-based multi-modal fore-
casting model that captures agent–agent, agent–lane, and scene-level interac-
tions. A gated recurrent unit (GRU)-based residual refinement module and a
noise-aware loss function further reduce sensitivity to temporal jitter and spa-
tial outliers. Through these contributions, our framework transforms noisy infras-
tructure observations into stable and kinematically plausible trajectory forecasts
that can complement ego-centric perception for defensive driving.

2 Proposed Framework: NAD-Traj

We propose the Noise-Aware Defensive Trajectory Prediction model (NAD-
Traj), an infrastructure-assisted forecasting framework designed to support de-
fensive driving under observation uncertainty, as shown in Fig. 1. The framework
addresses two challenges: recovering physically consistent trajectories from un-
calibrated infrastructure and forecasting future motion from noisy observations.

2.1 Calibration-Free Infrastructure Perception

Given a sequence of uncalibrated 2D bounding boxes extracted using YOLOv8x-
VisDrone [17] and ByteTrack [23], we estimate an image-to-ground homography
through a two-stage trajectory-guided pipeline. First, due to the lack of ground-
truth geometric annotations in real-world CCTV, a Transformer encoder is pre-
trained on a synthetic dataset. It processes 8-dimensional local features extracted
from tracked bounding boxes to predict local 2 × 2 Jacobians. During deploy-
ment, the estimator is frozen, and the model robustly infers these local Jacobians
directly from uncalibrated CCTV observations. To aggregate these noisy local
predictions, we employ a RANSAC-based optimization that iteratively samples
pairs of predicted Jacobians to compute candidate homographies. The final glob-
ally consistent transformation is selected by maximizing a consensus score across
all local predictions, effectively handling outliers and measurement noise. The
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Fig. 1: Overview of the proposed Noise-Aware Defensive Trajectory Prediction model
(NAD-Traj).

resulting global homography Ĥ projects an image coordinate pt into a bird’s-
eye-view (BEV) coordinate Pt:

Pt = H(pt; Ĥ), (1)

where H(·) denotes the homography transformation.

2.2 Defensive Forecasting under Uncertainty

Although the homography provides a consistent BEV representation, the recon-
structed trajectories may still contain bounding-box drift, tracking jitter, and
minor geometric distortions. We therefore introduce a graph-based multi-modal
trajectory forecasting model designed for noisy infrastructure observations.

Hierarchical Context Graph: We represent agents and lane elements as a
spatio-temporal graph. Agent-agent, temporal, and agent-lane encoders extract
spatial interactions, motion dynamics, and topological constraints from the vec-
torized lane context. Crucially, a Global Interaction Token aggregates informa-
tion from all encoded agents to model intersection-level context and long-range
dependencies. This process yields a contextual representation cv for each target
agent v.

Temporal Uncertainty Filter: A multi-modal MLP decoder generates
K coarse future trajectories, denoted as p̌

(v)
t,m, together with their confidence

scores. Because observation noise may propagate through direct decoding and



4 JS. Ham et al.

produce temporally inconsistent outputs, we apply a GRU-based residual refine-
ment module to each predicted mode:

s
(v)
t,m = GRU

(
[p̌

(v)
t,m; cv], s

(v)
t−1,m

)
, ∆p

(v)
t,m = MLP(s

(v)
t,m), (2)

where s
(v)
t,m represents the hidden state of the GRU at time step t, and cv is the

dense contextual feature for agent v. The final refined trajectory p̂
(v)
t,m is obtained

through residual correction:

p̂
(v)
t,m = p̌

(v)
t,m +∆p

(v)
t,m. (3)

This formulation preserves the coarse motion hypothesis while mitigating tem-
poral jitter and discontinuities.

Noise-Aware Optimization: Standard loss functions are notoriously vul-
nerable to CCTV observation noise. To correct minor temporal fluctuations while
preventing massive spatial outliers from hijacking the gradient, we optimize the
network using a noise-aware Smooth L1 regression loss:

SmoothL1(β) =

{
1
2τ β

2, if |β| < τ

|β| − 1
2τ, otherwise

Here, β = p̂
(v)
t,m − p

∗(v)
t denotes a scalar coordinate-wise prediction error be-

tween p̂
(v)
t,m and the ground-truth position p

∗(v)
t , and τ controls the transition be-

tween quadratic and linear penalization. This formulation applies an L2 penalty
for small deviations to allow fine-grained adjustments, then switches to an L1

penalty for large errors so that catastrophic infrastructure tracking flaws do not
dominate the gradient.

Because the network generates K diverse multi-modal predictions to account
for future uncertainty, we adopt a Best-of-K assignment to compute the local-
ization loss over the prediction horizon, Tfwd:

Lloc = min
m∈{1,...,K}

Tfwd∑
t=1

SmoothL1
(
p̂
(v)
t,m − p

∗(v)
t

)
This Winner-Takes-All formulation ensures that only the most accurate pre-
dicted mode is penalized and refined. By doing so, the model preserves the
multi-modal diversity of potential defensive maneuvers while applying the ro-
bust Huber penalty to the best candidate to effectively filter out infrastructure-
induced noise.

Let m∗ denote the mode selected by the localization objective and π
(v)
m∗ its

predicted confidence. The classification loss is defined as:

Lcls = − log π
(v)
m∗ . (4)

The final training objective is

Ltotal = Lcls + λLloc, (5)
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Table 1: Validation of the geometric trajectory extraction on the public BrnoComp-
Speed benchmark.

Method Absolute Error (km/h) ↓ Relative Error (%) ↓

Average Median Average Median

FullACC [3] 8.59 8.45 11.41 10.89

Learned + RANSAC [15] 2.15 1.60 2.07 2.65

NAD-Traj Extraction (Ours) 1.71 1.19 2.09 1.52

where λ balances mode classification and trajectory regression. This equilibrium
allows the model to learn robust defensive behaviors even in highly noisy envi-
ronments.

3 Experiments

3.1 Dataset and Implementation Details

We evaluate NAD-Traj on the proposed NAD-Traj-DB and the public V2X-Seq
benchmark [21]. NAD-Traj-DB contains 528,501 vehicle-tracked instances and
approximately 21.4 million trajectory points collected from three uncalibrated
urban CCTV intersections. The forecasting subset contains 19,859 dynamically
informative target agents. We use 6,080 scenes for training and 1,284 scenes for
evaluation. To prevent data leakage from overlapping vehicle tracks, the training
and evaluation sets are strictly separated by non-overlapping temporal windows
for each intersection.

For all experiments, the models observe 4.0 s of trajectory history and predict
4.0 s into the future. The decoder generates K = 6 trajectory modes. NAD-
Traj is trained with an initial learning rate of 1 × 10−3 and a cosine-annealing
schedule. The loss weight and Smooth L1 transition threshold are set to λ = 1.1
and τ = 1.0, respectively. All compared methods use the same observation and
prediction horizons.

3.2 Evaluation Metrics

We evaluate the predictive performance using three standard metrics: minimum
Average Displacement Error (minADE), minimum Final Displacement Error
(minFDE), and Miss Rate (MR). Given K predicted trajectories, minADE and
minFDE measure the minimum average and final Euclidean displacement er-
rors over the predicted modes, respectively. MR is the fraction of samples whose
minFDE exceeds ϵ = 2.0m:

MR =
1

N

N∑
i=1

⊮ (minFDEi > ϵ) . (6)



6 JS. Ham et al.

Table 2: Quantitative performance comparison across different observation uncer-
tainty domains. To emphasize defensive forecasting reliability against latent hazards,
the Miss Rate (MR), is highlighted.

Method Uncalibrated CCTV (NAD-Traj-DB) Cooperative V2X (V2X-Seq)

minADE ↓ minFDE ↓ MR ↓ minADE ↓ minFDE ↓ MR ↓

TNT [24] 2.182 3.698 0.484 7.38 15.27 0.72
HiVT [25] 1.033 1.543 0.204 1.28 2.11 0.31
V2X-Graph [16] 0.996 1.517 0.212 1.17 2.03 0.29

NAD-Traj (Ours) 0.943 1.288 0.162 1.13 1.86 0.27

Table 3: Ablation study on the components of NAD-Traj. The integration of the
Temporal Uncertainty Filter (GRU) and Noise-Aware Optimization (Smooth L1 Loss)
is critical for preventing failures (MR) under severe infrastructure noise.

Global Interaction Token Temporal Uncertainty Filter Noise-Aware Optimization minADE ↓ minFDE ↓ MR ↓

- - - 1.112 1.771 0.242
✓ ✓ - 1.098 1.689 0.235
✓ - ✓ 1.033 1.430 0.174
- ✓ ✓ 0.997 1.395 0.174
✓ ✓ ✓ 0.943 1.288 0.162

3.3 Quantitative and Qualitative Evaluation

Geometric Extraction Accuracy: Before evaluating trajectory forecasting,
we validate the calibration-free extraction module on the public BrnoCompSpeed
benchmark [18], which provides physical vehicle-speed annotations. As shown in
Table 1, our extraction module achieves mean and median absolute errors of 1.71
and 1.19 km/h, respectively, outperforming the evaluated automatic calibration
baselines. These results support the geometric consistency of the reconstructed
BEV trajectories.

Robustness to Observation Uncertainty: Table 2 compares the predic-
tive performance of NAD-Traj against representative baseline models, including
TNT [24], HiVT [25], and V2X-Graph [16]. Our evaluations demonstrate that
NAD-Traj achieves the lowest MR of 0.162, marking a substantial 23.6% reduc-
tion in prediction failures compared to the representative models V2X-Graph
(MR: 0.212). Baseline architectures designed primarily for cleaner sensor ob-
servations show degraded forecasting accuracy in the uncalibrated infrastruc-
ture setting. The significant error reduction achieved by our model validates its
capacity to translate noisy infrastructure observations into more accurate and
robust trajectory forecasts.

To verify the framework’s resilience beyond isolated single-camera noise, we
extended our evaluation to the public V2X-Seq benchmark under the cooperative
perception (PP-VIC) setting. NAD-Traj consistently outperformed all evaluated
baselines on the V2X-Seq benchmark, pushing the minFDE down to 1.86 and
the MR to 0.27. Ultimately, this confirms that our uncertainty-aware architec-
ture does not merely overfit to local CCTV noise but serves as a promising
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Fig. 2: Qualitative results comparison between V2X-Graph (left) and our proposed
NAD-Traj (right).

infrastructure-side perception and forecasting framework for future defensive-
driving systems across diverse, heterogeneous infrastructure deployments.

Component Ablation Study: To validate the individual contributions of
our proposed uncertainty-handling mechanisms, we conduct a comprehensive
ablation study as summarized in Table 3. Substituting the noise-aware formula-
tion with a standard loss drastically degrades overall performance—most notably
causing the Miss Rate (MR) to surge to 0.235. Furthermore, bypassing the GRU-
based temporal uncertainty filter increases the minFDE to 1.430. Ultimately,
this confirms that integrating all components proves essential for neutralizing
infrastructure-induced noise and securing safe, defensive predictive behaviors.

Trajectory Visualization: To intuitively illustrate our framework’s robust-
ness against infrastructure uncertainty, we visualize the predicted multi-modal
trajectories in Fig. 2. In scenarios featuring complex right-turn maneuvers, which
frequently act as latent hazards for oncoming ego-vehicles, the baseline V2X-
Graph exhibits severe structural vulnerabilities. Conversely, NAD-Traj intelli-
gently filters out this observation noise, maintaining strictly lane-compliant and
kinematically smooth future trajectories.
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4 Conclusion

In this paper, we presented an infrastructure-assisted framework designed for
the defensive forecasting of latent traffic hazards under severe observation uncer-
tainty. By eliminating the reliance on explicit camera calibration and integrating
noise-aware learning mechanisms (temporal uncertainty filter and Smooth L1 op-
timization), our model successfully translates highly noisy CCTV video streams
into reliable, lane-compliant trajectory predictions. Experimental results demon-
strate that this approach significantly reduces critical prediction failures (Miss
Rate). Ultimately, this work illustrates that existing, uncalibrated urban camera
networks can be effectively leveraged to provide a promising infrastructure-side
perception and forecasting framework for future defensive-driving systems.
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