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Abstract
Camera–LiDAR fusion can fail when sensor quality, synchronization, or extrinsic calibration departs from the conditions used to construct the fusion rule. This study evaluates whether confidence calibration makes those failures more visible and reduces overconfident association decisions. Experiments used the DAVE inland-waterway sequence, comprising 128 synchronized 1280 × 720 images, 128 LiDAR point clouds containing 5,719,139 XYZ points, and 781 scored two-dimensional privacy proposals. A chronological 64/32/32-frame train/calibration/test split prevented future frames from entering model fitting. Pair association distinguished synchronized camera–LiDAR frames from frames offset by 1, 2, 4, 8, or 16 s. Image-only, LiDAR-only, early summary-fusion, late evidence-rule, learned-fusion, and confidence-gated models were compared. Held-out discrimination was near chance: learned fusion obtained AUROC 0.4971 and confidence-gated fusion obtained 0.4865. Relative probability quality nevertheless improved on this block. The Platt-calibrated, confidence-gated pipeline reduced Brier score from 0.1768 to 0.1571 and expected calibration error from 0.1743 to 0.0968 relative to the uncalibrated learned model; paired frame-block bootstrap differences were −0.0197 (95% interval −0.0218 to −0.0177) and −0.0730 (−0.0827 to −0.0465), respectively. The fixed severe blur, camera-noise, LiDAR-dropout, and modality-loss conditions were perfectly separated, whereas temporal offsets and fixed extrinsic perturbations remained difficult. Because DAVE provides neither track identities nor manually verified object boxes, temporal experiments report continuity, forward–reverse agreement, edge retention, and spurious-link proxies rather than MOTA, IDF1, or HOTA. JPDA-style affinity produced the highest clean link rate, whereas confidence gating gave the best edge-retention and spurious-link proxies under bounding-box jitter. Calibration can therefore improve the meaning of confidence without creating discriminative evidence absent from the sequence..
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Abstrak
Fusi kamera-LiDAR dapat mengalami kegagalan ketika kualitas sensor, sinkronisasi, atau kalibrasi ekstrinsik menyimpang dari kondisi yang digunakan untuk menyusun aturan fusi. Studi ini mengevaluasi apakah kalibrasi tingkat kepercayaan (confidence calibration) membuat kegagalan tersebut lebih terlihat dan mengurangi keputusan asosiasi yang terlalu percaya diri (overconfident). Eksperimen menggunakan rangkaian data perairan darat DAVE, yang mencakup 128 citra tersinkronisasi berukuran 1280 × 720, 128 point cloud LiDAR yang memuat 5.719.139 titik XYZ, serta 781 usulan privasi dua dimensi yang telah diberi skor. Pembagian data secara kronologis (64/32/32 frame untuk pelatihan/kalibrasi/pengujian) mencegah masuknya frame masa depan ke dalam proses penyesuaian model. Asosiasi pasangan membedakan antara frame kamera-LiDAR yang tersinkronisasi dengan frame yang memiliki selisih waktu (offset) 1, 2, 4, 8, atau 16 detik. Model-model yang dibandingkan meliputi model berbasis citra saja, LiDAR saja, fusi ringkasan awal (early summary-fusion), aturan bukti akhir (late evidence-rule), fusi hasil pembelajaran (learned-fusion), dan fusi dengan gerbang kepercayaan (confidence-gated). Kemampuan diskriminasi pada data uji berada di tingkat peluang acak (chance level): fusi hasil pembelajaran memperoleh nilai AUROC 0,4971 dan fusi dengan gerbang kepercayaan memperoleh 0,4865. Meskipun demikian, kualitas probabilitas relatif meningkat pada blok data ini. Alur kerja (pipeline) yang menggunakan kalibrasi Platt dan gerbang kepercayaan berhasil menurunkan skor Brier dari 0,1768 menjadi 0,1571 serta expected calibration error dari 0,1743 menjadi 0,0968 dibandingkan dengan model hasil pembelajaran tanpa kalibrasi; perbedaan bootstrap berpasangan pada tingkat blok-frame masing-masing adalah −0,0197 (interval 95%: −0,0218 hingga −0,0177) dan −0,0730 (interval 95%: −0,0827 hingga −0,0465). Kondisi berupa kabur (blur) parah yang tetap, derau kamera, dropout LiDAR, dan hilangnya modalitas dapat dipisahkan dengan sempurna, sedangkan offset temporal dan gangguan ekstrinsik tetap sulit ditangani. Karena DAVE tidak menyediakan identitas lintasan (track identities) maupun kotak objek yang diverifikasi secara manual, eksperimen temporal melaporkan metrik kontinuitas, kesesuaian maju-mundur, retensi tepi, dan proksi tautan semu (spurious-link proxies), alih-alih menggunakan metrik MOTA, IDF1, atau HOTA. Metode affinity ala JPDA menghasilkan tingkat clean link tertinggi, sedangkan confidence gating memberikan hasil terbaik dalam hal retensi tepi (edge-retention) dan indikator spurious-link di bawah kondisi jitter kotak pembatas (bounding-box). Dengan demikian, kalibrasi dapat meningkatkan makna nilai kepercayaan (confidence) tanpa menciptakan bukti diskriminatif yang sebenarnya tidak ada dalam urutan data tersebut.

Kata Kunci: Fusi Kamera-Lidar; Kalibrasi Kepercayaan; Pergeseran Sensor; Sinkronisasi; Deteksi Anomali; Asosiasi Pasangan Sensor; Kontinuitas Tracklet; Navigasi Perairan Pedalaman Otonom.
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A. INTRODUCTION
Cameras provide dense appearance, while LiDAR provides metric range and geometry. Fusion has progressed from multi-view and proposal aggregation [1], [2], through point-, voxel-, and candidate-level integration [3], [4], [5], to transformer and bird's-eye-view representations [6], [7]. These gains assume synchronization, calibration, and healthy sensors. Blur, point loss, modality absence, and spatial or temporal misalignment violate those assumptions; corruption and adverse-weather studies confirm that complementary sensors do not guarantee robustness [8], [9]. Targetless mutual-information calibration [10] and learned self-calibration such as LCCNet [11] likewise address the projection errors that undermine fusion.
Recent work on uncertainty-aware late fusion explicitly treats confidence calibration and fusion-rule learning as separate design problems [12], while object-level LiDAR–camera tracking has combined JPDA and EKF to preserve ambiguity through the association stage [13]. Attention-enhanced autonomous-driving detectors [14] and domain adaptation with approximately shared features [15] further suggest that richer local evidence and transfer structure can matter as much as the fusion operator. These studies motivate a decomposed evaluation in which cross-modal evidence, discriminative ranking, probability calibration, and temporal association are measured separately rather than summarized by a single fusion score.
Confidence is distinct from the binary decision. Models may be poorly calibrated even when accurate [16], and calibration may deteriorate under shift [17]. A fusion system should therefore distinguish ranking quality from whether scores reflect observed correctness. A calibrated but weak score can support abstention; an overconfident score can silently propagate errors.
That separation is also consistent with uncertainty-aware decision pipelines outside perception. Probability calibration with uncertainty-driven rejection has been studied for credit-risk tiering [18], distribution-free uncertainty and SHAP-based model-risk workflows [19], calibrated capacity forecasting [20], and conformal demand envelopes for risk-bounded GPU admission [21]. Across these settings, uncertainty is operationally useful only when it is tied to an explicit action—accept, defer, abstain, or escalate. The present study therefore treats the reliability gate as a decision layer and does not interpret a lower Brier score as evidence of better synchronized-pair ranking.
ModDrop [22] and EmbraceNet [23] motivate quality-aware handling of absent inputs. They do not remove the need to test whether a gate responds to deterioration and complete loss, nor can lowered confidence repair missing discriminative evidence.
Model capacity does not eliminate this distinction. Lightweight medical foundation models with parameter-efficient transfer [24], uncertainty-aware medical vision–language classifiers [25], and edge-oriented quality proxies distilled from richer metrics [26] illustrate how compact representations can support calibration and deployment without guaranteeing cross-domain discrimination. We accordingly keep the DAVE representation deliberately lightweight, then test whether its confidence responds to blur, point loss, and modality absence.
Temporal association combines motion prediction [27], one-to-one assignment [28], and probabilistic treatment of ambiguous measurements [29], [30]. SORT and AB3DMOT provide lightweight precedents [31], [32], while EagerMOT and DeepFusionMOT combine camera and LiDAR cues [33], [34]. Verified identities remain essential: HOTA compares detection, localization, and association against annotated trajectories [35], so using it without labels would confuse smoothness with accuracy.
This study uses DAVE, a camera-LiDAR sequence recorded on the River Trave [36] within an autonomous inland-waterway program [37]. Related work documents its ROS 2 calibration and projection pipeline [38] and bridge perception [39]. DAVE supports lightweight shift experiments, but its JSON records are scored privacy-blur proposals, not human identities or 3D boxes.
Route-to-route deployment would additionally create a domain-shift problem. Cross-cloud workload forecasting has shown that transfer can become negative when source and target distributions separate [40], while few-shot cold-start forecasting emphasizes the value of target-specific support windows [41]. Regime-aware forecasting under changing weather and seasonality provides a parallel example of nonstationary evidence [42], and multi-horizon forecasting with operational risk curves illustrates the need to monitor errors at more than one decision horizon [43]. These works motivate chronological evaluation and explicit shift analysis here, although DAVE contains only one route and therefore cannot support a genuine cross-route transfer experiment.
The experiments ask whether cross-modal features identify synchronized pairs, whether held-out calibration improves probability quality, which failures are visible to unimodal, residual, and one-class detectors, and how association rules respond to known proposal perturbations. Isolation Forest is the nonlinear anomaly baseline [44]; deep one-class classification represents a higher-capacity direction [45]. A chronological protocol, paired frame-block bootstrap, nine sensor conditions, and five temporal rules form the stress test. The key finding is qualified: the Platt-calibrated, confidence-gated pipeline reduces Brier score and ECE relative to the uncalibrated learned model on this block and creates fail-closed behavior, but it does not improve synchronized-pair discrimination.
The scope is therefore intentionally narrower than end-to-end 3D detection. The study asks what the released sequence can actually support: frame-pair association, fixed corruption detection, and proposal-link continuity. It avoids importing detector average precision or identity metrics that the archive cannot validate, and it treats operational evidence quality as a separate question from object-level accuracy..

B. METHODS
Dataset And Chronological Protocol
DAVE v1 was published on May 27, 2024 [36]. The scientific payload contains 128 complete image-JSON-PCD triplets with timestamp stems from 2024_04_18_13_54_18 through 2024_04_18_13_56_25. The stems form 128 observations at nominal one-second intervals across a 127-s span. Every image has 1280 x 720 pixels. The binary PCD headers and payloads contain little-endian float32 x, y, and z coordinates. Although the accompanying README describes reflectivity, no reflectivity field occurs in the PCD schema, so intensity-based fusion was not modeled.
The point clouds contain 31,740-58,731 points per frame, with median 44,072.5 and total 5,719,139. The JSON files supply 781 scored privacy proposals in eight detector categories: person 281, car 178, boat 150, train 67, bus 42, truck 39, airplane 19, and bicycle 5. These category names and scores were retained as proposal attributes but were not treated as verified semantic labels. Two frames contain no proposals. Calibration metadata supplies a 3 x 4 projection matrix and a 4 x 4 LiDAR-to-camera extrinsic matrix.

Table 1 Dave Sequence And Schema Audit
	Item
	Observed value
	Interpretation

	Synchronized triplets
	128
	frames

	Timestamp span
	127
	s; 128 frames at nominal 1 Hz

	Image resolution
	1280 x 720
	pixels

	Total LiDAR points
	5719139
	XYZ points

	LiDAR points/frame
	31,740-58,731
	median 44,072.5

	Supplied 2D proposals
	781
	scored privacy-blur records

	Proposal categories
	8
	person:281, car:178, boat:150, train:67, bus:42, truck:39, airplane:19, bicycle:5

	PCD fields
	x, y, z
	float32; no reflectivity field

	Ground-truth identities
	0
	not provided



Frames were divided chronologically into training, calibration, and test blocks. Model fitting used frames 0–63, and post-hoc calibration and confidence-threshold selection used frames 64–95. Synchronized-pair, sensor-shift, and anomaly results used frames 96–127. Proposal-tracklet continuity traversed all 128 frames as a descriptive sequence analysis; its controlled proposal perturbations were applied only after constructing each method's clean link graph. Transformations were generated after partitioning. Chronological separation avoids the direct leakage produced by random sampling of adjacent frames, although all partitions remain correlated segments of one run.
The identical filename stem defined the operationally synchronized pair. The archive does not provide a separate hardware timestamp stream or per-point acquisition times, so the experiment tests recovery of the released pairing rather than sub-frame physical simultaneity. This distinction matters at 1 Hz: a one-frame mismatch is a full second, while rolling-shutter, scan-time, and millisecond synchronization errors cannot be resolved from the released fields. The pairing labels are therefore exact for the controlled offset task but do not certify absolute sensor timing.

Table 2 Chronological Data Split
	Block
	Frames
	Start
	End
	Proposals
	LiDAR points

	Train
	64
	13:54:18
	13:55:21
	398
	2,844,023

	Calibration
	32
	13:55:22
	13:55:53
	160
	1,718,828

	Test
	32
	13:55:54
	13:56:25
	223
	1,156,288



Camera, Lidar, And Cross-Modal Representation
Camera summaries were luminance mean and deviation, 64-bin entropy, normalized Sobel sharpness, edge density, saturation, and missingness. Sobel magnitude was divided by its 95th percentile; values at least 0.42 defined edges, pooled on 16 x 16 pixel cells. LiDAR points were transformed with the supplied extrinsic, filtered at camera depth above 0.10 m, projected, and clipped to the image. Summaries covered point retention, front and in-frame ratios, projected count, depth median and interquartile range, occupancy, and missingness. No distortion correction or surveyed recalibration was added.
The camera branch intentionally uses summary features rather than a new detector. Attention-enhanced image-detection work [14] indicates that local learned features are a plausible extension, but introducing a separately trained detector would entangle sensor synchronization with detector generalization. Likewise, the late-fusion study in [12] motivates retaining explicit modality confidence and fusion evidence rather than allowing one opaque model to absorb both.
Cross-modal evidence included LiDAR depth-edge proximity to image edges, grid Spearman and cosine relationships, camera gradients sampled at projected points, and LiDAR support within privacy proposals. Support measured boxes with at least one or five points, density, score-weighted support, and median depth. A supported proposal used the 20th depth percentile when at least three points were present. Causal temporal features compared camera-edge change with LiDAR occupancy and depth-edge change; partition boundaries used zero change.
 [image: Fig. 1. Evaluation pipeline. Camera quality and edge evidence are combined with projected LiDAR depth structure, followed by learned fusion, post-hoc calibration, and a reliability gate.]
Figure 1 Evaluation Pipeline. Camera Quality And Edge Evidence Are Combined With Projected Lidar Depth Structure, Followed By Learned Fusion, Post-Hoc Calibration, And A Reliability Gate.
 [image: Fig. 2. A DAVE frame with the supplied calibration projection and privacy proposals (left), and the corresponding LiDAR bird's-eye view (right).]
Figure 2 A DAVE Frame With The Supplied Calibration Projection And Privacy Proposals (Left), And The Corresponding Lidar Bird's-Eye View (Right).
Synchronized-pair association and confidence calibration
For each image, the same-stem LiDAR frame formed a positive synchronized pair. Negative pairs were generated by shifting the LiDAR frame by 1, 2, 4, 8, or 16 positions while staying inside the same chronological block. If a forward offset crossed a block boundary, the equivalent backward offset was used. Each image therefore contributed one positive and five negatives, giving 768 pair records. The test block contains 192 records: 32 positives and 160 negatives. These labels represent frame-level synchronization, not object-to-object correspondence.
Image-only and LiDAR-only baselines were standardized logistic regressions. Early summary fusion used a logistic regression on concatenated modality summaries; the late evidence rule used a logistic regression on engineered alignment and proposal-support evidence. Learned fusion was a random forest with 400 trees, depth 5, minimum leaf size 4, and balanced bootstrap weights. Platt calibration was fitted to learned logits on the calibration block. Reliability r was the clipped geometric mean of sharpness, entropy, retained-point, and in-frame-point ratios to synchronized-training medians, set to zero under modality loss. The gate used p_g = 0.5 + r(p_c - 0.5).
Class imbalance was handled through balanced fitting and metrics that separate ranking from probability quality. This choice parallels cost-sensitive fraud detection under extreme imbalance [46] and calibrated rejection workflows [18], but the pair labels here are mechanically generated from frame offsets rather than human adjudication. The confidence gate therefore operates on a fixed calibration block and is evaluated as a selective policy, not as an independently learned detector.
Metrics were AUROC, precision-recall area, balanced accuracy, F1, Brier score, ten-bin expected calibration error (ECE), and descriptive accuracy on the 80% most confident records. Three thousand block-bootstrap replicates resampled the 32 test images; identical blocks were used for paired differences between the uncalibrated learned model and the Platt-calibrated, confidence-gated pipeline. Resampling the source frame rather than its six pair records keeps the synchronized pair and five offsets together. The interval consequently measures sensitivity to which held-out frames were observed; it does not remove the route-level dependence shared by adjacent frames.
Controlled Sensor Conditions And Anomaly Detection
With seed 2026, camera conditions were radius-4 blur, RGB noise with standard deviation 24, brightness 0.35, and loss. LiDAR conditions were 70% point dropout, XYZ noise with standard deviation 0.25 m, and loss. Geometric conditions added 3-degree yaw or 0.50-m lateral translation. Association robustness compared synchronization with four-second mismatch under the same condition.
The operational abstention threshold was the 20th percentile of confidence, 2|p_g - 0.5|, on the calibration block. Condition-specific evaluations recorded the fraction of predictions below this fixed threshold. Thus an abstention rate of one means the policy refused every pair, not that association accuracy was preserved.
Anomaly detectors used only 64 synchronized training frames. Modality, concatenated, residual, and full-feature scores were root-mean-square standardized deviations. Isolation Forest used 400 trees [44], and the gated hybrid added 2.5(1-r) to full-feature distance. The nine evaluated anomalies were camera blur, camera noise, camera loss, LiDAR dropout, LiDAR noise, LiDAR loss, 3-degree extrinsic yaw, 0.50-m extrinsic translation, and a four-second temporal offset; each compared 32 transformed with 32 normal test frames.
Residual and sequence-based anomaly work provides useful design analogies. Unsupervised residual fusion has been used to model noisy-neighbor VM degradation [47]; self-supervised LogBERT-style scoring has been evaluated for log anomalies [48]; and retrieved normal prototypes have been used to explain OpenStack failure-injection anomalies [49]. The DAVE sample is too small and lacks natural failure labels for comparable sequence models, so the implemented detectors remain standardized deviations, Isolation Forest, and a reliability-penalized hybrid.
Proposal association and tracklet continuity
Proposals below score 0.30 or area 40 pixel² were removed, leaving 490. Depth required three projected points. The five rules were center-Hungarian, IoU-Hungarian, two-observation constant-velocity Hungarian, normalized-affinity JPDA-style, and a gated cost. The constant-velocity rule is not a Kalman filter; the JPDA-style rule normalizes exponentiated affinities before Hungarian assignment rather than enumerating classical joint events [29], [30].
The normalized-affinity rule is deliberately labeled JPDA-style because it does not enumerate classical joint association events. A full object-level fusion tracker combining JPDA and EKF [13] represents a stronger probabilistic baseline for datasets with verified detections, state uncertainty, and object identities. Those requirements are absent here, so the present analysis confines itself to link continuity and perturbation recovery.
The gated cost combines predicted-center displacement, one minus IoU, and relative depth change. Low scores increase motion weight; depth weight follows the smaller point count, capped at 20. Category mismatch is penalized, and tracks survive two misses.
Without identities, evaluation uses link rate, starts per 100 proposals, normalized second-order center displacement, depth jumps above 35%, and forward-reverse link-overlap F1. This cycle F1 is not IDF1. Recovery measures retained clean edges and new spurious edges under box jitter, 20% drop, depth loss, score degradation, and a combined condition, averaged over five fixed seeds.

C. RESULTS AND DISCUSSION
Synchronized-pair discrimination and calibration

Table 3 Held-Out Synchronized-Pair Association
	Method
	AUROC
	AUPRC
	Bal. acc.
	Brier
	ECE
	Sel. acc. @80%

	Image only
	0.500
	0.167
	0.500
	0.250
	0.333
	0.169

	LiDAR only
	0.486
	0.164
	0.500
	0.353
	0.461
	0.162

	Early summary fusion
	0.471
	0.149
	0.500
	0.813
	0.821
	0.175

	Late evidence rule
	0.457
	0.148
	0.503
	0.281
	0.329
	0.487

	Learned fusion
	0.497
	0.193
	0.500
	0.177
	0.174
	0.818

	Confidence-gated fusion
	0.487
	0.190
	0.503
	0.157
	0.097
	0.818



None of the methods reliably ranked synchronized pairs above shifted pairs. Image-only evidence produced a constant score and AUROC 0.5000. LiDAR-only, early summary-fusion, and late evidence-rule AUROCs were 0.4859, 0.4707, and 0.4566. Learned fusion reached 0.4971, while confidence-gated fusion produced 0.4865. Every AUROC frame-bootstrap interval contained 0.5. The positive prevalence was 0.1667, so learned-fusion AUPRC 0.1926 represented only a small increase over the prevalence reference. Balanced accuracy was 0.5000 for learned fusion and 0.5031 for the calibrated-gated pipeline.
 [image: Fig. 3. ROC curves for synchronized-pair association on the chronological held-out block. The curves remain close to chance, exposing the difficulty of temporal association in this short, slowly varying sequence.]
Figure 3 ROC Curves For Synchronized-Pair Association On The Chronological Held-Out Block. The Curves Remain Close To Chance, Exposing The Difficulty Of Temporal Association In This Short, Slowly Varying Sequence.
The 80%-confidence accuracies of learned and gated fusion were both 0.8182, below the 0.8333 accuracy of always predicting the majority negative class. This diagnostic therefore does not establish useful selective skill. The class imbalance also explains why F1 and unbalanced accuracy can look inconsistent with near-chance AUROC. Balanced accuracy, ROC, and precision-recall behavior are the more informative discrimination measures.
Calibration changed even though ranking did not. The Platt-calibrated, confidence-gated pipeline reduced Brier score from 0.1768 to 0.1571 and ten-bin ECE from 0.1743 to 0.0968 relative to the uncalibrated learned model. On identical frame-block bootstrap replicates, the calibrated-gated-minus-uncalibrated Brier difference was −0.0197 with interval [−0.0218, −0.0177], and the ECE difference was −0.0730 with interval [−0.0827, −0.0465]. The individual AUROC intervals were [0.3976, 0.5975] for learned fusion and [0.3904, 0.5830] for calibrated-gated fusion.

Table 4 Frame-Cluster Bootstrap Calibration Intervals
	Model/contrast
	Metric
	Estimate
	95% interval
	Resampling unit

	Learned fusion
	AUROC
	0.497
	[0.398, 0.597]
	3,000 frame-cluster resamples

	Learned fusion
	BRIER
	0.177
	[0.166, 0.188]
	3,000 frame-cluster resamples

	Learned fusion
	ECE
	0.174
	[0.161, 0.190]
	3,000 frame-cluster resamples

	Confidence-gated fusion
	AUROC
	0.487
	[0.390, 0.583]
	3,000 frame-cluster resamples

	Confidence-gated fusion
	BRIER
	0.157
	[0.147, 0.167]
	3,000 frame-cluster resamples

	Confidence-gated fusion
	ECE
	0.097
	[0.083, 0.133]
	3,000 frame-cluster resamples

	Cal.+gate - raw learned: Brier
	Difference
	-0.020
	[-0.022, -0.018]
	Paired bootstrap

	Cal.+gate - raw learned: ECE
	Difference
	-0.073
	[-0.083, -0.046]
	Paired bootstrap


 [image: Fig. 4. Reliability diagram for the uncalibrated learned model and calibrated-gated pipeline. ECE used ten bins; the pipeline lowered relative calibration error without improving discrimination.]
Figure 4 Reliability Diagram For The Uncalibrated Learned Model And Calibrated-Gated Pipeline. ECE Used Ten Bins; The Pipeline Lowered Relative Calibration Error Without Improving Discrimination.
This is calibration without discrimination. Moving scores toward the empirical class rate can improve Brier score even when classes remain intermingled. A constant probability equal to the fixed test prevalence, 1/6, would have Brier score 0.1389, lower than either learned or calibrated-gated fusion. The combined calibration-and-gating pipeline therefore improves relative probability quality over the uncalibrated learned model but does not establish strong absolute calibration or useful association. This distinction agrees with the purpose of post-hoc calibration: it changes the interpretation of scores without necessarily changing their order [16]. Figure 4 uses eight equal-width bins to keep the reliability traces legible; the reported ECE values use the ten-bin definition fixed before evaluation.
Similar distinctions appear in calibrated decision systems. Credit-risk studies couple probability calibration with rejection or explanation [19], [50], while risk-bounded infrastructure policies couple uncertainty envelopes with an explicit admissibility rule [21]. In each case, calibration changes how a score may be acted upon; it does not necessarily create a better ranking. The DAVE result is the perception analogue: score meaning improves relative to the uncalibrated model, but the underlying features still do not separate neighboring frames.
Edge alignment alone gave AUROC 0.5488; adding proposal support raised it to 0.5732, the ablation maximum. Global quality features reduced AUROC to 0.4969. This quality-feature configuration belonged to a separately fitted 300-tree ablation forest, not the 400-tree main learned model. Within the ablation, Platt calibration preserved ranking while reducing Brier score from 0.1831 to 0.1484 and ECE from 0.1838 to 0.0786. Applying the confidence gate after Platt calibration lowered ECE slightly to 0.0764 but worsened AUROC to 0.4807 and Brier score to 0.1521.

Table 5 Association Feature And Calibration Ablation
	Variant
	AUROC
	AUPRC
	Brier
	ECE
	Sel. acc. @80%

	Edge alignment
	0.549
	0.188
	0.172
	0.132
	0.818

	+ proposal support
	0.573
	0.204
	0.150
	0.084
	0.838

	+ modality quality
	0.497
	0.177
	0.183
	0.184
	0.805

	+ Platt calibration
	0.497
	0.177
	0.148
	0.079
	0.818

	+ confidence gate
	0.481
	0.171
	0.152
	0.076
	0.818



Temporal Offsets And Association Under Sensor Shift

Table 6 Temporal-Offset Association Auroc
	Offset (s)
	Late evidence rule
	Learned
	Confidence-gated

	1
	0.470
	0.451
	0.461

	2
	0.476
	0.468
	0.454

	4
	0.435
	0.405
	0.400

	8
	0.487
	0.584
	0.541

	16
	0.416
	0.577
	0.576



Offset response was nonmonotonic: learned AUROC was 0.4512, 0.4678, 0.4053, 0.5840, and 0.5771 from 1 to 16 s. Gating was similar and the late rule stayed near chance. Scene drift became more visible at 8 and 16 s, but smooth riverbank appearance left nearby shifted and same-stem summaries similar.
The nonmonotonic offset curve is compatible with a representation that detects only larger regime changes. Domain-adaptation theory with approximately shared features [15] and empirical cross-cloud transfer results [40] both caution that partial feature overlap can produce uneven gains across targets. Forecasting under changing weather and seasonal regimes [42] gives a further example in which shift magnitude and feature relevance interact. These are methodological analogies rather than evidence that the DAVE sequence contains the same mechanisms.
The negative result is consistent with the representation and route. Global luminance, entropy, projected-point occupancy, and pooled edge relationships discard much of the local structure needed to distinguish neighboring observations. The camera and LiDAR also view the same slowly evolving river corridor, so both a synchronized pair and a nearby mismatch can retain comparable coarse statistics. Proposal support adds some localized evidence, explaining its higher ablation AUROC, but the proposals were produced for privacy processing and are sparse or absent in two frames. A stronger synchronization detector would need local correspondence, scan-aware timing, or motion compensation rather than more confidence processing on the same summaries.
[image: Fig. 5. AUROC versus camera-LiDAR temporal mismatch. Offsets of one to four seconds are not resolved reliably; learned evidence becomes modestly informative at eight and sixteen seconds.]
Figure 5 AUROC Versus Camera-Lidar Temporal Mismatch. Offsets Of One To Four Seconds Are Not Resolved Reliably; Learned Evidence Becomes Modestly Informative At Eight And Sixteen Seconds.
Shift did not restore discrimination. Clean four-second AUROC was 0.4053 learned and 0.4004 gated; blur produced 0.4131 and 0.3770, and dropout 0.4141 and 0.3848. Shrinkage sometimes improved Brier or ECE, not ranking. Modality loss forced p_g = 0.5 and full abstention, giving fail-closed behavior rather than preserved accuracy. 

Table 7 Association Under Sensor Shift And Selective Abstention
	Condition
	Learned AUROC
	Gated AUROC
	Gated ECE
	Abstention

	Clean
	0.405
	0.400
	0.256
	70.3%

	Camera Blur
	0.413
	0.377
	0.213
	98.4%

	Camera Noise
	0.491
	0.487
	0.136
	96.9%

	Camera Dark
	0.416
	0.411
	0.221
	100.0%

	Lidar Dropout
	0.414
	0.385
	0.176
	100.0%

	Lidar Noise
	0.575
	0.511
	0.275
	39.1%

	Extrinsic Yaw
	0.435
	0.413
	0.293
	40.6%

	Extrinsic Translation
	0.474
	0.453
	0.243
	60.9%

	Camera Missing
	0.487
	0.500
	0.000
	100.0%

	Lidar Missing
	0.475
	0.500
	0.000
	100.0%


 [image: Fig. 6. Association AUROC under modality degradation, extrinsic shift, and modality loss. Pair discrimination remains near chance under most shifts; Table VII reports the separate abstention response.]
Figure 6 Association AUROC under modality degradation, extrinsic shift, and modality loss. Pair discrimination remains near chance under most shifts; Table VII reports the separate abstention response.
The calibration threshold rejected 70.3% of clean pairs, 98.4% under blur, 96.9% under noise, and all pairs under darkening, dropout, or loss. This conservatism is compatible with an alarm but disrupts continuous association; the adjacent 32-frame calibration block did not represent later confidence [17].
The high clean abstention rate also exposes a deployment issue: a threshold calibrated on an adjacent block may become operationally unusable even when its numerical criterion is fixed. Multi-horizon demand forecasting with operational risk curves [43] and few-shot cold-start adaptation [41] motivate monitoring both coverage and error after deployment. For sensor fusion, the equivalent dashboard should report clean coverage, condition-specific abstention, and post-shift calibration rather than a single threshold.

Frame-Level Anomaly Detection
Table 8 Frame-Level Anomaly-Detection Auroc
	Known anomaly
	Image z
	LiDAR z
	Fusion residual
	Gated hybrid

	Camera Blur
	1.000
	0.500
	0.380
	1.000

	Camera Missing
	1.000
	0.500
	1.000
	1.000

	Camera Noise
	1.000
	0.500
	0.599
	1.000

	Extrinsic Translation
	0.500
	0.426
	0.533
	0.499

	Extrinsic Yaw
	0.500
	0.534
	0.534
	0.535

	Lidar Dropout
	0.500
	1.000
	0.651
	1.000

	Lidar Missing
	0.500
	1.000
	1.000
	1.000

	Lidar Noise
	0.500
	0.373
	0.610
	0.627

	Temporal Offset 4
	0.500
	0.568
	0.497
	0.498



Anomaly performance split sharply. Camera statistics perfectly separated the fixed radius-4 blur, noise-standard-deviation-24, and loss conditions from the 32 normal test frames; LiDAR statistics did so for 70% dropout and loss. The gated hybrid retained these results and reached macro AUROC 0.7955, but conspicuous failures dominate that average.
Harder inconsistencies stayed near chance. LiDAR z-score led the four-second offset at 0.5684, Isolation Forest led yaw at 0.5742, and fusion residual led translation at 0.5332. Gated scores were 0.4980, 0.5352, and 0.4990; its LiDAR-noise AUROC 0.6270 ranked random depth changes more reliably than rigid shift.
 [image: Fig. 7. Anomaly-detection AUROC by corruption and detector. Quality failures are separable; geometric and temporal inconsistencies remain difficult without a surveyed calibration target or track labels.]
Figure 7 Anomaly-Detection Auroc By Corruption And Detector. Quality Failures Are Separable; Geometric And Temporal Inconsistencies Remain Difficult Without A Surveyed Calibration Target Or Track Labels.
Isolation Forest reached 0.7988 for dropout and 1.0 for absence but only 0.2871 for blur and 0.4072 for camera noise; natural temporal drift sometimes outweighed the transformation. Deep one-class classification offers a higher-capacity alternative [45], but fitting it to only 64 normal frames would not support a dependable comparison here. Fixed severities likewise do not define detectability thresholds.
Operational anomaly pipelines increasingly combine a detector with evidence handoff. Conformal alert control and incident-ticket generation [51] make the alerting policy explicit; retrieved normal prototypes [49] and retrieval-grounded HDFS narratives [52] provide concrete comparison evidence. System-call window localization [53] and smoothed CloudTrail attack-chain stages [54] illustrate how temporal evidence can localize security events. DAVE provides no verified anomaly onset or causal labels, so the present AUROCs measure only separation of predefined transformed frames.
The fixed severe corruptions are also an imbalanced-detection setting: only 32 transformed and 32 normal frames are available per condition. Cost-sensitive and one-class fraud models [46], IoT traffic autoencoders [55], TinyLLM-assisted intrusion detection [56], and language-guided feature selection for CICIDS2017 [57] all emphasize that representation and operating-point choices can dominate headline accuracy. Here, the perfect AUROCs for blur, noise, dropout, and absence should therefore be read as severity-specific separability, not as universal detection rates.
Tracklet Continuity And Controlled Perturbation Recovery
Table 9 Clean-Sequence Proposal-Link Continuity Proxies
	Association
	Tracks
	Link rate
	Starts/100
	Cycle F1
	Depth jumps
	ms/frame

	Center-Hungarian
	141
	0.712
	28.78
	0.696
	0.039
	0.162

	IoU-Hungarian
	135
	0.724
	27.55
	0.884
	0.045
	0.144

	Constant-velocity Hungarian
	133
	0.729
	27.14
	0.802
	0.044
	0.225

	JPDA-style affinity
	119
	0.757
	24.29
	0.823
	0.050
	0.169

	Confidence-gated
	133
	0.729
	27.14
	0.815
	0.044
	0.161



Over 490 proposals, JPDA-style affinity gave the highest link rate (0.7571) and fewest starts (24.29/100); IoU-Hungarian gave the highest cycle F1 (0.8839); and constant velocity gave the lowest acceleration (0.00783). Gating obtained link rate 0.7286, cycle F1 0.8151, and depth-jump rate 0.0442. All median tracklets lasted two observations.
These proxies are not identity accuracy: permissive linking can inflate continuity, and cycle F1 can reward repeated errors. Figure 8 therefore shows image-coordinate proposal histories, not ego-motion-compensated trajectories. Their practical role is diagnostic. Link rate and starts reveal fragmentation, normalized acceleration exposes erratic image-plane motion, and forward–reverse overlap tests whether an association rule is internally stable when time is traversed in either direction. None can determine whether a boat or person retained the correct identity.
 [image: Fig. 8. Confidence-gated proposal-center histories in image coordinates over a 12-second segment, without ego-motion correction. The display visualizes continuity only; the sequence provides no human identity labels for standard MOT scoring.]
Figure 8 Confidence-Gated Proposal-Center Histories In Image Coordinates Over A 12-Second Segment, Without Ego-Motion Correction. The Display Visualizes Continuity Only; The Sequence Provides No Human Identity Labels For Standard MOT Scoring.
Against each method's clean edges, gating was best under box jitter: retention 0.8006 ± 0.0246 and spurious rate 0.1990 ± 0.0261 over five seeds. Depth and score weighting moderated displaced boxes when cross-modal evidence remained.

Table 10 Tracklet-Link Edge Retention Under Controlled Proposal Perturbations
	Condition
	Center
	IoU
	Const.-vel.
	Affinity
	Gated

	Bbox Jitter
	0.699
	0.756
	0.751
	0.771
	0.801

	Combined
	0.732
	0.753
	0.745
	0.756
	0.747

	Detection Drop
	0.809
	0.903
	0.900
	0.925
	0.879

	Lidar Missing
	1.000
	1.000
	1.000
	1.000
	0.910

	Score Degradation
	1.000
	1.000
	1.000
	0.981
	0.986



Under 20% proposal drop, JPDA-style retention was 0.9245 versus gated 0.8792. Under combined corruption it retained 0.7563, versus IoU 0.7527 and gated 0.7472. Methods that do not use depth produced unchanged edges under depth loss because their costs cannot respond to that input; gating changed its weights and retained 0.9104 of clean edges with spurious rate 0.0947.
The complementary recovery patterns reinforce the distinction between continuity and correctness. The JPDA/EKF object-level study [13] formalizes association uncertainty when tracked objects and measurements are available, whereas the current normalized-affinity proxy can only assess edge persistence. Under box jitter, confidence-weighted depth and score cues preserve more of the method’s own clean graph; under detection loss, a more permissive affinity rule preserves more links. Neither outcome identifies the true object association.
Removing motion raised link rate to 0.7939 and cycle F1 to 0.8557 but worsened acceleration to 0.01179. Removing score raised cycle F1 to 0.8280. No component improves every proxy, reinforcing the need for identities.

Operational Evidence Handoff And Human Oversight
A deployable fusion monitor should not expose a scalar probability alone. Its incident record should identify the affected frame interval, modality health, projected-point retention, alignment residuals, calibration state, abstention reason, and the actions that remain safe. Multi-source root-cause attribution for CPU and network faults [58] and bilingual RAG-based cloud incident triage [59] motivate joining heterogeneous evidence before summarization. Evidence-grounded DevOps question answering [60] further emphasizes that operational claims should remain traceable to private runbooks or measurements.
Generated remediation requires additional controls. Evidence-chain RAG with word-level attribution and provenance explanations [61] and deterministic provenance-oriented variants [62] show how an answer can be bound to cited evidence; evidence-calibrated abstention for unanswerable questions [63] reinforces refusal when coverage is insufficient. A DevOps copilot with command-safety evaluation [64] and cost-aware AIOps routing [65] suggest a tiered policy: deterministic sensor checks first, retrieval-supported diagnosis second, and a larger language model only after evidence and permissions are established.
Human-facing presentation is part of that policy. Scientific-search evidence cards [66], uncertainty-aware medical-image explanation cards [67], privacy and data-integrity risk cards for agents [68], and infrastructure capacity visual briefs [69] each organize confidence, evidence, and recommended action into a compact review surface. Distributed-log incident visualization cards [70] offer the closest operational analogue. For camera–LiDAR monitoring, an evidence card could show sensor status, active shift signature, confidence interval, temporal extent, supporting features, and a fail-safe recommendation while explicitly stating when object identity is unavailable.
Self-verification is useful only when it is constrained by evidence and policy. VerifySafe-style evidence-based response checking [71] provides one model for adversarial or ambiguous prompts, while hybrid cloud deployment architectures [72] show how lightweight local components and larger remote models can be separated operationally. In the present setting, the numerical detector and gate should remain authoritative; any language layer should summarize their outputs and must not manufacture target identities, calibration certificates, or remediation commands.
Computational Cost And Study Limits
Table 11 Measured Computational Cost
	Component
	Unit
	Milliseconds

	Feature extraction and fusion
	pair
	61.7084

	Inference: Image only
	pair
	0.0070

	Inference: LiDAR only
	pair
	0.0044

	Inference: early summary fusion
	pair
	0.0038

	Inference: late evidence rule
	pair
	0.0036

	Inference: Learned fusion
	pair
	0.4462

	Link proxy: center-Hungarian
	frame
	0.1625

	Link proxy: IoU-Hungarian
	frame
	0.1436

	Link proxy: constant-velocity Hungarian
	frame
	0.2247

	Link proxy: normalized affinity
	frame
	0.1687

	Link proxy: confidence-gated
	frame
	0.1611


Feature extraction, projection, and fusion-feature construction required 61.71 ms per pair in the amortized measured run. Learned-fusion inference required 0.446 ms per pair; logistic baselines required 0.0036–0.0070 ms. Temporal association proxies required 0.144–0.225 ms per frame. These numbers exclude generation of the supplied proposals, file decompression, and any detector or neural feature encoder. Without a hardware manifest and repeated benchmarking, they should not be generalized as deployment throughput.
The timing profile suggests that deployment optimization should focus on feature construction rather than classifier inference. TinyLLM-assisted intrusion detection [56], language-guided feature selection [57], distilled edge quality prediction [26], and parameter-efficient cross-modal pretraining [24] all follow a similar pattern: keep the first-stage representation compact and reserve heavier models for escalated cases. A hybrid cloud–edge architecture [72] and cost-aware AIOps routing [65] provide plausible systems patterns, but the measured DAVE timings do not include detector generation, network transfer, or a language model.
The experiments support three linked conclusions. First, the supplied calibration yields useful projected statistics and proposal-depth descriptions, but aggregate evidence does not identify exact synchronization reliably in a short, slowly changing route. Second, the Platt-calibrated, confidence-gated pipeline reduces Brier score and ECE relative to the uncalibrated learned model on the held-out block even while AUROC remains at chance; the separate ablation attributes most of this probability-quality gain to Platt calibration. Third, robustness is condition-specific: the fixed severe sensor-health failures are visible, fixed geometric shifts remain difficult, confidence gating gives the best jitter edge-retention proxies, and normalized affinity preserves more continuity when proposals disappear.
The study covers one autocorrelated 127-s run, one rig, and fixed transformations. The projection is not surveyed ground truth. DAVE lacks identities, ego poses, 3D boxes, real anomaly events, per-point time, ring index, and reflectivity; the privacy proposals remain unverified. These omissions constrain the evaluation to frame pairing, anomaly scores, and tracklet-continuity proxies rather than detector AP or identity-based tracking metrics. Repeated annotated trips, ego-motion compensation, richer points, and surveyed calibration regimes are needed.
Future validation should therefore be organized around repeated routes and explicit transfer. Cross-cloud transfer results [40] and approximately shared-feature analysis [15] suggest measuring target support and negative transfer, while calibrated risk policies [20], [21] suggest monitoring post-deployment coverage and violations. For tracking, annotated identities would allow the JPDA/EKF and deep-fusion baselines to be evaluated with HOTA or IDF1 rather than internal continuity proxies.
D. CONCLUSIONS
A confidence-calibrated camera–LiDAR pipeline was fitted and calibrated on the first 96 DAVE triplets, then evaluated for synchronized pairing and sensor anomalies on the final 32. Proposal-tracklet continuity used the complete 128-frame sequence. Exact synchronization was not reliably distinguishable from shifted pairing: learned and calibrated-gated fusion produced AUROCs 0.4971 and 0.4865. The Platt-calibrated, confidence-gated pipeline reduced Brier score from 0.1768 to 0.1571 and expected calibration error from 0.1743 to 0.0968 relative to the uncalibrated learned model on the held-out block. The paired frame-bootstrap intervals for both differences excluded zero, demonstrating a within-sequence relative calibration benefit without a ranking benefit; the separate ablation showed that Platt calibration supplied most of the gain.
The fixed severe blur, camera-noise, point-dropout, and complete-loss conditions were perfectly separated on this held-out block, but four-second offsets and fixed extrinsic changes remained close to chance. Temporal continuity showed complementary behavior: JPDA-style affinity linked more proposals and recovered best from detection loss, while confidence gating preserved the most clean edges under box jitter. Since DAVE contains no object identities, these results concern continuity and controlled perturbation recovery rather than ground-truth multi-object tracking accuracy. The appropriate next step is to combine richer synchronization evidence with calibrated abstention and validate both association and tracking on independently annotated sequences.
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