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ABSTRACT

Unsupervised audio–visual anomaly detection has emerged as a promis-
ing approach for intelligent traffic monitoring, particularly in scenarios
where anomalous events are rare, diverse and difficult to annotate
exhaustively. Existing methods prioritize peak detection accuracy under
fixed thresholds, while overlooking deployment-oriented concerns such
as score stability, threshold sensitivity and robustness under realistic
operating conditions. This paper presents RACoF, a Resource-Aware
Confidence-Oriented Fusion framework for unsupervised audio–visual
traffic anomaly detection. Instead of tightly coupling multimodal
feature learning, RACoF decouples modality-specific anomaly scoring
from fusion and decision-making. Audio and visual anomaly detectors
are trained independently using normal-only data. Their scores are
subsequently normalized, fused and calibrated through a validation-
driven percentile thresholding strategy. This modular score-level or
resource-aware approach mitigates scale mismatch across modalities
and reduces sensitivity to absolute score magnitudes with negligible
fusion overhead. Extensive experiments on real-world traffic datasets
demonstrate that, although the proposed fusion strategy does not consis-
tently outperform the strongest unimodal video detector in terms of peak
AUC (Area Under Curve), it yields significantly more stable decision
regions, lower threshold sensitivity, and improved interpretability across
varying operating regimes. Further analysis of threshold behavior,
alarm distributions, and regime-dependent fusion weights highlights
RACoF’s suitability for deployment-oriented traffic monitoring systems.
Importantly, RACoF is model-agnostic and supports lightweight
configurations by substituting heavy backbones with mobile-friendly
audio–visual models, making it compatible with resource-constrained
edge platforms. These results suggest that emphasizing decision stability
and calibration, rather than peak accuracy alone, provides a practical
pathway toward robust and edge deployable multimodal traffic anomaly
detection.
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1. Introduction
Intelligent transportation systems (ITS) increasingly rely on continuous monitoring mechanism to

ensure traffic safety, efficiency and situational awareness in complex urban environments [29]. Among
various sensing modalities, audio–visual signals provide complementary perspectives [31], [32]: vi-
sual streams capture spatial and motion cues, while acoustic signals convey event-related information
that may remain observable under occlusion, low illumination, or adverse weather conditions. As a
result, audio–visual analysis has become a key component in modern traffic surveillance and incident
detection systems [1], [16]. Detecting anomalous traffic events, such as accidents, abnormal vehicle
maneuvers or hazardous driving behaviors remains a challenging problem due to the rarity, diver-
sity, and weakly defined nature of such events. In real-world deployments, collecting comprehensive
labeled data for all abnormal scenarios is often infeasible. Consequently, unsupervised anomaly detec-
tion, which models normal traffic patterns and identifies deviations without requiring explicit anomaly
labels, has attracted growing attention in recent years [2], [11]. Recent studies in audio–visual anomaly
detection (AVAD) have explored a broad spectrum of modeling strategies, ranging from weakly su-
pervised learning to attention-based multimodal architectures. Large-scale benchmarks, such as XD-
Violence, ShanghaiTech, and other urban surveillance datasets, have driven rapid progress in this
area, enabling comparative evaluation of diverse audio–visual detection frameworks under standard-
ized protocols [41], [42], [45], [48]. Many of these approaches demonstrate strong performance in
terms of ROC-AUC (Receiver Operating Characteristic-Area Under Curve) and related metrics, par-
ticularly when trained with video-level or segment-level supervision. Beyond weak supervision, recent
AVAD research has increasingly adopted joint representation learning, including cross-modal atten-
tion mechanisms and audio–visual transformers, to explicitly model temporal synchronization and
semantic alignment between modalities [41], [43], [44]. These architectures are effective in captur-
ing fine-grained correlations, such as aligning acoustic events with corresponding visual cues. How-
ever, they typically rely on tightly coupled feature learning pipelines and computationally intensive
backbones, which may limit scalability and practical deployment, especially in long-duration traffic
monitoring scenarios. From a deployment perspective, traffic anomaly detection systems often oper-
ate continuously on resource-constrained platforms, where computational efficiency, modularity, and
robustness are critical considerations. In such settings, detection reliability is not solely determined
by peak accuracy, but also by the stability of anomaly scores, the sensitivity of decision thresholds,
and the interpretability of alarm behavior over time [15], [57], [58]. Excessive threshold sensitiv-
ity or unstable scoring can lead to frequent false alarms and reduced operator trust, undermining the
practical utility of otherwise accurate models. Multimodal fusion strategies play a central role in bal-
ancing detection performance and deployment feasibility. Early fusion and joint modeling approaches
aim to learn unified audio–visual representations, often achieving high accuracy by exploiting cross-
modal interactions. Nevertheless, these methods usually incur substantial computational overhead
and reduced flexibility when individual modalities must be updated, replaced, or degraded. In con-
trast, late fusion approaches combine modality-specific anomaly scores at the decision level, enabling
modular system design and improved scalability [11], [36]. Although late fusion is sometimes criti-
cized for insufficiently capturing temporal synchronization between modalities, this limitation can be
mitigated in traffic scenarios by operating on synchronized fixed-length temporal windows, allowing
aligned event-level reasoning while preserving computational efficiency [4], [11]. In contrast, late
fusion approaches combine modality-specific anomaly scores at the decision level, enabling modular
system design, independent model updates, and improved scalability, which are particularly desir-
able in safety-critical and edge-deployed monitoring systems [15], [53], [59]. Motivated by these
observations, this paper proposes RACoF (Resource-Aware Confidence-Oriented Fusion), a modular
framework for unsupervised audio–visual traffic anomaly detection. Here, the term “resource-aware”
refers to a modular score-level fusion and calibration design with negligible computational overhead,
rather than hardware-level optimization techniques or real-time execution guarantees. RACoF de-
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couples modality-specific anomaly modeling from fusion and decision-making, allowing audio and
visual detectors to be trained independently using normal-only data. Their anomaly scores are subse-
quently normalized, fused through regime-dependent weights, and calibrated using a validation-driven
percentile thresholding strategy. Rather than optimizing peak accuracy alone, this design explicitly
emphasizes score stability, threshold robustness, and interpretable alarm behavior under realistic oper-
ating conditions. This emphasis reflects a practical reality in safety-critical traffic monitoring systems,
where marginal improvements in peak ROC-AUC are often less valuable than stable and predictable
alarm behavior under fixed operating thresholds. The main contributions of this work are summarized
as follows:
• A model-agnostic, late-fusion framework for unsupervised audio–visual traffic anomaly detection

that emphasizes decision stability and calibration in long-term monitoring scenarios.
• A validation-driven percentile thresholding strategy that reduces sensitivity to absolute score

magnitudes and enables interpretable control over alarm behavior across multiple operating regimes.
• An extensive experimental analysis on real-world traffic datasets, demonstrating that while fusion

may not outperform the strongest unimodal detector in peak AUC, it yields more stable decision
regions and improved robustness across thresholds.

• A system-level perspective illustrating how modular fusion and calibration support flexible and
lightweight configurations suitable for resource-constrained platforms.

2. Proposed Methodology

2.1. Problem Formulation
The dataset for audio–visual traffic anomaly detection is defined by:

D = {At, Vt, yt}Tt=1 . (1)

Where D is the audio-visual traffic dataset, Vt and At represent the visual and audio observations at
time t, respectively. Note that the ground-truth labels yt are used only for validation and evaluation,
and are not available during training.

In realistic Intelligent Transportation Systems (ITS), anomalous traffic events are rare, hetero-
geneous, and weakly labeled, which significantly limits the applicability of supervised learning ap-
proaches. Consequently, the training set is defined in equation (2).

Dtrain = {(At, Vt) | yt = normal} (2)

The training set contains exclusively normal samples. Under this setting, unsupervised anomaly
detection aims to learn a model M that assigns a continuous anomaly score s(t) such that anomalous
segments yield higher scores than normal ones with high probability [11], [12], [39].

Importantly, from a deployment perspective, traffic anomaly detection is not merely a binary
classification task. Instead, it constitutes a continuous risk scoring problem, where anomaly scores
are consumed by downstream alarm, monitoring, or control modules. Therefore, beyond detection
accuracy, practical systems must emphasize score stability, interpretability, and controllable alarm
behavior, as highlighted in recent robotics and control-oriented sensing studies [27], [30].

2.2. Overall Framework
The framework consists of three main components:
• A video anomaly scoring branch that models the distribution of normal traffic scenes using likelihood-

based density estimation.
• An audio anomaly scoring branch that models normal acoustic patterns using reconstruction-

based learning.
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• A RACoF module that normalizes and fuses modality-specific scores under different operating
regimes.
This modular design decouples modality-specific modeling from fusion and decision-making,

enabling robust operation under modality degradation and facilitating flexible deployment on resource-
constrained platforms [1], [15], [53].

The RACoF module is designed to minimize system complexity and integration overhead through
three key principles. First, modality-specific anomaly detectors are fully decoupled allowing indepen-
dent training, replacement or degradation handling without retraining the entire system. Second, the
fusion and decision-making stage operates with constant-time complexity per segment, introducing
negligible computational overhead beyond unimodal inference. Third, the framework avoids tightly
coupled cross-modal attention or joint representation learning, which significantly reduces memory
usage and computational cost compared to multimodal transformer-based approaches. Collectively,
these design choices enable RACoF to support lightweight configurations and flexible deployment on
resource-constrained platforms.

2.3. Video Anomaly Scoring via Normalizing Flow

Given a video segment Vt, a visual representation xt ∈ Rd is extracted using a backbone network.
The distribution of normal visual patterns is modeled using a normalizing flow, which defines an
invertible transformation fθ : Rd → Rd between the data space and a latent space with a known prior
distribution pZ(z) [8], [26], [37].
Using the change-of-variables formula, the exact log-likelihood of a sample is computed as:

log p(xv) = log p(z) + log
∣∣∣∣det

(
∂f

∂xv

)∣∣∣∣ . (3)

The video anomaly score is defined as the negative log-likelihood:

sv(t) = − log p(xt). (4)

Likelihood-based scoring provides a probabilistically grounded measure of abnormality and has
demonstrated strong performance and interpretability in visual anomaly detection compared to reconstruction-
based methods [26], [36], [39] Fig. 1.

Fig. 1. Visual/video-based anomaly detection branch using FastFlow

2.4. Audio Anomaly Scoring via Transformer Autoencoder
For each audio segmentAt, a time–frequency representation xt ∈ RF×τa , such as a log-Mel spec-

trogram, is computed. A Transformer-based autoencoder is employed to capture long-range temporal
dependencies in normal acoustic patterns [50], [51] shown in Fig. 2.
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Fig. 2. Audio-based anomaly detection branch using a transformer autoencoder

The reconstruction process is defined as:

X̂t = Decϕ
(
Encϕ(Xt)

)
. (5)

Where Decϕ and Encϕ denote the decoder and encoder with parameters ϕ. The audio anomaly score
is computed as the mean squared reconstruction error:

sa(t) =
1

FTa

FTa∑
i=1

(
Xt,i − X̂t,i

)2
. (6)

Where F and Ta denote the number of Mel bins and time frames, respectively.
Reconstruction-based acoustic anomaly detection is widely adopted due to its robustness and

computational efficiency in real-world monitoring scenarios [33], [49]–[51].

2.5. Score Normalization
Anomaly scores produced by heterogeneous models typically follow different numerical scales

and statistical distributions, which renders direct fusion unreliable. To address this issue, modality-
specific scores are normalized using statistics estimated on the validation set [27], [57], [58]:

s̃m(t) =
sm(t)− smin

m

smax
m − smin

m + ε
, m ∈ {v, a}. (7)

Where smin
m and smax

m denote the minimum and maximum scores observed during validation, and ε is
a small constant to ensure numerical stability.

2.6. Resource-Aware Confidence-Oriented Fusion
The proposed RASCoF operates under multiple confidence regimes:

r ∈ {low, med, high}

The confidence regimes are defined as follows:
• Low-confidence regime: conservative fusion prioritizing score stability and false-alarm suppres-

sion.
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• Medium-confidence regime: balanced fusion maximizing the F1-score, used as the default op-
erating point.

• High-confidence regime: aggressive fusion prioritizing recall and early anomaly detection.
For each regime r, the fused anomaly score is computed as:

s
(r)
f (t) = w(r)

v s̃v(t) + w(r)
a s̃a(t) (8)

Where
w(r)
v + w(r)

a = 1.

From an optimization perspective, the proposed weighted linear fusion can be interpreted as a
convex combination of modality-specific anomaly scores, which preserves boundedness and enables
stable trade-offs between competing objectives such as false-alarm suppression and recall maximiza-
tion, consistent with classical convex optimization principles [27], [35], [36], [58].

This regime-based design allows sensitivity adjustment without retraining, consistent with de-
ployment practices in safety-critical ITS applications [29], [59], as illustrated in Fig. 3.

Fig. 3. RACoF fusion module with regime-based weighting and threshold selection

2.7. Decision Rule and Threshold Selection

For each regime r, a decision threshold τ (r) is selected on the validation set by optimizing a
regime-specific objective (e.g., F1-score):

ŷ(r)(t) =

{
anomaly, s

(r)
f (t) ≥ τ (r)

normal, otherwise
(9)

To convert continuous fused anomaly scores into binary alarm decisions, we adopt a deployment-
friendly percentile-based thresholding strategy determined exclusively on the validation set. For each
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confidence regime r, the decision threshold is defined as:

τ (r)(p) = Percentile
(
{s(r)f (t)}t∈Dval

, p
)

(10)

Where p controls the sensitivity of the alarming behavior.
In our experiments, the best performing percentile is consistently found to be p∗ = 80, yielding

regime-specific thresholds τ (r) that are subsequently fixed and applied to the test set. This choice is
further supported, which illustrates the sensitivity of the F1-score to different percentile thresholds on
the validation set.

This validation-driven strategy avoids information leakage and ensures reproducible evaluation [27],
[40], [57], [58].

Algorithm 1 summarizes the RACoF pipeline for resource-aware score-level fusion, including
modality-specific anomaly scoring, normalization, and profile-based weighting for stable deployment
[1], [27], [36].

Algorithm 2 summarizes the validation-driven percentile sensitivity analysis used to select regime-
specific decision thresholds, ensuring reproducible and stable alarm behavior across deployment pro-
files.

The final decision threshold τ (r) is obtained by fixing the percentile-dependent threshold τ (r)(p)
at the selected optimal percentile p∗. Algorithm 2 summarizes the validation-driven percentile sen-
sitivity analysis used to select regime-specific decision thresholds, ensuring reproducible and stable
alarm behavior across deployment profiles [27], [57], [58].

Algorithm 1 RASCoF – Resource-Aware Confidence-Oriented Fusion
Input:

• Synchronized segment pair (Av, Aa)t=1,...,T

• Trained video anomaly modelMv (FastFlow) and trained audio anomaly modelMa (Trans-
former AE)

• Validation-based normalization statistics (smin
v , smax

v ), (smin
a , smax

a )

• Risk regimes r ∈ {low,med, high} with fusion weights (w(r)
v , w

(r)
a )

• Decision thresholds τ (r) (calibrated on validation set)
• ϵ > 0

Output:
• Fused anomaly scores ŝ(r)f (t) and alarm decisions ŷ(r)(t) for each regime r

Steps:
1. Compute unimodal scores for each segment t:

1.1. sv(t)← V ideoScore(Mv, Av) (e.g., negative log-likelihood)
1.2. sa(t)← AudioScore(Ma, Aa) (e.g., reconstruction error)

2. Normalize scores using validation min-max:

2.1. s̃v(t)←
sv(t)− smin

v

smax
v − smin

v + ϵ

2.2. s̃a(t)←
sa(t)− smin

a

smax
a − smin

a + ϵ
3. Fuse and decide for each regime r ∈ {low,med, high}:

3.1. ŝ(r)f (t)← w
(r)
v s̃v(t) + w

(r)
a s̃a(t)

3.2. ŷ(r)(t)← I(ŝ(r)f (t) ≥ τ (r))

4. Return {ŝ(r)f (t), ŷ(r)(t)}r
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Algorithm 2 Threshold Sensitivity via Validation F1
Input:

• Validation set Dval = {(Vi, Ai, yi)}Tval
i=1

• Trained modelsMv,Ma

• Normalization (smin
v , smax

v ), (smin
a , smax

a )

• Risk regimes r ∈ {low,med, high} with weights (w(r)
v , w

(r)
a )

• Percentile grid P = {p1, . . . , pK}, (p = 50–95)
• ϵ > 0

Output:
• F1-percentile curves {F1(r)(p)} for Fig. 9
• Selected percentile p∗ and threshold τ (r) for each regime

Steps:
1. Compute modality scores on validation set:

For each i ∈ Dval:
sv(i)← scorev(Mv, Vi)
sa(i)← scorea(Ma, Ai)

2. Normalize scores:
s̃v(i)←

sv(i)− smin
v

smax
v − smin

v + ϵ

s̃a(i)←
sa(i)− smin

a

smax
a − smin

a + ϵ
3. For each regime r ∈ R:

3.1. Fuse validation scores:
ŝ
(r)
f (i)← w

(r)
v s̃v(i) + w

(r)
a s̃a(i)

3.2. For each percentile p ∈ P :
Set threshold by percentile:
τ (r)(p)← Percentile({ŝ(r)f (i)}, p)
Predict ŷ(r)(i)← I(ŝ(r)f (i) ≥ τ (r)(p))

Compute validation F1(r)(p)
3.3. Select best percentile:
p∗ ← arg maxp∈P F1(r)(p)

4. Return {p∗, τ (r), F1(r)(p)}r

2.8. Stability Analysis
Under normal conditions, assume normalized scores s̃v(t) and s̃a(t) are bounded in [0, 1] and not

perfectly correlated. The variance of the fused score satisfies:

Var
(
s
(r)
f

)
= w(r)TΣw(r). (11)

Where w(r) = [w
(r)
v , w

(r)
a ]T and

Σ =

[
σ2
v Cov

Cov σ2
a

]
,

Since the cross-modal covariance is typically smaller than σ2
v and σ2

a, multimodal fusion yields a
reduced variance compared to unimodal scoring. This provides a theoretical explanation for improved
score stability as observed under RACoF Fig. 4
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Fig. 4. Distribution of fused anomaly scores and video ranking stability

2.9. Computational Complexity
The computational complexity of the proposed framework is dominated by modality-specific in-

ference
• Video branch: O(K · Cf ), where K denotes the number of flow blocks and Cf represents the

per-block feature transformation cost, which scales linearly with the feature dimensionality for
lightweight architectures used in visual anomaly detection [26].

• Audio branch: O(Na · L2 · D), corresponding to the standard self-attention complexity of
Transformer-based models, where Na is the number of layers, L the sequence length, and D
the model dimension.

• Fusion and decision-making: O(1) per segment.
Overall, RASCoF introduces negligible computational overhead beyond unimodal inference, as

fusion and thresholding operations are lightweight. This supports real-time and deployment-oriented
operation on resource-constrained platforms, consistent with system-level requirements in intelligent
transportation monitoring [27], [53].

Table 1 summarizes the architecture configurations and key hyperparameters of both branches,
highlighting the modular and resource-efficient design of the proposed framework.

Table 1. Summary of processing steps in the proposed pipeline

Step Description Script
Audio–video synchronization MAVD ID-based pairing step1_pairing
Audio anomaly Transformer Autoencoder audio_train / infer
Video anomaly FastFlow (ResNet-18) step5_3, step5_4
Fusion Normalization + fusion step6
Stability analysis Alpha sweep step6_1, step6_2

3. Experimental Setup

3.1. Dataset and Segmentation Protocol
We evaluate the proposed framework on the Multimodal Audio–Visual Dataset (MAVD), which

provides synchronized traffic video and audio streams annotated at the segment level for anomaly

Thien Tan Nguyen (Resource-Aware Confidence-Oriented Late Fusion for Unsupervised Audio–Visual Traffic Anomaly
Detection)



ISSN 2775-2658 International Journal of Robotics and Control Systems
Vol. 6, No. 2, 2026, pp. 1004-1023

1013

detection. MAVD has been widely adopted for studying multimodal traffic monitoring under realistic
urban conditions, where both visual and acoustic cues are informative for abnormal event detection [7],
[17].

Following standard practice in unsupervised anomaly detection, the objective is to learn mod-
els on normal behavior during training and detect deviations at inference time without relying on
anomalous labels. MAVD is organized into fixed-length temporal segments indexed by (t1, t0). In
our benchmark construction, each segment has a constant duration of:

∆t = t1 − t0 = 2.0s (12)

This fixed-window segmentation facilitates stable score aggregation, reproducible evaluation, and
deployment-friendly streaming inference, which are important considerations for continuous traffic
monitoring systems [27], [29].

3.2. Data Splits and Class Distribution
MAVD is partitioned into three disjoint splits: training, validation, and test, following the pro-

vided segment manifests:
• Train: Ntrain = 4410 segments
• Validation: Nval = 493 segments
• Test: Ntest = 3075 segments

The dataset exhibits a notable class imbalance. Based on the manifest labels (with good denoting
normal), the raw label distribution is given as:
• Train: good = 107, anomaly = 4303
• Validation: good = 11, anomaly = 482
• Test: good = 591, anomaly = 2484

Such imbalance is typical in real-world anomaly detection benchmarks and motivates the use of
both ranking-based and precision–recall–oriented evaluation metrics, as PR-based measures are more
informative under skewed class distributions [23], [24].

Although the original training split provided by the MAVD manifest contains both normal and
anomalous labels, the proposed framework strictly follows a normal-only training protocol. Specif-
ically, only segments labeled as normal are retained to construct the effective training subset, while
all anomalous segments are discarded prior to model optimization. The reported label distribution is
provided solely for dataset characterization. After filtering, the effective training set consists of 107
normal segments, which are subsequently used exclusively to train both the audio and video models,
consistent with standard unsupervised anomaly detection practice [13], [27], [29] shown in Table 2.

Table 2. Effective training set after normal-only filtering

Component Quantity Description
Raw training segments 4,410 Original MAVD training split before filtering
Normal segments retained 107 Segments labeled as good used for unsupervised training
Segment duration 2.0 s Fixed-length temporal segmentation
Total normal training duration 214 s (≈ 3.6 min) 107× 2.0 s
Video frames per segment 16 Uniform temporal sampling
Total training frames (video) 1,712 frames 107× 16
Audio frames per segment 128 Log-Mel spectrogram time frames
Total audio frames 13,696 frames 107× 128

Only normal segments are used for training in accordance with the unsupervised anomaly detec-
tion protocol. Anomalous segments in the original training split are discarded prior to model opti-
mization.
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3.3. Unsupervised Training Protocol
The training process operates exclusively on the normal-only subset extracted from the original

training split. Both the video-based anomaly scoring model and the audio-based reconstruction model
are trained independently on this subset, ensuring that no abnormal events are observed during opti-
mization. Anomalous segments from the validation and test splits are never used for training; instead,
they are reserved strictly for model selection, threshold calibration, and final performance evaluation.
This protocol prevents information leakage and preserves the integrity of the unsupervised setting [27],
[29].

3.4. Audio Preprocessing and Scoring
Each audio segment ∆t is transformed into a time–frequency representation Xa (log-Mel spec-

trogram) using STFT front-end and Mel filterbank projection, a widely adopted representation for
acoustic anomaly detection [50], [52]. The audio anomaly detection module is implemented as a
Transformer-based auto-encoder trained exclusively on normal traffic sounds. By learning to recon-
struct typical acoustic patterns, the model captures the underlying structure of normal audio dynamics
without requiring explicit anomaly annotations. During inference, the audio anomaly score is com-
puted as the reconstruction error between the input spectrogram and its reconstruction, yielding a
scalar anomaly score sa(t). Larger reconstruction errors indicate a higher degree of deviation from
learned acoustic behavior, consistent with prior work on reconstruction-based anomaly detection [50],
[51].

3.5. Video Preprocessing and Scoring
For each video segment Vt, frame-level or clip-level visual features xv are extracted and modeled

using a likelihood-based normalizing flow. The flow model is trained solely on normal traffic video
segments to estimate the distribution of typical visual patterns observed under normal conditions.

At inference time, the video anomaly score sv(t) is defined as the negative log-likelihood of the
observed features under the learned flow model. Samples with low likelihood correspond to visual
patterns that deviate from the normal traffic distribution. Likelihood-driven scoring provides a prin-
cipled and interpretable abnormality measure under normal-only training and has been shown to be
effective in visual anomaly detection tasks [8], [26].

3.6. Evaluation Metrics
Given the severe class imbalance inherent in MAVD, we report a comprehensive set of evaluation

metrics that jointly assess ranking quality, decision accuracy, and alarm behavior:

• ROC-AUC, measuring threshold-independent ranking performance;
• PR-AUC, which is more informative under imbalanced conditions and emphasizes performance

on the minority class;
• Threshold-dependent metrics, including Precision, Recall, and F1-score, computed at regime-

specific thresholds τ∗;
• Deployment-oriented alarm indicators, namely the false positive rate (FPR) and false negative

rate (FNR), derived from the confusion matrix on the test set.

Runtime throughput and real-time performance are not the primary focus of this study; instead,
the evaluation emphasizes score behavior, threshold sensitivity, and decision stability under controlled
experimental conditions shown in Table 3.

3.7. Experimental Protocol and Reproducibility
All models are trained offline using only normal traffic segments from the training split. Score

normalization, fusion weight selection, and percentile-based threshold calibration are performed ex-
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clusively on the validation set. Final performance is reported solely on the held-out test set, ensuring
strict separation between training, model selection, and evaluation stages.

Table 3. Summary of the experimental setup

Component Description
Dataset MAVD (synchronized audio–video)
Modalities Audio + Visual
Learning type Unsupervised
Audio model Transformer Autoencoder
Visual model FastFlow (ResNet-18)
Fusion Normalized late fusion
Evaluation Ranking & stability

Unimodal baselines (audio-only and video-only) as well as the proposed RACoF fusion approach
are evaluated under identical segmentation settings, metric definitions, and thresholding protocols.
This unified experimental protocol guarantees fair comparison and full reproducibility of the reported
results, consistent with best practices in anomaly detection research.

3.8. Edge Feasibility and Design Considerations
Although this work does not report hardware-specific real-time measurements, RACoF is de-

signed to facilitate deployment on resource-constrained platforms through modular and decoupled
processing. The framework enables independent substitution of modality-specific backbones with
lightweight alternatives (e.g., compact visual encoders or acoustic models), while preserving the pro-
posed fusion, normalization, and calibration mechanisms.

Importantly, fusion and decision-making introduce negligible computational overhead compared
to unimodal inference, and no tightly coupled cross-modal attention or heavy multimodal transformers
are required. Hardware-level optimizations such as INT8 quantization, pruning, and runtime profiling
on embedded devices are intentionally left for future work, where RACoF can serve as a methodolog-
ical foundation for end-to-end edge deployment studies.

4. Results and Discussion
This section presents the experimental results of RACoF on the MAVD dataset, including overall

detection performance, threshold sensitivity, and temporal stability analyses.
In this work, the term “deployment-oriented” does not imply real-time execution on embedded

system validation. Instead, it refers to decision-level properties—such as threshold robustness, alarm
stability, and controllable precision–recall trade-offs—that are critical in real-world monitoring sys-
tems where false alarms incur significant operational costs.

4.1. Overall Quantitative Performance
We first evaluate the overall anomaly detection performance of the unimodal baselines and the

proposed RACoF framework on the MAVD test set. Quantitative results are summarized in Table 3,
which include independent ranking metrics (ROC-AUC and PR-AUC) and threshold-dependent alarm
statistics.

As shown in Table 3, the video-only branch achieves the highest ROC-AUC (0.6308), indicat-
ing that visual cues provide the strongest discriminative information for traffic anomaly detection on
MAVD. This observation is consistent with prior studies on visual anomaly detection in likelihood
modeling and spatio-temporal representations, which report strong performance of video-centric ap-
proaches in surveillance and traffic scenarios [26].

In contrast, the audio-only branch exhibits limited discriminative capability (ROC-AUC = 0.5431).
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This behavior is expected, as many anomalous traffic events do not necessarily produce distinctive
acoustic signatures, particularly in noisy urban environments. Similar limitations of acoustic-only
anomaly detection have been reported in environmental sound monitoring and traffic audio analy-
sis [50], [51].

Although RACoF fusion does not surpass the video-only branch in terms of peak ROC-AUC,
it consistently improves over the audio-only baseline and yields competitive PR-AUC values across
confidence regimes. Importantly, this outcome aligns with recent findings that multimodal fusion does
not always lead to higher peak accuracy, but can significantly enhance the robustness and reliability
of anomaly scoring in practical systems [36], [58] shown in Table 4.

Table 4. Overall anomaly detection performance on the MAVD test set

Method Regime Precision Recall F1-score FPR
Audio-only – 0.8075 0.0523 0.0983 0.0525
Video-only – 0.8468 0.5097 0.6363 0.3875
RACoF Low 0.7727 0.0479 0.0902 0.0592
RACoF Medium 0.7792 0.0483 0.0910 0.0575
RACoF High 0.7857 0.0487 0.0917 0.0558

For unimodal baselines, decision thresholds are selected on the validation set using the same
percentile-based rule (p∗ = 80) as RACoF to ensure a fair operating-point comparison.

4.2. ROC and Precision–Recall Curve Analysis
To further analyze detection behavior independent of specific threshold choices, we examine the

ROC and Precision–Recall (PR) curves. Fig. 5 presents the ROC curves for audio-only, video-only,
and RACoF on the MAVD test set.

Fig. 5. ROC curves for audio-only, video-only, and RACoF on the MAVD test set

The video-only detector dominates the ROC space, while RACoF closely follows across a wide
range of false positive rates. The audio-only detector remains near the diagonal, indicating limited
separability between normal and anomalous segments.

However, ROC analysis alone may be misleading under severe class imbalance. Therefore, we
additionally report PR curves in Fig. 6. As shown, PR curves provide a more informative view of
performance on MAVD, where anomalous samples constitute a minority of the data. RACoF maintains
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a more consistent precision–recall trade-off than audio-only detection and avoids abrupt precision
drops observed in unimodal baselines. This behavior is particularly relevant for real-world anomaly
detection, where maintaining acceptable precision at moderate recall levels is critical for operational
usability [36], [39].

Fig. 6. Precision–Recall curves for audio-only, video-only, and RACoF on the MAVD test set

4.3. Effect of Confidence Regimes
A core feature of RACoF is its support for multiple confidence regimes corresponding to differ-

ent deployment requirements. The quantitative impact of these regimes is summarized in Table 5.
Threshold-dependent metrics are reported only for RACoF, as unimodal baselines do not incorporate
regime-specific threshold calibration.

Table 5. RACoF performance under different confidence regimes on the MAVD test set

Regime Threshold
(percentile 80) Precision Recall F1-score FPR FNR

Low 0.3746 0.7727 0.0479 0.0902 0.0592 0.9521
Medium 0.4147 0.7792 0.0483 0.0910 0.0575 0.9517
High 0.4423 0.7857 0.0487 0.0917 0.0558 0.9513

Table 5 reveals a clear and interpretable trade-off across confidence regimes. Increasing the con-
fidence level leads to higher precision and lower false positive rates, at the expense of reduced recall,
which is consistent with the intended design of RACoF. Such regime-based behavior reflects practical
deployment needs, where anomaly detection sensitivity must be adjusted according to operational risk
tolerance and alarm management constraints [27], [29].

4.4. Temporal Score Stability and Alarm Robustness
Beyond aggregate metrics, we analyze the temporal behavior of anomaly scores to assess stability

and robustness over time. This behavior is illustrated in Fig. 7, which shows the temporal evolution of
audio-only, video-only, and RACoF scores for a representative test sequence.

Audio-only scores exhibit high variance and frequent spurious spikes, while video-only scores
remain sensitive to transient visual artifacts. In contrast, RACoF produces smoother and more stable
score trajectories, particularly during extended normal periods. This empirical observation supports
the stability analysis presented in Section 3 and is consistent with prior studies emphasizing variance
reduction and alarm robustness through multimodal fusion [27], [36].
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Fig. 7. Temporal evolution of audio-only, video-only, and RACoF scores for a representative test sequence

4.5. Threshold Sensitivity Analysis
To assess robustness against threshold selection, we analyze the F1-score as a function of the

percentile-based threshold on the validation set. The results are shown in Fig. 8.
As illustrated, the F1-score exhibits a relatively flat maximum around the selected percentile

(p∗ = 80), indicating that RACoF is not overly sensitive to small threshold perturbations. Such robust-
ness is desirable for long-term deployment, where sensor characteristics and environmental conditions
may gradually change over time [27], [29].

Fig. 8. F1-score versus percentile threshold on the validation set

From a system-oriented viewpoint, the results align with recent research in robotics and control-
oriented intelligent monitoring systems, which emphasize robustness, interpretability, and controllable
behavior over marginal improvements in benchmark accuracy. RACoF demonstrates that multimodal
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fusion can be effectively leveraged to stabilize anomaly scoring and support flexible operating regimes,
even when it does not outperform the strongest unimodal detector in terms of peak performance met-
rics.

In safety-critical monitoring systems, unstable or overly sensitive anomaly alarms may lead to
alarm fatigue, ultimately reducing operator trust and system effectiveness. Therefore, beyond detec-
tion accuracy, controllable alarm behavior and score stability constitute essential system-level design
objectives for practical intelligent transportation and monitoring applications [27], [29], [30].

5. Conclusion
This paper presented RACoF, a Resource-Aware Confidence-Oriented Fusion framework for un-

supervised audio–visual traffic anomaly detection focusing on decision stability, threshold robustness
and interpretability under realistic operating conditions.The proposed validation-driven score normal-
ization, regime-based weighted fusion, and percentile thresholding strategy mitigate sensitivity to ab-
solute score magnitudes and reduce the impact of score drift across modalities. Experimental results
on the MAVD benchmark demonstrate stable anomaly score trajectories, robust alarm behavior, and
controllable trade-offs between false alarms and detection sensitivity.

Importantly, RACoF is model-agnostic and does not rely on tightly coupled joint representa-
tions. This design allows the framework to support lightweight configurations by substituting modality
backbones with mobile-friendly audio–visual models and applying standard model compression tech-
niques, such as quantization or pruning without altering the fusion and calibration logic. As such,
RACoF provides a flexible methodological foundation for deployment-oriented multimodal traffic
anomaly detection, even though hardware-specific real-time optimization is beyond the scope of the
present study.

A limitation of this study lies in the limited number of normal training segments available in the
MAVD dataset. After strict normal-only filtering, only 107 segments are retained for training, which
constrains the diversity of normal traffic patterns observed during model optimization. Consequently,
the stability and robustness improvements reported in this work should be interpreted in a relative
and dataset-specific context. Larger and more diverse normal-only training sets would enable a more
comprehensive assessment of generalization and long-term robustness.

Several directions for future work are worth exploring. First, the proposed framework can be ex-
tended to incorporate lightweight audio–visual backbones explicitly optimized for edge deployment,
enabling systematic evaluation of real-time performance on embedded hardware. Second, adaptive or
learning-based strategies for fusion weight selection could be investigated to further improve robust-
ness under changing traffic and environmental conditions. Third, RACoF may be integrated with more
advanced temporal modeling techniques, including hierarchical or hybrid fusion schemes, while pre-
serving modularity and deployment feasibility. Finally, large-scale cross-dataset evaluation and long-
term field studies would provide deeper insight into the operational reliability of deployment-oriented
multimodal anomaly detection systems. Future work will explore hardware-level optimization and
empirical evaluation on embedded platforms as a separate, application-oriented study building upon
the methodological foundation established in this work.
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