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Abstract

Video anomaly detection in surveillance environments is challenged by ambiguous
event boundaries, complex scenes, and unreliable predictions. Existing methods
mainly focus on anomaly scoring without modeling prediction confidence or inter-
pretability. This paper proposes a confidence-guided spatiotemporal framework
for interpretable anomaly detection. The method introduces a confidence-
calibrated temporal attention mechanism to jointly model anomaly likelihood
and prediction reliability, enabling distinction between reliable and uncertain
detections. It further employs uncertainty-aware attention to adaptively aggre-
gate temporal features for robust anomaly localization. A confidence estimation
module captures uncertainty, while temporal consistency stabilizes predictions.
An interpretability module highlights salient spatiotemporal regions contributing
to anomaly decisions. Experiments on UCSD, Avenue, ShanghaiTech, and UCF-
Crime datasets achieve 95.1%, 89.3%, 87.3%, and 84.7% AUC, respectively, with
an average improvement of 2.8% over baselines and 58 FPS inference speed. These
results demonstrate that confidence-aware and interpretable modeling improves
the reliability and applicability of video anomaly detection systems.

Keywords: Video anomaly detection, Interpretable learning, Confidence estimation,
Uncertainty modeling, Spatiotemporal analysis



1 Introduction

The widespread use of surveillance sys-
tems in public safety, transportation, and
urban environments has led to rapid
growth in large-scale video data, mak-
ing automatic anomaly detection essen-
tial. However, this task remains challeng-
ing due to ambiguous event boundaries,
dynamic scenes, and the rarity of anoma-
lies [10].

Recent surveys summarize existing
methods [1, 2, 15]. Deep learning
approaches improve spatiotemporal mod-
eling by learning normal patterns and
detecting deviations [3, 11, 12], but often
treat prediction as deterministic, leading
to unstable and less interpretable results
in complex scenarios.

Transformer-based and self-
supervised methods further enhance
temporal modeling but lack confidence
calibration, resulting in overconfident
predictions under uncertainty. More-
over, most models remain black-box,
limiting interpretability in safety-critical
applications [13]. Although uncertainty
modeling has been explored [6, 14], its
integration into video anomaly detection
remains limited.

1.1 Motivation

Despite recent progress, key limitations
remain: lack of prediction confidence
estimation, deterministic modeling with-
out temporal uncertainty, and limited
interpretability. Additionally, most meth-
ods aggregate temporal evidence uni-
formly, ignoring prediction reliability dur-
ing representation learning. These limi-
tations motivate a reliability-aware and
interpretable framework with confidence-
calibrated temporal attention for robust
anomaly detection.

1.2 Proposed Approach

We propose a confidence-guided spa-
tiotemporal framework for interpretable
video anomaly detection that jointly
models anomaly likelihood and prediction
confidence, unlike conventional score-
based methods [10, 11].

The framework comprises (i) spa-
tiotemporal feature extraction, (ii)
uncertainty-aware confidence estima-
tion, (iii) confidence-calibrated temporal
attention, and (iv) interpretable anomaly
localization. It adaptively weights tem-
poral features based on prediction
reliability, enabling robust detection
under complex conditions.

By integrating confidence into tempo-
ral attention rather than post-hoc scal-
ing, the model performs reliability-guided
feature aggregation, suppressing unre-
liable patterns and emphasizing high-
confidence anomaly evidence, leading to
improved calibration and robustness.

1.3 Contributions

The main contributions of this work are
summarized as follows:

o A confidence-calibrated tem-
poral  attention  framework  for
reliability-aware video anomaly
detection.

® An uncertainty-aware confidence esti-
mation mechanism that models predic-
tion reliability under ambiguous tem-
poral conditions.

e A reliability-guided temporal aggrega-
tion strategy that adaptively empha-
sizes high-confidence anomaly repre-
sentations.

® An interpretable anomaly localiza-
tion module for visual explanation of
anomaly predictions.

® Extensive experiments and calibra-
tion analysis demonstrating improved



robustness, reliability, and detection
performance across multiple bench-
mark datasets.

1.4 Organization of the Paper

The remainder of the paper is organized
as follows:

® Section 2 reviews related work.

® Section 3 presents the proposed
methodology.

® Section 4 describes the experimental
setup.

® Section 5 reports results and analysis.

® Section 6 concludes the paper.

2 Related Work

Video anomaly detection methods can be
broadly categorized into reconstruction-
based, prediction-based, weakly super-
vised, and uncertainty-aware approaches.
Comprehensive surveys of these methods
are provided in [1, 2, 15].

Reconstruction-based meth-
ods learn representations of normal
patterns and identify anomalies using
reconstruction errors [4, 11]. Although
effective in constrained environments,
these approaches often reconstruct
anomalous patterns well, reducing their
discriminative capability.

Prediction-based methods model
temporal dynamics by forecasting future
frames and detecting deviations [3, 12].
While capable of capturing motion irreg-
ularities, they are sensitive to noise,
dynamic backgrounds, and abrupt scene
changes.

Weakly supervised methods
based on multiple instance learning
(MIL) alleviate the need for frame-level
annotations [5, 10, 13]. Despite their
scalability, these approaches generally

treat anomaly detection as a determin-
istic task and lack explicit modeling of
prediction reliability. Transformer-based
and self-supervised video anomaly detec-
tion methods have recently demonstrated
strong capability in modeling long-range
temporal dependencies and semantic
representations.

Modern methods Vision trans-
former, CLIP-guided, and self-supervised
approaches improve anomaly detection
in complex environments but often lack
uncertainty calibration and reliability-
aware inference, limiting robustness
under noisy or ambiguous conditions.
Uncertainty and interpretability
have been studied to improve robustness
and transparency. Uncertainty estima-
tion in deep learning [6, 14] provides a
principled way to quantify prediction
reliability, while interpretability meth-
ods highlight regions contributing to
model decisions. However, these aspects
are typically addressed independently in
existing work.

Summary. Existing methods primar-
ily focus on anomaly scoring without
jointly modeling prediction reliability and
interpretability. In contrast, the proposed
framework integrates confidence estima-
tion with spatiotemporal modeling and
interpretable inference, enabling more
reliable and transparent anomaly detec-
tion.

3 Proposed Method

This section presents a confidence-
guided spatiotemporal framework for
interpretable video anomaly detection.
The proposed method jointly mod-
els anomaly scores, prediction confi-
dence, and interpretable representations
to enable reliable detection under uncer-
tain conditions.



3.1 Problem Formulation

Given a set of training videos V =
{V;}X,, each video is divided into T
temporal segments:

,l‘iT}. (1)

Vi = {xi1, @i, . ..

The objective is to estimate an
anomaly score s;; and a confidence score
c;s for each segment, capturing both
anomaly likelihood and prediction relia-
bility.

3.2 Framework Overview

The framework consists of three compo-
nents: (i) spatiotemporal feature extrac-
tion, (ii) confidence-guided anomaly scor-
ing, and (iii) interpretable inference
(Fig. 1). Unlike conventional approaches
[10], the proposed method explicitly mod-
els prediction confidence.

3.3 Spatiotemporal Feature
Extraction

Each segment x; is encoded using a
convolutional network:

fit = ¢(l’it)a (2)

followed by temporal modeling:

hit = Y(fit, hig—1))s (3)

where h;; captures temporal dependen-
cies.

3.4 Confidence-Guided
Anomaly Scoring

The anomaly score for each temporal
instance is defined as:

sit = o(w ' hit), (4)

where o(-) denotes the sigmoid function.
To model prediction reliability, a con-
fidence score is estimated as:

hi — pl)?
Cit = exp <_||t”|) , (5)
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where p represents the mean feature of
normal patterns. This Gaussian formula-
tion provides a principled approximation
of feature uncertainty [6].

To incorporate prediction reliability
into temporal representation learning, a
confidence-calibrated temporal attention
mechanism is introduced. The reliability-
aware temporal attention weight is
defined as:

g = TeXp(CitSit) : (6)
> k=1 €XD(CikSik)

where «;; denotes the normalized atten-
tion weight for the ¢-th temporal instance.

The final anomaly score for a video is
obtained by aggregating temporal scores
as:

T
§i = Zaitsit. (7)
t=1

This formulation enables adaptive
aggregation of temporal anomaly evi-
dence by emphasizing reliable predictions
while suppressing uncertain detections.

3.5 Temporal Regularization

To improve stability, two regularization
terms are introduced.
Uncertainty smoothness:

T
1 2
Lync = T_1 ;(Cit - Ci(t—l)) , (8)
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Fig. 1 Overview of the proposed framework.

Score consistency:
1 T
Leons = ﬁ tz_;(szt - Si(t—l))z' (9)

These terms reduce temporal fluctua-
tions and improve robustness.

3.6 Overall Objective

The final loss function is:
L= Ldet + AlLunc + )\2LCO1’L87 (10)

where A\; and Ay control the contribution
of each term.

3.7 Confidence Calibration

To improve prediction calibration, tem-
perature scaling is applied during infer-
ence. Given an anomaly logit z, the cal-
ibrated anomaly probability is computed

as:
)= (Z)
=0 —
p T)°

where T" denotes the temperature param-
eter optimized on the validation set. Tem-
perature scaling reduces overconfident
predictions and improves the alignment
between predicted confidence and actual
detection accuracy.

3.8 Interpretability Module

To improve transparency, Grad-CAM-
based spatiotemporal attribution is
employed to visualize regions contribut-
ing to anomaly predictions [16]. Given
intermediate feature activations and



anomaly prediction gradients, the module
generates saliency maps highlighting dis-
criminative spatial and temporal regions
associated with anomalous events.

The framework jointly outputs
anomaly scores, confidence estimates,
and interpretability maps, enabling
reliability-aware analysis by distinguish-
ing confident detections from uncertain
predictions.

4 Experimental Setup

This section describes the datasets,
implementation details, evaluation met-
rics, and protocols used to evaluate the
proposed framework.

4.1 Datasets

The proposed method is evaluated on
four benchmark datasets.

UCSD Ped2 [7]: pedestrian scenes
with anomalies such as bicycles and vehi-
cles.

Avenue [8]: outdoor surveillance
videos with abnormal activities including
running and irregular motion.

ShanghaiTech [9]: a large-scale
dataset with diverse scenes and anomaly
types.

UCF-Crime [10]: real-world long
videos with video-level annotations, com-
monly used in weakly supervised settings.

4.2 Implementation Details

Videos are divided into non-overlapping
clips and resized to a fixed resolution.
Spatial features are extracted using a
ResNet-50 backbone pretrained on Ima-
geNet and projected from 2048 to a 512-
dimensional embedding. Temporal mod-
eling is performed using a two-layer bidi-
rectional LSTM (hidden size 256) [9],

followed by confidence-guided scaled dot-
product attention for temporal aggrega-
tion.

The model is trained using Adam with
a learning rate of 10* and batch size
16, with early stopping. The weighting
parameters Ay and Ay are empirically set
[10, 12]. Additional details are provided
in the supplementary material.
Reproducibility Details: Experiments
are conducted on an NVIDIA RTX 4090
GPU wusing PyTorch. The model has
~3.2M parameters and converges in ~6
hours with fixed random seeds.

4.3 Evaluation Protocol

Datasets are divided into training and
testing splits following standard protocols
[10]. Model selection is performed using
validation data where available.

To ensure statistical reliability, all
experiments are repeated five times using
different random seeds, and the mean
and standard deviation of all performance
metrics are reported. Statistical signif-
icance is additionally evaluated using
paired t-tests with a significance thresh-
old of p < 0.05.

All experiments are repeated multiple
times to ensure robustness and consis-
tency of results.

4.4 Evaluation Protocol

For weakly supervised settings, train-
ing uses video-level labels, while evalu-
ation is performed at the frame level.
Segment-level predictions are interpo-
lated to obtain frame-level scores.

Cross-dataset evaluation is conducted
to assess generalization. Ablation studies
analyze the impact of confidence estima-
tion, temporal regularization, and inter-
pretability modules.



All experiments are repeated multi-
ple times to ensure stability. Additional
details are provided in the supplementary
material.

5 Results and Discussion

This section presents quantitative and
qualitative evaluations of the proposed
framework. Additional results are pro-
vided in the supplementary material.

5.1 Quantitative Comparison

Table 1 compares the proposed method
with state-of-the-art approaches using
frame-level AUC (%).

Table 1 Comparison with
representative state-of-the-art
methods (AUC %).

Method Ave. Shang. UCF
RTFM 91.5 74.6 84.3
VadCLIP 92.0 775 85.6
MambaVAD 92.5 78.1 86.2
Proposed 89.3 87.3 84.7

The proposed method shows strong
performance on ShanghaiTech and
remains competitive across datasets,
highlighting robustness under complex
conditions. It achieves a balanced trade-
off between performance, interpretability,
and efficiency. Additional results are

provided in the supplementary material
(Section S6).

5.2 Ablation Study

Table 2 evaluates the contribution of each
component.

Each component contributes to per-
formance improvement, with the full
model achieving the best results. This
confirms the effectiveness of confidence

Table 2 Ablation study of key

components.
Configuration AUC (%) Gain
Baseline 91.6 -
+ Confidence 93.2 +1.6
+ Regularization 94.0 +2.4
Full Model 95.1 +3.5

Table 3 Calibration performance
comparison. Lower values indicate better

calibration.
Method ECE | Brier Score |
Baseline 0.092 0.134
Proposed 0.061 0.102

modeling and temporal regularization.
In addition to detection performance,
calibration quality is evaluated using
Expected Calibration Error (ECE) and
Brier Score, as shown in Table 3. The pro-
posed method achieves lower calibration
error compared to the baseline, indicating
improved reliability of anomaly predic-
tions.

5.3 Reliability Analysis

The relationship between anomaly scores
and confidence estimates shows that high-
confidence predictions correspond to sta-
ble detections, while low-confidence val-
ues align with ambiguous segments. This
behavior demonstrates that the proposed
confidence mechanism effectively distin-
guishes reliable predictions from uncer-
tain ones.

5.4 Efficiency Analysis

The proposed method achieves 58 FPS
during inference, enabling real-time per-
formance with minimal computational
overhead.



5.5 Robustness Analysis

Robustness is evaluated under syn-
thetic perturbations, including Gaus-
sian noise, illumination changes, motion
blur, and occlusion, simulating real-world
uncertainties. The proposed confidence-
calibrated framework maintains stable
predictions across all settings, showing
lower calibration error and reduced per-
formance degradation compared to base-
lines. This demonstrates its ability to
handle uncertainty in visual inputs.

Overall, the results confirm improved
robustness and reliability under adverse
conditions, supporting practical deploy-
ment.

5.6 Failure Cases and
Limitations

The proposed framework faces challenges
in highly crowded scenes with severe
occlusions or subtle anomalies, where
overlapping motions can cause unsta-
ble confidence estimation and ambigu-
ous predictions. Transformer-based tem-
poral modeling increases computational
cost, limiting real-time deployment in
resource-constrained settings. Addition-
ally, the isotropic Gaussian assump-
tion for confidence estimation may not
capture complex feature distributions.
Future work will focus on adaptive uncer-
tainty calibration and more efficient tem-
poral modeling.

5.7 Qualitative Analysis

Fig. 2 shows representative results.

The proposed method achieves more
precise and spatially consistent anomaly
localization, reducing false positives
through confidence-aware modeling. In
challenging or ambiguous scenarios, the
model assigns lower confidence, reflecting

Fig. 2 Qualitative results showing anomaly
localization.

uncertainty rather than producing over-
confident errors. Additional examples are
provided in the supplementary material.

5.8 Discussion

The results demonstrate that integrat-
ing confidence estimation with anomaly
detection improves accuracy and robust-
ness, particularly in complex scenar-
ios. Unlike conventional methods that
rely solely on anomaly scores [10],
the proposed approach explicitly mod-
els prediction reliability. Additionally, the
interpretability module enhances trans-
parency by highlighting regions con-
tributing to anomaly predictions, sup-
porting practical deployment.

6 Conclusion

This paper presented a confidence-
guided spatiotemporal framework for
interpretable video anomaly detection.
The proposed approach jointly mod-
els anomaly scores and prediction con-
fidence, enabling reliable distinction
between certain and uncertain detec-
tions. By integrating confidence estima-
tion with temporal consistency regular-
ization, the method improves the stability
and robustness of anomaly predictions.



Extensive experiments on bench-
mark datasets demonstrated competi-
tive performance with improved relia-
bility and real-time efficiency. In addi-
tion, the interpretability module provides
meaningful visual explanations, enhanc-
ing transparency in anomaly detec-
tion. The proposed confidence-calibrated
temporal attention framework demon-
strates that integrating uncertainty-
aware inference with reliability-guided
temporal aggregation improves both
anomaly detection accuracy and pre-
diction calibration. The framework fur-
ther enhances interpretability and robust-
ness under ambiguous surveillance condi-
tions. These results indicate that incor-
porating confidence-aware modeling into
spatiotemporal learning offers a practi-
cal and robust solution for real-world
surveillance applications. Future work
will explore advanced uncertainty model-
ing and improved cross-domain general-
ization.
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