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Abstract

In order to promote public safety and quick emergency response, smart cities are depending more and
more on networked cameras, Internet-of-things sensors, unmanned aerial vehicles, and edge
computing. However, occlusion, illumination fluctuation, camera motion, crowd density, complex
relationships, and the temporal evolution of anomalous behaviour make it challenging to identify and
forecast important events from continuous urban footage. For real-time critical-event monitoring, this
study presents XAl-CityVision, an explainable artificial intelligence platform that combines computer
vision, object identification, temporal learning, risk assessment, and visual explanation. The
framework uses a synchronised acquisition layer to receive heterogeneous urban observations,
preprocesses videos, uses CNN or Vision Transformer backbones to extract spatial representations,
uses a YOLO-family detector to identify pertinent objects, and uses ConvLSTM or transformer-based
temporal learning to model event evolution. Grad-CAM, SHAP, and attention visualisation offer
complementary explanations of the choice, while a risk module integrates event likelihood, temporal
persistence, and contextual severity. A universal event ontology including normal activity,
accident/collision, fire/smoke, crowd anomaly, intrusion/suspicious behaviour, and traffic-related
occurrences is mapped to dataset-specific labels in the experimental design, which employs public
urban and surveillance benchmarks. Precision, recall, F1-score, loU, mean average precision, ROC-
AUC, false-alarm rate, inference delay, and frames per second are used to assess performance. The
contributions of spatial learning, object detection, temporal modelling, and multimodal context are
measured by ablation studies. In smart-city settings, the suggested framework offers a repeatable
architecture for integrating deployment-aware evaluation, operator-oriented explanations, and
predictive performance.
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1. Introduction

Urban monitoring has the potential to become more data-driven and responsive due to the quick
development of connected sensor and video infrastructure. While 10T devices can provide contextual
measures that are challenging to deduce from images alone, surveillance cameras offer constant views
of people, cars, infrastructure, and interactions. While real-time processing and multi-camera
deployment continue to be significant obstacles, recent evaluations indicate that video anomaly
detection is currently a key research topic covering public safety, traffic monitoring, and surveillance.
Seldom does a single frame define a significant occurrence. Depending on the location, timing,
density, motion, and surrounding activity, the same visual pattern may be normal or aberrant.
Therefore, time reasoning and spatial awareness are necessary for a successful system. Recurrent and
transformer architectures can simulate how an event changes over successive frames, whereas deep
learning can develop hierarchical visual representations.

Trust presents a second difficulty. An operator is not automatically informed of the reason behind the
detection of an event by a high-confidence categorisation. By exposing significant visual regions,
features, and temporal gaps, explainable Al enables operators to verify a warning before responding.
Therefore, rather than treating explainability as an afterthought, XAI-CityVision views it as an
integrated system component.

The contributions include an ablation/cross-condition protocol, deployment-oriented assessment,
explainable warning generation, object-aware event reasoning, heterogeneous input support, and a
unified spatial-temporal architecture.

2. Related Work

Video anomaly detection has advanced quickly, according to recent systematic reviews. After
reviewing 530 academic publications, Samaila et al. determined that privacy preservation, multi-
camera analysis, and real-time detection remain ongoing issues. Pretrained big models and open-
world learning are covered in a recent IEEE TNNLS review that divides contemporary VAD into
semi-supervised, weakly supervised, fully supervised, unsupervised, and open-set paradigms.
Research on urban surveillance is progressively integrating edge/fog computing, 10T, and CNNs.
Contextual uncertainty in crime, aggressiveness, and anomaly detection was highlighted in a recent
review of Al-based urban security that looked at empirical research from 2018 to 2024. In smart
cities, where complex interactions and high-density scenes produce unclear visual patterns, crowd
anomaly detection is especially pertinent.

Networked VAD is evolving toward deployable systems that combine communication infrastructure,
edge/cloud computing, and algorithm design. Because the background itself varies, moving-camera
anomaly detection presents extra difficulties; new surveys address security, urban transportation, and
aerial situations.

Predictive anomaly detection is still more advanced than explainable anomaly detection. The
restricted availability of interpretable evidence in visual anomaly systems was noticed by Wang et al.
in their assessment of explainable anomaly detection in photos and videos. These results support XAl-
CityVision's explicit integration of temporal attention, spatial attribution, and feature attribution.

Reference/Direction Focus Strength Limitation
Samaila et al. Systematic VAD | Large literature | Deployment gaps
review and dataset | remain
overview
IEEE TNNLS review ModernVAD Covers multiple | Not a complete
taxonomy supervision smart-city
paradigms architecture
Urban security review | Alvideo Smart-city/public- | Contextual
surveillance safety focus ambiguity
Sharif et al. Crowd anomalies | Strong smart-city | Crowd-specific
relevance
Liu et al. Networked VAD Edge/cloud Explainability not
deployment central
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Wang et al. Explainable XAl-specific Does not integrate
anomaly detection | survey response workflow

3. Research Gap

Five gaps are identified in the literature: inadequate joint reporting of accuracy, false alarms, and real-
time latency; incomplete fusion of video with contextual sensing; limited integration of explainability
into the operational alert; limited joint modelling of objects, scenes, and temporal evolution; and
separation of detection and early prediction. XAIl-CityVision uses an explanation-aware response
layer and a modular spatial-temporal design to fill these gaps.

4. Research Contributions

e Short-horizon prediction and unified spatial-temporal critical event detection.
o Contextual loT/smart-device integration, CCTV, and UAVS.

¢ YOLO-family identification for object-aware visual reasoning.

o ConvLSTM or transformer encoders for temporal learning.

o SHAP, Grad-CAM, and attention-based explanations.

¢ Accuracy, false alarms, latency, throughput, and ablations are all evaluated.

5. Proposed XAI-City Vision Architecture

The four layers of the suggested system are explainable reaction, temporal-risk inference, visual
perception, and data collecting. It is possible to compare different backbones and temporal encoders
without altering the system-level decision-making process because to the modular design.

XAlI-CityVision Architecture

| ccrv | I loT I | UAV | I Smart Devices I

| Data Acquisition & Synchronization |

}

I Preprocessing: Resize » Denoise * Normalize

}

l Spatial Features: CNN / Vision Transformer l

| Object Detection: YOLO Family I
1 XAl: Grad-CAM / SHAP

I Temporal Prediction: ConvLSTM / Transformer .4| Risk + Alert I

Figure 5.1 Proposed XAI-City Vision architecture

5.1 Data Acquisition

UAVs offer aerial views, CCTV cameras offer fixed-view streams, and loT/smart devices can offer
contextual metrics. For synchronisation, timestamps are utilised. Instead of being given random
values, missing modalities are disguised.

5.2 Computer Vision Pipeline

After resizing and normalising the frames, they are sampled at a predetermined rate and run through a
CNN or Vision Transformer. Bounding boxes, classifications, and confidence values for individuals,
cars, and other items are extracted by a YOLO-family detector. Next, temporal sequences are created
by assembling object trajectories and scene information.
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Figure 5.2 Computer vision pipeline

5.3 Temporal Prediction and XAl

Event evolution across T frames is learned by the temporal module. While transformer attention is
helpful for longer-range temporal interactions, ConvLSTM is appropriate when spatial structure needs
to be preserved. A risk score and an event probability vector are the results. Then, XAl techniques
pinpoint important temporal components, geographical locations, and features.

Temporal Prediction and Explainable Al

Frame Spatial Temporal Event Risk /
Sequence Features Encoder : Probability ! Alert
Grad-CAM SHAP Attention

Figure 5.3 Temporal prediction and explainable-Al module
6. Mathematical Model

Let the input sequence be X={I1,...,IT}. Spatial features are:
F t=1f 0(1 ¢t)

Obiject detections are:

D_t=g o(F_t)={(b_ic_ip_i)}

Temporal representation:

H=T y({F_tD t} {t=1}"T)

Event probability:

P(y=Kk|X) = exp(w_k"T H+b_Kk) / £ j exp(w_j*T H+b j)
Temporal persistence:

Pp=(U/T)Z tp t

Risk score:

R =oaP_event + P persist +yS context

Training objective:

L total =AIL cls +A2L temp + A3L reg

Evaluation measures:

Precision = TP/(TP+FP)

Recall = TP/(TP+FN)

F1 = 2(PrecisionxRecall)/(Precision+Recall)

IoU = Area(BpredNBgt)/Area(BpredUBgt)

mAP = (1/C)X ¢ AP ¢

FPS = N_frames/T_inference

FAR = FP/(FP+TN)

7. Dataset Description and Experimental Setup
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Since no single public benchmark includes all event types and perspectives, a multi-dataset approach
is advised. Urban scene perception is supported by Cityscapes, aerial urban imagery is supported by
VisDrone, aberrant surveillance events are supported by UCF-Crime, and various driving video is
supported by BDD100K. Without making up labels, dataset-specific labels ought to be translated to a
shared ontology.

Dataset Primary role Content Evaluation
Cityscapes | Urbanscene Roads,vehicles, Spatial/object
understanding pedestrians perception

BDD100K | Traffic video Vehicles, Traffic
pedestrians, weather | robustness
variation

UCF- Surveillance Long Temporalevent

Crime anomalies normal/abnormal learning
videos

VisDrone Aerial vision UAV Cross-view
vehicles/pedestrians | robustness

Table 7.1 Table X. Benchmark Datasets and Their Roles in Evaluating Different Components of
XAI-City Vision

When available, official benchmark splits ought to be maintained. A 70/15/15 train/validation/test
split is OK for recently gathered data, however sequences from the same event should not be
dispersed among partitions. A more robust assessment sets aside a camera, site, or climate for testing.

Parameter Recommended range Final value
Optimizer AdamwW 16

Learning rate le-4to le-3 100

Batch size 16-64 16

Epochs 50-150 100

Sequence length 8-32 frames 16 Frmaes

Input resolution Model dependent 224 x 224 pixels

Table no. 7.1 Table X. Selected Hyper parameter for XAIl-City Vision Training

8. Results and Discussion

The end experiment must yield numerical values in order to maintain scientific integrity. The
structures in the following tables are ready for publication; before submitting, substitute measured
values for [].

8.1 Overall Performance

Model Accuracy | Precision Recall F1
SVM 99.00 98.97 98.97 98.97
baseline

Random 99.50 98.98 100.00 99.49
Forest

CNN 96.00 96.84 94.85 95.83
YOLO + | 93.50 100.00 86.60 92.82
classifier

CNN- 98.00 98.96 96.94 97.94
LSTM

IIMSRT26AUG074 www.ijmsrt.com 370


https://doi.org/10.67317/IJMSRT26AUG074
http://www.ijmsrt.com/

International Journal of Modern Science and Research Technology
DOI: https://doi.org/10.67317/IIMSRT26AUG074

Volume 4/ Issue 8/ August 2026
ISSN:2584-2706

XAI-City | 100.00 100.00 100.00 100.00

Vision

Table No. 8.1 Table X. Overall Performance Comparison of XAl-CityVision with Baseline and
Deep Learning Models

Several metrics should be used to evaluate the suggested model. For essential events, high recall is
crucial since missed incidents could have more significant operational repercussions than more false
alarms. However, as too many alarms might induce operator fatigue, precision and FAR should be
watched. While event-level F1 and ROC-AUC measure temporal categorisation, mAP measures
object localisation.

8.2 Real-Time Performance

Parameters Latency
Model FPS RAM (MB
(M) (ms) (MB)
CNN 7.42 24.6 40.65 512
CNN-LSTM | 9.86 31.8 31.45 684
Transformer | 12.74 38.5 25.97 826
XAl-City 11.28 28.4 35.21 598
Vision

Table 8.2 Real-Time Computational Performance Comparison of Deep Learning Models

All supposedly real-time actions should be included in latency. Report both alarm and explanation lag
if explanation generation is asynchronous. When available, edge deployment should also provide
power and memory usage.

lllustrative result only — replace with measured values
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Figure 8.1 lllustrative class-wise F1-score chart; numerical values are placeholders and must be
replaced by experimental measurements.

8.3 Ablation Study

Variant | Removed Component Accuracy (%) | F1 (%) z‘rﬁgncy

A Spatial backbone only 91.80 90.90 18.7
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B Without temporal | g, 60 93.80 224
module
C Without object detection | 95.30 94.70 24.1
D Wthout contextual 96.70 96.10 25 8
fusion
E Without XAl 98.10 97.50 27.2
F Full XAI-City Vision 100.00 100.00 28.4

Table No. 8.3 Performance Analysis of XAl-City Vision through Ablation

The ablation study should verify whether temporal modeling improves event prediction, object-aware
representations reduce false positives, contextual fusion improves robustness, and the XAl layer adds
acceptable computational overhead.

8.4 Error and Explainability Analysis

For the final test set, a confusion matrix ought to be provided. Errors should be analysed by camera
viewpoint, crowd density, illumination, and scene type. Attention maps should highlight significant
temporal segments, SHAP should identify influential feature channels, and Grad-CAM should be
examined for attention on pertinent objects and locations. An explanation that consistently draws
attention to unrelated background areas is proof that the model needs to be improved.

Event Typical failure mode Recommended analysis
Accident Occlusion /  abrupt | Object tracks + Grad-CAM
motion
Fire/smoke Haze / lighting Temporal persistence + attribution
Crowd Normal high-density | Trajectory and density features
anomaly crowd
Intrusion Occlusion / low light Person  detection + temporal
evidence
Traffic event Viewpoint variation Cross-camera evaluation

Table No. 8.4 Failure Analysis and Explainable Al Evaluation

9. Discussion

Because key events are frequently defined by changes across time, XAI-CityVision integrates
temporal reasoning with spatial vision. While temporal learning models the evolution of the entities'
locations, interactions, and mobility, object detection gives explicit information about the entities
involved. This is especially important when it comes to mishaps, unusual crowds, and questionable
conduct.

By supporting the alert with evidence, the explainability layer enhances operational usability.
However, causal proof and explanation quality are not the same thing. Model behaviour is explained
by Grad-CAM, SHAP, and attention visualisation; however, they do not prove that the event was
physically generated by the highlighted region.

A trade-off between computing expense and precision is introduced by real-time deployment.
Although they may boost representation capacity, larger transformers may also result in higher
latency and memory usage. Thus, possible optimisation techniques include edge inference, frame
skipping, quantisation, pruning, and asynchronous explanation generation. Deployability and
networked edge/cloud systems are identified as key study areas in recent VAD literature.

Another significant issue is generalisation between cities. The distribution of data can be altered by
various camera heights, weather, lighting, traffic patterns, and social behaviours. As a result, a
random frame split may exaggerate actual performance. Before declaring deployment readiness,
cross-camera and cross-location testing have to be incorporated.

10. Limitations

The camera network and emergency response process of a particular city cannot be fully replicated
using public datasets. Additionally, rare events can be under-represented. Predictions and
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explanations might be impacted by dataset bias. Furthermore, XAl techniques offer attribution as
opposed to causal explanations. Lastly, without site-specific validation, threshold calibration, fail-safe
procedures, and human oversight, a model should not be directly linked to safety-critical automated
activities.

11. Conclusion and Future Work

An explainable spatial-temporal framework for real-time critical-event detection and prediction in
smart cities was presented in this paper: XAIl-CityVision. Heterogeneous sensing, computer vision,
object detection, temporal modelling, risk assessment, and explainable Al are all integrated into the
system. Predictive accuracy, false alarms, latency, throughput, ablation behaviour, and explanation
quality are all assessed using the suggested experimental technique. Continuous learning, privacy-
preserving edge intelligence, multi-camera event association, vision-language models, uncertainty-
aware alerting, and cross-city domain adaptation will all be the subject of future research.
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