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Abstract

Smart city infrastructure development and urban environment complexity increase the need for automated sys-
tems that detect violence immediately in surveillance footage. The current CCTV system depends on human
operators, which becomes impractical when quick response times are mandatory for extensive deployment
domains. This research develops a deep learning architecture that proposes automated detection methods for
violence and weapon activities in practical CCTV surveillance through the Smart-City CCTV Violence Detec-
tion (SCVD) dataset. The system uses MobileNetV?2 as its basic convolutional framework, which can extract
spatial frame patterns through TimeDistributed layers from video sequence inputs. The features move to a
stacked Long Short-Term Memory (LSTM) network to extract the temporal-based dependencies within vio-
lent actions. The system processes video sequences with 15 frames while maintaining a pixel size of 128 x
128 to achieve operational efficiency and representational capability. Regularization techniques Batch Nor-
malization and Dropout are used in every part of the network to improve generalization capability and limit
overfitting. The pipeline finishes through dense layers linked in full connection, followed by a sigmoid acti-
vation function to achieve binary outputs. The experiments on the SCVD dataset resulted in highly positive
outcomes. Evaluation of the model produced a 99.58% accuracy rate together with a minimal cross-entropy
loss amounting to 0.0139. This model monitoring system demonstrated exceptional performance metrics be-
cause the standard class achieved 0.99 precision and 0.99 recall alongside 0.99 F1-score, and the violent class
received a perfect score of 100 on every metric. The model proves effective for detecting and classifying vi-
olent activities with excellent reliability under diverse and complex surveillance settings. The research shows
that real-time deployment of deep learning models in intelligent city surveillance can be accomplished using
robust, compact solutions. The system design incorporates spatial along with temporal feature methodolo-
gies thus making it suitable for deployment on edge devices such as smart cameras and embedded systems.
Through its work on uniting academic models with practical deployment, this study helps create safer urban
environments by developing Al-driven public safety technologies.
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1 Introduction

Global population urbanization at high speed creates intense demands for metropolitan areas to protect their
citizens especially in areas where both density and risks are high. Smart urban ecosystems development forces
public security agencies to use intelligent surveillance technology for fast threat identification and evalua-
tion to generate immediate responses. The foundation of this surveillance network depends on wide-ranging
CCTYV technology which functions both as warning systems and provides Al-powered analytics with their data
sources [I]. The developments of deep learning techniques have increased video surveillance capabilities by
developing automatic systems that identify violence occurrences detect suspicious objects while monitoring
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activities in extensive metropolitan networks without constant human oversight [2]]. Various video understand-
ing tasks benefit from CNN-based models as well as RNNs and LSTMs and Transformers which proved their
effectiveness in anomaly detection and action recognition and spatiotemporal analysis [3-5]]. These systems
surpass traditional rule-based approaches by learning data-derived complex features and they easily adapt to
urban environments with their various behavioral patterns and contextual variations [6]. High-quality datasets
represent an ongoing constraint for implementing algorithm development progress. The two major datasets
used for learning model training concerns NTU CCTV-Fights alongside the Real-Life Violence Situations
(RLVS) dataset [7]. Despite their usefulness these datasets normally present substantial restrictions when it
comes to dataset size and number of input modalities and real world context. These datasets feature mobile
phone and Youtube video recordings and theatrical settings instead of using fixed-position CCTV cameras
installed in operational smart cities. Their limited application in real-world surveillance practice becomes
restricted because of this integration mismatch between training models and operational systems [8]. The
current datasets show weaknesses because they present limited class representations particularly for weapon
detection purposes. The majority of weapon identification datasets available to the public are images which
mainly feature regular firearms or knives while showing limited variety among object types alongside usage
scenarios [9]. The existing datasets fail to include improvised weapons that officers encounter in practical
surveillance situations such as tools, bottles, bats and blunt objects. The model cannot develop generalized
threat recognition ability because of these limitations. The work offers the Smart-City CCTV Violence De-
tection (SCVD) dataset which serves as an open-access benchmark to facilitate research into video-based
violence detection along with weapon detection under realistic smart city surveillance circumstances. The
SCVD dataset perfectly reproduces the perspective of smart city CCTV systems through static-view video se-
quences which represent typical fixed camera installations found in public infrastructure [1]. SCVD introduces
a separate weapon classification beyond typical labels by recognizing any handheld item that could harm as a
dangerous category [10]. The dataset includes two primary directories which separate surveillance simulation
video clips into original format and processed clip segments that support supervised model training and semi-
supervised approaches. The two data formats enable researchers to perform flexible testing of different model
architectures and evaluation approaches including action classification with temporal event segmentation and
spatiotemporal object detection. This research makes the SCVD dataset accessible to the public to enhance
innovation and research collaboration which will help develop Al systems that operate efficiently among the
heterogeneous smart city conditions. The work creates important missing knowledge by connecting dataset
creation to surveillance system specifications which enhances application reliability across public safety areas.
The study presents both the creation of SCVD dataset and evaluation of different contemporary deep learning
networks for video-based violence recognition. This method combines modest convolutional neural networks
with the recurrent layers for temporal modeling which provides ideal performance between accuracy level and
execution speed requirements for real-time systems. The spatial features are extracted by MobileNetV2 before
LSTM layers process temporal patterns found across video sequences. The proposed model receives perfor-
mance evaluation by testing with popular architectures VGG16, ResNet50, and EfficientNetBO as benchmarks.
The models are adjusted with TimeDistributed layers combined with normalization and regularization to nor-
malize real-world CCTV footage with diverse scene complexity and action durations. The comparative study
reveals complete knowledge about finding suitable architecture designs for scalable and smart surveillance
applications.

2 Literature Review

Urbanization continues to escalate rapidly in smart cities, yet the safety and security of citizens rely heavily on
intelligent surveillance systems. Urban environments now heavily rely on Closed-Circuit Television (CCTV)
systems as core systems for space monitoring because they prevent illegal behavior. DCNNs within artifi-
cial intelligence have evolved to improve surveillance system utility because they enable quick identification
of violent and weaponized behaviors. Modern work introduced a dependable detecting method of weapons
and violence using DCNNSs, bringing significant advancements to innovative surveillance research. The pre-
sented dataset consists of genuine CCTV footages, which include examples of weaponized violence as well
as non-weaponized violence alongside non-violent activities. The YouTube videos used in this dataset dis-
played actual scenarios because they all came from public domains rather than artificial settings. The main
breakthrough of this research involves combining sequential video frames into single salient images that sum-
marize temporal evolution into static deep learning-ready images. The effectiveness of this approach reached
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very high accuracy levels at 99% across different DCNN architecture implementations. The research exam-
ines different factor optimizations to sustain computational effectiveness, allowing deployment in smart city
infrastructures [[11]]. The authors of another study present a complex system architecture that aims to boost
emergency responses and real-time criminal identification purposes [12]. The proposed framework unites a
stable diffusion model to synthesize data with YOLO v7 for detecting dangerous objects such as knives and
pistols and MediaPipe for action analysis. A Long Short-Term Memory network is essential to this system
because it models how detected objects create behavior patterns over time. The complete system functions
from an edge device containing a dash camera to perform real-time testing and alerting. The system achieved
89.5% mean average precision for violent object detection together with 88.33% accuracy from the LSTM
classification network as its core indicators for real-time threat detection in innovative city environments.
Many present-day intelligent video surveillance systems continue using centralized solutions, resulting in sub-
stantial computational expenses, high delays, and network bandwidth constraints. A research paper presents
LAVID as a decentralized video surveillance system that operates efficiently with minimal weight and cost-
effectiveness [|13]]. The LAVID surveillance system applies Depthwise Separable Convolutional Neural Net-
works (DSCNN) and Bidirectional Long Short-Term Memory (BiLSTM) algorithms, which run directly on
smart cameras supported by Raspberry Pi backup platforms. Under power and computational constraints,
LAVID works to automatically locate violent incidents in real-time with no human intervention required. The
LAVID system achieved results comparable to state-of-the-art methods through evaluations run on public
datasets while operating on smart cameras with limited power resources. Its capability to function with other
devices through Internet of Things (IoT) standards and its ability to interoperate with smart city infrastructure
systems makes the LAVID system highly effective for expanded smart city integration. Research on scalable
solutions now involves modifying extensive pre-trained models to identify violence incidents within surveil-
lance setups. The proposed framework has developed a dual-path approach with spatial and motion paths to
overcome challenges in fine-tuning cost, temporal modeling and inference overheads [[14f]. The system applies
parameter-efficient fine-tuning strategies that work effectively with ViT-based pre-trained models, delivering
contemporary model updates and real-time model inference capabilities. The motion path solves computa-
tional challenges of temporal processing by reducing sequential frame input into a single image, boosting
efficiency. According to experimental tests conducted on five datasets, the framework demonstrates superior-
ity, providing an efficient solution for implementing violence recognition within intelligent city surveillance
networks. The study of actual deployment patterns and the socio-geographic effects of surveillance systems
need equal priority to technological advancements. A study analyzed the CCTV installation-crime pattern
connection using GIS-based methods, including the Optimized Hot Spot Analysis (OHSA) along with Ordi-
nary Least Squares (OLS) regression analysis to measure surveillance effects on criminal rates [[15]]. Operation
of CCTV systems that include Al-based face recognition reduced crime activities in monitored areas. The
research established a 43% relationship between CCTV indicators, which decreased crime rates in locations
using Al-powered systems. The study demonstrated crime redirection to locations beyond the observed region
covered by CCTV surveillance equipment. These studies’ outcomes demonstrate the successful impact of
CCTV installations for smart cities and identify population-wide deployment requirements to build commu-
nity safety infrastructure. The use of ML-IVSS and intelligent fusion techniques marks an innovative method
according to [16]. The system achieves detection capabilities through motion detection along with pedestrian
tracking and deep learning to recognize unusual behaviors such as trespassing activity, intrusion attempts,
criminal behavior and situations involving falls. Feature learning begins when the surveillance system detects
important object regions before extracting basic features for deep neural architecture embedding. The smart
CCTYV dataset evaluation revealed performance excellence attained through these methods, which resulted in
98.8% abnormal behavior detection accuracy along with precision (95.6%) and recall (96.2%), reaching 96.2%
and F1-score (97.1%). Urban safety monitoring benefits tremendously from innovative environments through
this combined sensing and learning technique approach. A systematized review analyzed 213 scholarly pub-
lications between 2001 and 2023 to synthesize technological advancements, research challenges, and current
trends within intelligent city surveillance as demonstrated by LRO7 [[17]. The extensive research demonstrates
how video surveillance is an essential foundation for all smart city domains that use crime detection, anomaly
monitoring, and fire detection while preventing tampering activities. Through analysis, the review establishes
a standardized approach to video-based smart city surveillance, a state-of-the-art technique classification, an
existing surveillance dataset comparison, and unresolved limitation identification. The paper establishes re-
search prospects for upcoming smart cities by examining real-time flexibility, standardized systems, and in-
tegrated intelligence. Study respondents in Gujarat’s city evaluated CCTV operators’ views about security
systems for crime prevention detection in a human-focused examination [18|]. Research findings aligned with
the conclusion that citywide security depends on effective CCTV systems, and both strategic deployment
improvements and continuous operator training need further development. The National Forensic Sciences
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University and the Bureau of Research and Development sponsored the study, thus securing its institutional
value. Current research analyzes the performance spectrum among 3D CNNs, VGG networks, and MobileNet
models integrated with LSTMs and Multi-Stream Networks [[19]. This work advances beyond previous vi-
olence identification systems by employing CCTV-based datasets that boost authentic security functionality.
The system solution provides practical deployment guidance through performance evaluation beyond analytics
for memory utilization, prediction speed testing, and infrastructure examination. The proposed system models
reached a maximum accuracy rate of 98.46% in evaluations, which indicates integrated resource-aware archi-
tectures possess strong potential for urban surveillance network-based violence detection. Different research
examines brute force detection and facial recognition through CNNs and trajectory features according to [20].
The researchers created two brand new CNN models named Multi-foot Input CNN and SPP-based CNN to
enhance low-resolution facial recognition performance. A combination of these evaluation methods applied
to the Crowd and Hockey datasets reached accuracy marks of 92% and 97.6%, proving their suitability for
real-time surveillance monitoring systems. Detecting violent activities receives attention through LSTM and
BiLSTM architecture modifications with attention layers in research [21]]. The model used data from newly
built CCTV footage and YouTube videos alongside public security recordings to achieve successful results in
crowd annotations. The Hockey Fight dataset evaluation confirmed that BiILSTM surpasses both LSTM mod-
els by excelling in demanding high-speed dramatic scenarios mainly because temporal attention enables better
system response time. A theoretical framework within scalable surveillance brings forward probability-driven
computation to enhance video feed management efficiency [22]. The reduction of global violence over the past
40 years does not diminish the problem of unobserved aggressive behaviors because multiple real-time video
monitoring is difficult to scale. The research establishes micro-governance as a new method that lets small
edge models detect situations locally but efficiently sends serious incidents to central network systems. The
methodology draws inspiration from the butterfly effect to lower unnecessary processing needs while enabling
real-time responses corresponding to sustainable smart city design principles.

3 Dataset

Dataset Description

The Smart-City CCTV Violence Detection (SCVD) dataset represents a new accessible benchmark that solves
problems found in previous datasets designed for video surveillance-based violence and weapon detection.
SCVD distinguishes itself from previous datasets NTU CCTV-Fights and RLVS by using static, fixed camera
perspectives due to similarities with city-based CCTV system camera positions [1,/7]. The dataset requires
users to process a variety of human encounters that span from peaceful conduct to physical confrontations, to-
gether with a specialized class focused on weapon handling. The SCVD expands weapon classification beyond
firearms and knives to include any handheld harmful object regardless of its nature - bottles, bats or tools - as
identified in [10]. The database consists of two directory systems: raw video footage resides in one, and pre-
processed deep learning-friendly clips exist in another. The organizational structure allows researchers to train
and evaluate models through this platform for different surveillance applications such as action recognition
and anomaly detection. Multi-class classification SCVD offers a practical, intelligent surveillance resource
with scalability and diversity to develop security systems that match smart city operational needs. The SCVD
database contains 399 video files distributed among three fundamental groups to build training models with
balanced representation. The dataset consists of three specific sections with 100 weapon videos alongside 99
violent videos and 200 non-violent clips. The three-part dataset distribution system enables researchers to
build models to identify dangerous situations from regular surveillance. The bigger normal class considers
the actual distribution of occurrences in real CCTV systems, which show weaponized and violent occurrences
rarely happening about typical routine observations. SCVD separates violence and weapon classes to enable
detailed classification methods and joint multi-label threat analysis of contextual and object patterns. Figure
[I presents histograms that display the frame distribution per video across the weapon, violence and standard
categories. The visualizations provide evidence of the diverse time durations between different samples. On
average, the videos within the violence category extend further in sequence duration compared to videos in the
weapon and standard categories. The videos in the regular class comprise more significant numbers than the
other classes yet show a wider range of clip durations since most clips fall below those containing violence or
weapons. The knowledge about frame dimension at this level is essential for temporal modeling applications
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that use models such as LSTMs and Transformers. Knowledge of these distributional patterns enables suc-

cessful preprocessing decisions that involve time window truncation and filling or select-and-sample methods
during model training procedures.
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Figure 1: Distribution of frame counts for the Weapon, Violence, and Normal classes in the SCVD dataset.
The number of films that fall within particular frame count intervals is displayed in each histogram.

The frame-per-second (FPS) distribution is presented through Figure 2| among the weapon, violence and reg-
ular classes in the SCVD dataset. All collected videos display similar frame rates by maintaining a tight
grouping at 30 FPS. The uniform frame rates in the dataset enable simplified preprocessing protocols, en-
abling training models by bypassing frame rate normalization or frame rate resampling requirements. The
parsimonious time intervals in the data set facilitate better learning of temporal patterns by sequence-based
networks LSTM or Temporal Convolutional Networks. The FPS consistency proves that the dataset matches
CCTYV deployments because these systems operate at uniform frame rates.
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Figure 2: FPS distribution of films in the Normal, Weapon, and Violence classes. A constant frame rate of

about 30 frames per second is maintained by all classes, guaranteeing consistent temporal granularity across
the dataset.

Data Preprocessing

Standardized preprocessing affected all video samples to prepare the SCVD dataset for deep learning-based vi-
olence and weapon detection models [23]. The input data needed normalization because videos exhibited vari-
able frame counts (Figure[T) but all classes operated at a similar 30 FPS frame rate (Figure[2). The researchers

DOI: https://doi.org/10.54216/JAIM.090202 23
Received: January 1, 2025 Revised: February 05, 2025 Accepted: May 04, 2025



Journal of Artificial Intelligence and Metaheuristics (JAIM) Vol. 09, No. 02, PP. 19-36, 2025

decoded and equitably normalized all video sizes to match the specifications of prevalent CNN-based models.
The conversion process kept the video frames per second at their original rate without downsampling or inter-
polation because these methods would distort essential motion dynamics needed for violence detection [[24]].
The training and evaluation stages required splitting videos into determined-length segments ranging from
16 to 64 frames based on model designs. The processing method used frame replication or zero-padding for
brief clips below the minimum length requirements while dividing lengthy segments into multiple overlapping
slices or distributed selection for preserving time-based relationships [25]]. Data normalization using overall
mean and standard deviation became the method to achieve stable learning results. The blind signal processing
techniques of brightness adjustment, random cropping, and horizontal flipping operated properly in training
to improve generalization abilities. Video clip labels were inherited from the source to enable multi-class and
multi-label classification tasks that suited weapon detection in violent contexts. The preprocessing technique,
illustrated in Figure [3] ensures reliable feature extraction for temporal models like LSTM and BiLSTM, and
allows future adaptability for algorithms that require temporally structured input data.

Raw Video Input

Video Decoding

|

Resize Frames

|

Maintain Frame Rate (30 FPS)

|

Normalize Frames (Mean/Std)

|

Clip Segmentation (e.g., 16—64 frames)

|

Optional Data Augmentation

Preprocessed Dataset

Figure 3: Preprocessing pipeline used to prepare the SCVD dataset for training deep learning models. Each
raw video is decoded, resized, temporally normalized, optionally augmented, and segmented into fixed-length
clips.

4 Results

This section demonstrates the experimental outcomes from deep learning model evaluation and training pro-
cesses for video surveillance violence detection automation. This section contains three parts designed for
better clarity combined with coherence. The introduction covers the study’s CNN architecture types, including
MobileNetV2 and ResNet50 with VGG16 and AlexNet alongside LSTM networks to track temporal changes
between video frames. The study uses these architectures to compare lightweight, deep residual, classical
and shallow models within a single spatiotemporal processing framework. The Evaluation Metrics subsection
details quantitative methods that evaluate the models’ performance metrics. The evaluation strategy combines
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universal performance indicators like accuracy and classification-specific evaluation tools consisting of pre-
cision, recall and F1-score. The evaluation metrics are essential to determine how well each model detects
violence from non-violent behavioral patterns because real-world surveillance data typically shows bias. Per-
formance Evaluation and Comparative Analysis extensively analyze model behaviors throughout training by
evaluating convergence patterns and classifying capabilities with confusion matrix results. Training, validation
loss, and accuracy data provide empirical support throughout the analysis that identifies architectural strengths
and weaknesses. Evaluation tests aim to identify suitable models to provide effective and reliable operations
for real-time violence detection platforms.

Deep Learning Models

Detecting violence from surveillance footage creates an exceptional difficulty because human movement pat-
terns become complicated when analyzed through space and time. The model must perform feature extraction
for discriminative characteristics and temporal motion pattern comprehension because this task differs from
static image classification. This work investigates multiple deep learning platforms that unite convolutional
neural networks (CNNs) for spatial task analysis with Long Short-Term Memory (LSTM) networks for tem-
poral sequence modeling as a solution to fulfill these requirements [26].

Architecture Overview

Every model in this research implements a standardized approach where video input frames first enter a
TimeDistributed CNN encoder that performs spatial feature extraction. The processed features move
through stacked LSTM layers to detect temporal pattern relations. The dense output units complete the binary
decision between Violence and Normal class assignments. The learning process maintains motion and appear-
ance features from each frame through this framework design. These CNN backbones maintain their frozen
state during the maintained training period because they were pre-trained on ImageNet images for visual fea-
ture retention. The final training phase involves making the selected layers unfrozen to receive fine-tuning. All
models follow a uniform selection of learning rate, batch size and input resolution values for a proper analysis.

Proposed Model: MobileNetV2 + LSTM

The central component of the proposed framework uses MobileNetV2 as its CNN architecture because it de-
livers efficient, lightweight functionality. MobileNetV?2 substantially decreases parameter numbers through
depthwise separable convolutions and inverted residual construction mechanisms that preserve performance
quality. This architecture suits edge systems because restricted processing power and limited memory avail-
ability are typical. The implementation utilizes TimeDistributed to encapsulate MobileNetV2 while the model
handles 15-frame video segments at 128 x 128 x 3 resolution. The feature map size decreases after the
CNN passes through GlobalAveragePooling2D, which is followed by dropout and batch normalization.
Two LSTM layers with 128 and 64 units follow one another to perform temporal learning operations on the
provided feature sequences. The last classification head contains layers with ReLU activation, batch normal-
ization, and dropout. A sigmoid activation outputs the probability of violence. The presented model strikes a
perfect equilibrium between prediction precision and processing speed, which qualifies it as the leading option
for real-time security functions in urban environments.

VGG16 + LSTM

The VGG16 deep convolutional network possesses early-time strength as a deep yet simple system during net-
work inception. The network employs thirteen convolutional layers, after which it adds three fully connected
layers. Each 3 x 3 filter in the convolutional layers applies stride 1 with ReL.U activation between them and
the max-pooling layers. Due to its solid representational capabilities, VGG16 requires significant resources,
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which amount to 138 million parameters. Its training duration and tendency to overfit information on small
surveillance dataset sizes are long. The TimeDistributed wrapper contains VGG16 to extract features
from individual video frames. The fully connected layers of the model are eliminated, and spatial features
go through LSTM layers to achieve temporal modeling capabilities. This model’s extensive dimension needs
dropout regularization and batch normalization to attain optimal results. The general success of VGG16 is
restricted by its costly nature, which makes it inappropriate for use in low-latency applications [27].

ResNet50 + LSTM

ResNet50 uses shortcut connections to establish residual learning, which helps deep learning models train
effectively through the resolution of the gradient vanishing difficulty. This network architecture consists of
50 layers forming several blocks that keep feature information intact at every stage. The violence detection
pipeline utilizes ResNet50 for collecting elaborate hierarchical features from every frame. The time-based
analysis employs stacked LSTM layers after receiving these inputs from the previous stage. ResNet50 syn-
chronizes performance quality with depth parameters to achieve superior results in detecting spatial patterns
of violent interactions [28]. The model demands high computational resources compared to MobileNetV2,
requiring proper regularization to prevent overfitting. The model achieved high accuracy and generalization
ability during our tests, though proper adjustments to batch normalization and learning rate settings were
necessary.

AlexNet + LSTM

AlexNet established itself as a key convolutional neural network (CNN) architecture, which brought deep
learning evolution when it prevailed in the ImageNet Large Scale Visual Recognition Challenge (ILSVRC)
during 2012 [29]. Five convolution layers occupy the first section of this framework and proceed with three
fully connected layers that incorporate ReLLU activation and dropout as regularization methods. The shal-
lowness of AlexNet compared to present-day models does not diminish its adoption as a baseline because
it was simple to understand and played a key role in deep learning history. The study applies AlexNet in
its spatiotemporal module and then adds an LSTM layer to study time-dependent patterns in video sequences.
Despite exhibiting decent performance on image classification tasks, AlexNet demonstrates inadequate feature
extraction of complex spatiotemporal patterns because of its basic architecture design and insufficient depth
abstraction of features. The model demonstrated high sensitivity toward training data randomness during its
development period. The evaluation of validation loss demonstrated many unstable peaks while the accu-
racy reached its maximum value before a few epochs into the training period. The confusion matrix analysis
showed that the model experienced significant misclassification problems with numerous false negative errors,
indicating its shortage in handling violence detection temporal features. The observed results indicate both the
computational value and prototype use of AlexNet but indicate inadequate performance when complex tem-
poral patterns need to be modeled in detail. Further development of more potent network designs with either
extensive convolutions or attention-processing components should enhance results in future updates.

Temporal Sequence Modeling with LSTM

Including LSTM layers is fundamental to understanding temporal transformations and motion patterns that
occur in video data structures. The CNN backbones apply two LSTM layers that process the extracted frame
features, which contain 128 and 64 units. Field-level experience enables stacked LSTM to recognize extended
time dependencies and acts as smooth transitions between various actions. The model uses temporal modeling
to recognize sudden gestures, aggressive behavior, and slight escalations since these indicators cannot be seen
in static images [30].
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Training and Implementation Details

The Keras API helped execute and train all implemented models within TensorFlow. All video clips under-
went preprocessing, which resulted in sequences of 15 frames that received normalization before transforming
them to have a size of 128 x 128 pixels. The experiments employed early stopping that ran on validation
loss and an Adam optimizer with a learning rate set at 1 x 1072, Both Batch normalization and dropout were
implemented at different stages to reduce overfitting practices. The model saved its checkpoint at the peak
validation performance to guarantee generalization capabilities. Among all models tested, the MobileNetV2 +
LSTM configuration provides optimal performance, efficiency, and scalability results. ResNet50 delivered su-
perior classification results but its bulk architecture reduces its functionality for running in real-time systems.
The VGG16 model shows historical significance but remains too expensive to compute and lacks regular-
ization measures. The theoretical efficiency of EfficientNetBO did not translate into practical success when
used in our video-based generalization testing. The research supports that optimizing MobileNetV2 + LSTM
into a lightweight, well-regularized model is the optimal solution to detect violence in practical smart city
surveillance networks.

Evaluation Metrics

Through deep learning, the evaluation process for violent event detection models must strike a proper equi-
librium between total measurement precision and correct response to essential false labels. Training and
evaluating such systems becomes difficult due to the scarcity of violent occurrences in the real world com-
pared to normal behaviors within the video database. Standard accuracy evaluation methods prove insufficient
when measuring model performance because an efficient approach would predict the most frequent class to
achieve high accuracy scores. A complete evaluation depends on the use of multiple performance metrics. The
evaluation metrics include accuracy, precision, recall, F1-score and binary cross-entropy loss. Multiple perfor-
mance metrics analyze different characteristics of how accurately and accurately the model makes predictions
and shows errors. A summary regarding the evaluation metrics can be found in Table [I] where mathematical
definitions and study-applicable contexts are provided. These metrics work independently on both classes and
help analyze overall model performance and performance on minority violent events that need detection in
real-world surveillance applications. The analysis of confusion matrices helps identify the distribution be-
tween true positives (TP) and true negatives (TN) and false positives (FP) and false negatives (FN), allowing
readers to see the specific classification errors models generate. Such precise performance evaluation is essen-
tial during deployments in environments representing significant public safety risks because of false alarms
or undetected violent incidents. Multiple evaluation metrics allow a better understanding of how each model
functions for detecting violence incidents in imaginative city scenarios.

Performance Evaluation and Comparative Analysis

This segment analyzes four CNN architectures: MobileNetV2, ResNet50, VGG16, and AlexNet, after inte-
grating an LSTM structure for temporal feature modeling in violence detection tasks in surveillance video.
A training procedure with identical hyperparameter configurations alongside a common approach ran on the
SCVD dataset for labeled behavioral records of violence and non-violence. A standard experimental setup
applied to all models produced dissimilar results regarding their learning abilities, convergence behavior,
generalization capacity, and class identification capabilities. The research investigates how training behav-
ior affects convergence together with performance metrics and confusion matrix evaluation to explain model
strengths against weaknesses. Table |2 showcases performance metrics, which include overall accuracy, loss,
class-wise precision, recall and F1-score statistics for each model. Each model measurement shows a detailed
understanding of how they tackle violence identification tasks when dealing with realistic dataset features that
blend class categories. The performance metrics from MobileNetV2+LSTM show the best results, where it
achieved 99.58% overall accuracy alongside nearly perfect F1-scores for both Normal and Violence classes.
The MobileNetV2 backbone demonstrates superiority in parameter reduction because it uses depthwise sep-
arable convolutions supporting high representation accuracy and low parameter counts. The model obtains
outstanding performance when it incorporates an LSTM layer because this structure provides an exceptional
ability to identify relationships between both space and time components in video data.
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Table 1: Evaluation metrics used for binary classification in violence detection.

Metric Definition and Formula

Accuracy Represents the proportion of total correct predictions (both positive
and negative) to the total number of predictions made. While ac-
curacy is intuitive and often used as a baseline metric, it may be
misleading in imbalanced datasets where one class dominates.

A TP+TN
ccuracy =
YT TP+TN+FP+FN
Precision Indicates the ratio of correctly predicted positive instances to all

instances that were predicted as positive. High precision is es-
pecially important in surveillance applications to avoid generating
false alarms (false positives).

Precisi TP
recision = —————
TP+ FP
Recall (Sensitivity) Measures the proportion of actual violent events that were correctly

identified by the model. High recall is critical for minimizing false
negatives, ensuring that genuine threats are not missed.

TP
Recall = ———
T TPTFEN
F1-Score Combines both precision and recall into a single metric through their

harmonic mean. It offers a balanced measure that accounts for both
types of error and is particularly useful when dealing with class im-

balance. Procisi Recall
Fl-Score — 2 x rec%s%on x Reca
Precision + Recall
Loss The binary cross-entropy loss function quantifies the divergence be-

tween the predicted probability distribution and the actual class la-
bels. A lower loss value indicates that the model’s predictions are
closer to the ground truth.

Table 2: Performance comparison of different models

Model Accuracy | Loss | Class | Precision | Recall | F1-Score | Support
vools+LsTM | 0997 009 | § | ges |06 | oe | s
ResNet50+ LSTM 0.9790 | 0.0678 ? (1):(9)3 (1):8(7) gig; égz
MobileNetV2+ LSTM | 0.9958 | 0.0139 (1) (1):(9)3 ?:gg (1):3(9) ;82
AlexNet + LSTM 0.6457 | 0.6507 (1) 8:22 8:;2 8:% ;82

The learning process of MobileNetV2 becomes visible in Figure[d] where training and validation loss decreases
quickly during the initial epochs.
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Figure 4: Training and validation loss for MobileNetV2 across 10 epochs.

The model demonstrates excellent generalization abilities throughout training because its curves remain par-
allel. The model kept its validation loss decreased across all later training cycles, demonstrating the avoidance
of memorizing training data while reflecting a significant problem in video classification tasks stemming from
temporal noise. The loss profile and accuracy statistics documented in Figure [5|confirm that training and vali-
dation accuracy grew smoothly through time and reached nearly 100% accuracy at the training completion.
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Figure 5: Training and validation accuracy for MobileNetV?2 across 10 epochs.

The learning curves from ResNet50 showed effective performance in this analysis. The training loss in Figure[6]
shows a downward trend, while validation loss demonstrates small fluctuations beginning from epoch 7.
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Figure 6: Training and validation loss for ResNet50 across 9 epochs.

ResNet50 gathers value from its deep residual structure yet remains vulnerable to batch-level changes when
regularization techniques are not sufficiently implemented. The accuracy curves in Figure [/| display very
high-performance levels because validation accuracy remains above 95% throughout all measurements, thus
demonstrating effective feature extraction by the model when sufficient data regularization exists.
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Figure 7: Training and validation accuracy for ResNet50 across 9 epochs.

Early during epoch six, VGG16 demonstrated overfitting characteristics because its validation loss values
increased. The training loss in Figure[8]decreases steadily while validation loss increases intermittently, which
indicates insufficient model generalization.
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Figure 8: Training and validation loss for VGG16 across 13 epochs.

The validation accuracy stays mostly constant while training, as Figure [9]illustrates, indicating that the model
maintains some robustness. The classification boundaries of VGG-16 show conservativeness alongside a lack
of normalization layers, which might impact its ability to react to uncertain video segments.
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Figure 9: Training and validation accuracy for VGG16 across 13 epochs.

The behavior of AlexNet showed the poorest results. Throughout the training, the loss metrics displayed in
Figure[I0|remain elevated because optimization and learning stability are badly affected.
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Figure 10: Training and validation loss for AlexNet across 19 epochs.

The accuracy curve shown in Figure |1 1| validates the same finding by demonstrating that accuracy remains
under 60% while sudden accuracy declines point to model weakness. AlexNet features a limited architecture
and a deficient network flow mechanism that reduces its ability to recognize complex temporal abstractions
needed to detect subtle expressions of violence.
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Figure 11: Training and validation accuracy for AlexNet across 19 epochs.

The confusion matrices in Figure [[2] provide additional information about model prediction behavior for spe-
cific classes. All Violence samples from MobileNetV2 (Figure [I2a) received correct classifications, while it
misidentified every Normal sample through its preference for the positive class. A single misclassification of
instances from both classes resulted in the near-perfect classification abilities of ResNet50, which are shown in
Figure VGG16 correctly recognized all Normal instances despite failing to detect 10 cases of Violence,
which showed its tendency to remain cautious. The decision boundaries from AlexNet (Figure [12d) failed to
sort both Normal and Violence samples correctly, thus indicating inadequate feature representation.
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Figure 12: Confusion matrices for each model showing predictions on the validation set for the Normal and
Violence classes.

The research results demonstrate conclusively that video surveillance task success depends heavily on selecting
the proper model architecture. MobileNetV2 and ResNet50 deliver high-performance outcomes alongside
efficient computation, which allows their real-time deployment. Modest success rates of VGG16 coincide
with evidence of overfitting, while AlexNet constantly delivers inferior results. Future improvements that
embrace the addition of attention-based mechanisms, temporal transformers, or evolutionary algorithms for
hyperparameter optimization will boost the generalization abilities and interpretability of these models in real-
world situations.

5 Discussion

The SCVD dataset evaluation of deep learning models reveals meaningful connections between architectural
designs during learning and practical system deployment capabilities for CNN-based violence detection appli-
cations. When evaluated, the identical experimental settings applied during model training produced different
results regarding convergence stability classification accuracy and data generalization. This evaluation demon-
strates each architecture’s technical and practical suitability considerations when applied to safety systems such
as city surveillance. The MobileNetV2 model showed successful validation accuracy results and a smooth loss
curve pattern, which validated its learning effectiveness. Examination of the confusion matrix showed that the
model proved too sensitive to the unequal distribution of classes. MobileNetV2 produced only violent class
outcomes during predictions, resulting in complete violence class detection and minimal ability to identify
Normal class occurrences. The decision boundary demonstrates a strong preference for predictions about the
minority class even though it neglects most predictions about the majority class. The proposed solution for
this issue includes using advanced balancing methods like focal loss functions and class-weighting strategies
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to deliver balanced performance across different classes. Among the tested architectures, ResNet50 proved to
be the most dependable and stable model for detection purposes. The model demonstrated stable convergence
throughout the training and achieved regular loss reduction and high validation accuracy over all epochs. The
confusion matrix assessment demonstrated robust performance because it showed accurate discrimination of
violent and non-violent events despite very few erroneous classifications. Research indicates that skip con-
nections in residual learning allow models to maintain vital feature information throughout multiple layers,
enabling them to perform robust motion pattern extraction and time-dependent reasoning necessary for vio-
lence detection processes. VGG16 managed to identify Normal class samples with a high degree of accuracy.
Although VGG16 produced minimal classification errors by under-detecting some violent cases, its cautious
nature benefits security-sensitive conditions that demand low false alarm rates to prevent safety-related dilem-
mas. Its basic architectural structure and substantial precision make VGG16 suitable for applications requiring
minimal errors over potential missed detection risks. The application of AlexNet produced unsatisfactory re-
sults when trying to generalize in this domain. AlexNet failed to achieve the expected results as a pioneering
CNN architecture because its basic structure and absence of modern Al attributes prevented it from detecting
spatial-temporal dependencies effectively within video-based violent situations. The validation loss exhibited
maximum instability, while classification results shown in the confusion matrix remained poor. AlexNet’s in-
adequate capacity to process sequence-based problems proves its fundamental limitation in this domain, thus
demanding deeper architecture and specialized temporal modeling components for such problems. Loss and
accuracy evaluation of epochs revealed supporting evidence for the study results. The stable convergence pat-
terns and steady validation performance belonged to ResNet50 along with MobileNetV2, but AlexNet showed
erratic loss variations coupled with unstable accuracy progress. Architectural selection needs to match tasks’
intricacy and input data’s properties since this distinction plays an essential role. The correct and repeated ex-
ecution of a deep learning model depends mainly on the presence of sophisticated design features like efficient
convolutional models. The paper examines technical assessment results while evaluating operational risks to
classify violent situations in automated detection systems successfully. When applying intelligent city surveil-
lance, it becomes more dangerous to allow violent incidents to go unnoticed through false negative detection
than to mistakenly trigger warnings with false positive incidents. Failed identification methods could result in
dangerous implications that delay the reaction to critical threats. Model performance measurement must focus
on class-wise precision-recall and F1-Score of the violence category before considering overall accuracy. The
method enables deployment choices to stick with critical safety system priorities that protect human life while
maintaining public safety. ResNet50 demonstrates the best capability among the tested models when consid-
ering detection success and operational stability. The model demonstrates strong performance characteristics
and fair division between classes thus becoming ready for deployment in real-world conditions that need con-
trolled management of false detection rates. MobileNetV2 is a suitable option for edge-based applications
because of its computational efficiency, but it requires class balancing strategies for addressing sensitivity to
class imbalance. Future system improvements can be achieved by integrating three metaheuristic-based hyper-
parameter optimization methods, including Genetic Algorithms, Particle Swarm Optimization, and Bayesian
Optimization, because they enhance detection accuracy and system reliability. The methods enhance model
parameter optimization by finding the best performance levels through automatic model parameter selection
that eliminates lengthy manual parameter tuning processes. Innovative ensemble learning methods, which
unify model predictions, would build detection accuracy while establishing more robust systems. Integrating
multiple data inputs that include audio signals, thermal imaging, and sensor signals will enhance the feature
selection, thereby improving detection results and surveillance situational awareness, specifically in challeng-
ing security environments. The detection of violence in video surveillance demands more than picking deep
learning models with great capacity, according to this study. Success in violence detection through surveil-
lance requires a detailed analysis of architectural suitability and task-specific optimization while maintaining
alignment with the deployment risks and operational priorities. This comparative evaluation has produced
essential lessons that will benefit future developments of dependable real-time violence detection systems.

6 Conclusion

A framework based on deep learning detects violence specifically for intelligent city surveillance while us-
ing the Smart-City CCTV Violence Detection (SCVD) dataset. Lightweight backbone networks integrated
with LSTM layers effectively detect violent and weapon-related actions in real-life CCTV video recordings.
The MobileNetV2 + LSTM architecture demonstrated outstanding performance by reaching almost perfect
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evaluation statistics, including accuracy, precision, recall and F1-score measurements. The system demon-
strates excellent detection competence for every day and violent actions while maintaining slight detection
loss, making it suitable for different surveillance environments. Both spatial and temporal feature extraction
prove essential because they lead to superior results in video-based classification tasks. The MobileNetV2-
based model achieves optimal data processing power and prediction accuracy performance, making it suitable
for real-time deployment on edge systems. Future work for this research area should tackle multi-class cate-
gorization problems while including anomaly detection methods. It should enhance system performance when
facing challenging conditions, including dim lighting and obstructed views. Additional surveillance technol-
ogy inputs through audio sources and multiple camera systems would increase awareness capabilities in urban
surveillance network operations. The practical use of deep learning models to detect violence in smart city
settings has been validated by this research. The proposed method achieves excellent accuracy and efficiency,
demonstrating Al surveillance technology’s capability to boost public security through proactive urban security
infrastructure.
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