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Abstract. The deployment of surveillance networks in smart cities plays
a pivotal role in enhancing public safety through the monitoring of various
environments such as roads, airports, residential areas, and establishments.
Nevertheless, the vast volumes of video data generated daily by these
networks present both opportunities and challenges in terms of information
management and analytical processing. In this study, we propose a novel
trust-aware fusion framework of video-based violence and threat modeling
by combining two state-of-the-art models. I3D, which excels in overall
spatio-temporal reasoning, and C3D, which learns short-term motion
behaviors. In Stackelberg’s game theory, the process of fusion outlines
inference as a sequential decision-making process, wherein the leader
is I3D, and C3D acts as a follower. A dynamic confidence threshold
governs the prediction delegation power, enabling adaptive decision-making
based on model confidence. Extensive experiments on a three-class dataset
(Normal, Violence, Weaponized) prove that the introduced fusion strategy
significantly outperforms single models. Setting the confidence threshold
to 0.5 achieves 97.27% peak of overall accuracy. In addition, class-wise
performance reveals considerable improvements, especially in the Violence
class, where precision is 99% and the F1 score is 94%, versus 82% and 85%
when using I3D individually. The experiments confirm the performance of
the confidence-aware fusion for robust and context-adapted threat detection
in smart-city surveillance.

Keywords: Violence Detection, Smart City Surveillance, Deep Learning,
Inflated 3D ConvNet, 3D Convolutional Network, Confidence-Aware
Fusion, Game Theory.

1 Introduction

Along with the expansion of smart city infrastructure, a large number of surveillance cameras have

been deployed and generate volumes of video data on a daily basis. Conventionally, video data
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monitoring is highly reliant upon human operators, which is time-consuming, error-prone, and

non-scalable in large surveillance networks.

Intelligent Video Analytics (IVA) deployments employ machine learning to provide automated

surveillance, determining suspicious behavior without human attention being devoted all the time,

thereby better allocating resources [1]. In recent years, the integration ofArtificial Intelligence (AI)

techniques, particularly Deep Learning (DL), significantly improved the effectiveness and accuracy

of anomaly detection for video surveillance scenarios [2].

Anomalies refer to rare or out-of-pattern activities such as traffic accidents, quarrels, theft, or

unusual behaviors different from standard patterns. Due to their rarity and uncertainty, anomaly

detection is a challenging problem, particularly in highly complex real-world scenarios where

standard activities predominantly make up the data distribution [3]. Of all types of anomalies,

violent actions are one of the most serious public safety issues. Rapid and real-time detection of

violent actions from surveillance videos plays an important role in crime prevention and evasion,

such as assault and robbery.

Automated Teller Machine (ATM) violence detection is one of the main application areas where

human subjects are exposed to, and early intervention can prevent serious injury or financial

loss [4].

Furthermore, violence detection now finds an appropriate role in highly sensitive environments,

such as schools, where early detection of bullying or fights can save injured students and prevent

further escalation [5].

Even hospitals, which are considered safe and quiet places, become hotspots of violence against

doctors, medical personnel, and even patients, and automated systems to detect violence become

a necessary part of the provision of safe working conditions. In addition to these environments,

public environments, such as parks, public transport hubs, nightclubs, and bars, are generally areas

where violent fights can occur, especially during weekends or festive periods. Human monitoring

of such sites is usually inefficient due to the large number of video feeds and the limited human

vigilance capacity. Automated video analytics technology based on sophisticated AI algorithms

can help security staff by providing real-time alerts, which would facilitate faster responses and

possibly save lives. SeveralAI-based models have been proposed to deal with this type of scenario.

For instance, Convolutional Neural Networks (CNNs), Recurrent Neural Networks (RNNs), and

3D Convolutional Networks (3D-CNNs) that can extract spatial and temporal features from video

sequences [6].

Even weakly supervised and unsupervised learning methods have become popular due to their

ability to be trained from unlabeled or partially labeled data, decreasing the reliance on expensive

annotations [7].

In this study, the recognition of anomaly and aggressive behavior of security cameras is

addressed through a deep learning framework. We seek to create an automated feature extraction

framework that can efficiently recognize abnormal and aggressive behaviors from live video

streams, aiding human operators during real-time surveillance and boosting security management

overall.We design a hybrid model where deep spatial-temporal feature extraction is integrated with

a hierarchical game-theoretic decision process.

The Stackelberg game theory (or the Stackelberg model) is a branch of non-cooperative game

theory that analyzes situations in which one player (the leader) decides first, while the other players

(the followers) react after observing this decision.

This framework is widely used in economics, industrial strategy, optimization, and even in the

control of electrical networks or multi-agent systems. It describes hierarchical decision-making

where anticipation and reaction are key elements of strategic interaction. However, this method

has never been used in the field of vision or image processing.

In the Stackelberg game framework, the interaction between the leader and the follower can be

expressed as a hierarchical optimization process. A Stackelberg equilibrium corresponds to a pair
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of strategies (q∗1, q
∗
2) that satisfy the following conditions, where the symbolR denotes the reaction

function, representing the optimal response of the follower to the leader’s decision:q∗2 = R2(q
∗
1), the follower maximizes its payoff given q∗1,

q∗1 = argmaxq1 fL(q1, q
∗
2), the leader maximizes its profit by anticipating this reaction.

Inspired by this theory, we introduce an original fusion framework, leveraging two

complementary deep 3D Convolutional Neural Networks, namely I3D (Inflated 3D ConvNet) and

C3D (Convolutional 3D Network). Inspired by the Stackelberg game model, our method describes

the inference pipeline as a sequential decision-making game in which the I3D model is described

as a leader due to its strong ability to model deep spatio-temporal dynamics, and the C3D model is

described as a follower, which intervenes judiciously when the leader exhibits uncertainty during

prediction.

A pre-established confidence threshold adaptively governs this interaction: high-confidence

leader outputs are accepted without modification, whereas low instances are forwarded to the

follower, which provides a second level of analysis. This confidence-aware Stackelberg mechanism

optimally balances its detection performance with its computational complexity, with this balance

being sensitively tuned according to changes in scene complexity and video quality. Our proposed

system aims to provide a scalable and robust solution for violence detection in real-world

surveillance scenarios that can be practically deployed.

The paper is structured as follows. First, we provide a comprehensive review of related work

to situate our contribution in the context of existing approaches. We then describe the proposed

methodology in detail, including the theoretical background and implementation of the fusion

strategy. This is followed by an experimental evaluation on a real-world dataset to assess the

performance of our method relative to baseline models. Finally, we discuss the implications of

our findings and suggest directions for future research.

2 Related Work

Smart city video surveillance networks increasingly utilize automated classification to identify

violence in real time, with the potential to improve public safety and reduce human operator

workload. Recent advances in AI and machine learning have led to faster and more accurate

violence detection even in challenging public areas. This section presents a comprehensive review

of deep learning and computer vision techniques deployed on video for violence detection, which

seek to solve fundamental issues of accuracy, effectiveness, and real-time application in challenging

public settings.

2.1 Feature Extraction Techniques and Machine Learning

Previous works employ attributes such as the Histogram of Oriented Gradients (HOG) and

Optical Flow, and machine learning-based classifiers such as Support Vector Machines (SVM)

are commonly used to identify violence from video frame features [8].

HOG features are also used to extract low-level features from video frames, which are further

classified through several machine learning algorithms, such as SVM. This method has revealed

notable increases in the accuracy to detect violence in surveillance applications, reaching 86%

accuracy when Random Forest classifiers were used [9].

SVM, a popular supervised classification model, was successfully implemented in tandem with

dynamic image methods and the Bag of Visual Words framework to identify violence and achieve

high accuracy from varied data sets [10]. Optical flow features were utilized to obtain motion

information, which is a pivotal element in identifying violent behavior. Visual features were further

refined through techniques that utilize the Motion-Guided Attention Module (MGAM) based on

optical flow, increasing the accuracy of the recognition of violent action of video sequences [11].
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2.2 Deep Learning Approaches

Current developments have progressed to deep learning models that exhibit higher accuracy than

conventional approaches. Deep learning technologies have enabled real-time video surveillance to

develop intelligent video surveillance systems that independently classify human behavior [12].

Convolutional Neural Networks (CNNs) automatically extract spatial features from video frames

and significantly improve detection performance. CNNs are also used to extract spatial features

from individual frames, which are then sent through additional layers to be classified. Pre-trained

networks like VGG-19, Inception-v3, ResNet-50, DenseNet121, and MobileNetV2 are popular

feature extractors [13]. For instance, a pre-trained model of ResNet-50 extracts features, which can

be sent through a ConvLSTM block [14].

3D CNNs and Long Short-Term Memory (LSTM) Models such as VioNet combine 3D CNNs

with Bidirectional LSTM to capture spatio-temporal features, achieving high accuracy rates (up to

97.85%) on various datasets [6].

Aremu et al. [15] introduced SSIVD-Net, a novel framework for the detection of weaponized

violence in surveillance footage. Their work proposed the Smart-City CCTV Violence Detection

(SCVD) dataset, specifically designed to capture both weaponized and non-weaponized violent

behaviors. To address the computational and spatial–temporal challenges of 3D CNNs, they

developed the Salient Super Image (SSI) technique, which converts video sequences into salient

2D composite images, thus reducing data dimensionality and improving inference efficiency.

Furthermore, they designed the Salient-Classifier, a kernelized residual architecture that combines

polynomial and Gaussian kernels for enhanced discrimination between classes of close violence.

Experimental results demonstrated that SSIVD-Net significantly outperformed existing 3D

CNNs and ConvLSTM-based models, achieving state-of-the-art accuracy on the SCVD and

benchmark datasets.

2.3 Hybrid Models

The issue of recognizing violence in video recordings through an aggregation of disparate kinds of

features has remained paramount in recent research, particularly in application scenarios involving

youth protection agencies and police departments [16]. The latest research focuses more on the

integration of disparate types of data inputs, specifically visual information, audio signals [17],

and behavioral movements, in an effort to achieve more robust and accurate detection systems.

One common strategy is to use deep learning architectures to individually extract each modality

and then fuse the said representations to produce a classification [18]. The integration of visual

and auditory information is done with greater precision, considering the complementary nature of

these cues. Recent and more sophisticated methods of neural network architecture with attention

modules [17], bilinear pooling, and mutual learning to combine these features are more efficient

compared to previous methods.

Multilevel Feature Fusion focuses on the extraction of subtle details and complex features of

violent actions [19]. Systems that extract appearance and motion features using CNNs and LSTM

networks on sequences of frames exhibit robust performance.

Recent research combines lightweight CNNs such as MobileNetV2, EfficientNet-B0, and

ResNet50V2, with layers of LSTM (Long Short-Term Memory) or GRU (Gated Recurrent Unit)

to achieve efficient real-time performance, even on embedded devices [20].

Graph neural networks and action knowledge graphs model relationships between features and

temporal context, enabling real-time and robust violence detection [21].

3 Proposed Methodology

For video data classification, we use the two well-known 3D Convolutional Neural Networks

(3D CNNs): I3D (Inflated 3D ConvNet) [22] and C3D [23]. Both models have spatial-temporal
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processing capabilities, although they differ substantially in design and operational characteristics.

To improve the system’s robustness, we introduce a hierarchical fusion approach based on

predictive confidence. With this model, fusion defines the I3D model as the primary predictor

and C3D as the adaptive secondary model for uncertain cases, making the system resilient for the

detection of a real-life video violence.

3.1 Overview of I3D and C3DArchitectures

A key distinction between image-based and video-based data lies in the temporal dimension

present in videos. To effectively capture this temporal information, deep learning architectures have

evolved to incorporate 3D processing techniques. This study highlights the architectural shift from

static image analysis to spatio-temporal video analysis, with a particular focus on the I3D and C3D

models as representative examples.

I3D model: proposed by DeepMind and researchers at Oxford University in the article ”Quo

Vadis, Action Recognition? A New Model and the Kinetics Dataset” [22], puts forward a different

way of action recognition from videos. The authors discuss early methods and describe an

architecture that expands ordinary 2D convolutional networks to the time domain. In particular,

their strategy inflates all 2D convolutional and pooling kernels by adding a third dimension,

time-changing square filters of size N × N to cubic filters of size N × N × N . In this way,

the mentioned inflation creates spatio-temporal patterns fundamental to video comprehension that

the model can capture. The Key Features of this model are: (1) based on an Inflated Inception-v1

backbone, (2) pre-trained on large-scale video data such as Kinetics-400†, (3) handles short-term as

well as long-term video sequence dependencies, and (4) high computational complexity yet better

generalization.

C3D model: The C3D model was developed in video action recognition and was described in

the article ’Learning Spatiotemporal Features with 3D Convolutional Networks’by Tran et al. [23].

Unlike 2D CNNs, which only analyze still images or short clips, C3D processes sections of video

with 3D convolution. It captures visual information and motion dynamics over time in a set of

adjacent frames since its architecture extends 2D convolutions to 3D. C3D obtains meaningful

spatiotemporal features in fixed-length clips and learns from the raw RGB data, which means it

does not rely on optical flow or hand-crafted features relying on prior work. The relative lightness

of its architecture as compared to deeper models is offset by the fact that its span of captured context

is limited to the short term.

3.2 Our Confidence-Guided Model Fusion Approach

Although both C3D and I3D showed excellent video comprehension, each model has its intrinsic

shortcomings. I3D tends to perform poorly in noisy inputs, whereas C3D usually lags behind in

modeling long-range temporal relationships. Since no model is optimal for all cases, we introduce

a confidence-based fusion methodology that adaptively exploits both models according to their

respective strengths. The system responds variably to different input circumstances and model

performance: when I3D makes a high-confidence decision, its output dominates to take advantage

of its powerful spatio-temporal reasoning. However, if its confidence is below a pre-specified value,

the fusion process transitions towards C3D, which, although incapable of modeling long-term

relationships, provides stable short-term motion comprehension. The adaptive system responds

flexibly to different input circumstances andmodel performance. Our fusionmechanism is formally

grounded in the Stackelberg game model, originally proposed by Heinrich von Stackelberg in

1934 [24]. As already was mentioned, this model describes situations with a leader and a follower

† Kinetics400 Dataset: The Kinetics Human Action Video Dataset
https://academictorrents.com/details/184d11318372f70018cf9a72ef867e2fb9ce1d26

35



acting in a hierarchy, in which the leader makes the first move and the follower optimally reacts

after seeing the leader move.

We model the inference process as a sequential decision game (see the pipeline in Figure 1):

Collaboration is regulated by a confidence threshold θ: the I3D model’s confidence score

surpassing θ means its prediction is considered the most accurate. Otherwise, the C3D model is

granted the opportunity tomake a compensatory decision based on its distinct feature representation

in relation to the leader’s uncertainty.

Our inference procedure in this example is structured following a hierarchical method. This

structuring minimizes dependence on any single model and smooths out issues that arise when

a model performs sub-optimally. Additionally, this form of combining models is amenable to

practical real-world operational limitations, allowing a balancing of computational cost, time to

inference, and classification robustness.

In general, this proposed fusion method improves reliability and provides an extendable

framework that is suitable for high-complexity, high-stakes applications, such as recognizing

violent activity from surveillance videos.

Input Video

I3D Model
(Leader Prediction)

Confidence > θ ?
C3D Model

(Follower Prediction)

Final Class Prediction

Feature Extraction

Softmax + Confidence

Yes: I3D Decision

No

Fallback to C3D

Figure 1. Pipeline of Fusion Strategy

3.3 Mathematical Formulation of the Theoretical Contribution

Let X denote the input video space and Y = {1, . . . , K} the set of class labels. Given a video

sample x ∈ X , two deep models are used:

fL(x) : X → RK (I3D: Leader model), (1)

fF (x) : X → RK (C3D: Follower model). (2)

Each model produces a vector of logits that represents the unnormalized evidence for each class.

The corresponding probability distributions are obtained by applying the softmax operator:

pL(x) = σ(fL(x)), pF (x) = σ(fF (x)), (3)

where σ(·) denotes the softmax function.
The leader model’s confidence is defined as the maximum softmax probability:

cL(x) = max
y∈Y

pyL(x), (4)
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and its predicted label is given by:

ŷL(x) = argmax
y∈Y

pyL(x). (5)

Analogously, the follower prediction is the following:

ŷF (x) = argmax
y∈Y

pyF (x). (6)

The proposed fusion framework models inference as a sequential decision process:

ŷ(x) =

{
ŷL(x), if cL(x) ≥ θ,

ŷF (x), otherwise,
(7)

where θ ∈ [0, 1] denotes a pre-specified confidence threshold. This threshold regulates the

hierarchical collaboration between both models.

From a game-theoretical point of view, the decision-making can be formulated as follow:

G = 〈{L, F},SL,SF , UL, UF 〉,

where:

• L (the leader) corresponds to the I3D model, responsible for global spatio-temporal reasoning,

• F (the follower) corresponds to the C3D model, which reacts to the leader’s uncertainty,

• SL and SF are their respective strategy spaces (predict or defer),

• UL and UF denote their utility functions, related to confidence-based accuracy.

The leader acts first, generating an action aL = (ŷL, cL). Upon observing aL, the follower reacts
according to:

a∗F (aL) =

{
NoAction, if cL ≥ θ,

Predict ŷF , if cL < θ.
(8)

The final decision of the system follows the equilibrium of this hierarchical interaction, as

formalized in Equation 7. Operationally, the fusion algorithm implemented in our system can be

described as:

∀x ∈ X :


Compute pL(x) = σ(fL(x))

If max(pL(x)) ≥ θ, return ŷL(x)

Else, compute pF (x) = σ(fF (x)) and return ŷF (x)

(9)

This adaptive hierarchical fusion effectively leverages the complementary capabilities of both

networks: the I3D (leader) dominates when confident, exploiting long-term temporal dependencies,

while the C3D (follower) compensates in uncertain cases by emphasizing short-term motion

dynamics.

Mathematically, the inference objective can be expressed as minimizing the expected

classification risk under a hierarchical policy:

ŷ(x) = argmin
y∈Y

EM∈{L,F}
[
L(y,M(x))

]
, (10)

where model selectionM(x) follows the Stackelberg rule in Equation 7.
Therefore, the proposed fusion provides a rational and interpretable framework for

combining heterogeneous video classifiers, uniting robustness, and spatio-temporal reasoning in

a principled manner.
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3.4 Algorithm and Illustrative Example

The fusion procedure is formally described inAlgorithm 1. It ensures that predictions are primarily

driven by the stronger model (I3D) while adaptively leveraging the secondary model (C3D) in

ambiguous cases, yielding a robust framework for real-world violence detection in videos.

To better illustrate the decision-making process, we present a concrete numerical example using

softmax output probabilities from both I3D and C3D models.

Scenario Description: Consider a video clip V processed by both I3D and C3D models. The

softmax output probabilities from the I3D model are as follows:

pI3D = [0.10, 0.85, 0.05], (11)

where each element corresponds to the predicted probability for the classes Normal, Violence,

and Weaponized, respectively.

Step 1: Compute I3D Confidence. The confidence score of I3D is the maximum softmax

probability:

CI3D = max(pI3D) = 0.85, (12)

which corresponds to the predicted class ŷI3D = Violence.

Step 2: Apply Decision Rule Based on Threshold θ.

• Case 1: If the confidence threshold is set to θ = 0.7, since CI3D = 0.85 ≥ 0.7, the system
directly accepts I3D’s decision:

Prediction = Violence (from I3D) .

• Case 2: If the confidence threshold is set to θ = 0.9, we have CI3D = 0.85 < 0.9, meaning
I3D’s confidence is insufficient. The system defers the decision to the C3D model.

Suppose the C3D model produces the following logits:

lC3D = [1.2, 0.5, 2.3], (13)

which, after applying the softmax function, yields:

pC3D = [0.19, 0.11, 0.70], (14)

resulting in the final class prediction ŷC3D = Weaponized.

Therefore, the final prediction is:

Prediction = Weaponized (from C3D) .

Summary: This example highlights the adaptive behavior of the Stackelberg fusion strategy:

• When I3D is sufficiently confident (CI3D ≥ θ), its prediction is accepted directly.
• When I3D is uncertain (CI3D < θ), the system relies on C3D, potentially correcting

misclassifications in low-confidence situations.
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Algorithm 1: Confidence-Aware Stackelberg Fusion Strategy

Input: Video V , I3D ModelMI3D, C3D ModelMC3D, Confidence Threshold θ
Output: Predicted Class y

1 Extract frames X from V;
2 Compute logits lI3D = MI3D(X);
3 Calculate softmax probabilities pI3D = Softmax(lI3D);
4 Identify predicted class yI3D = argmax(pI3D) and confidence CI3D = max(pI3D);
5 if CI3D ≥ θ then
6 Assign y = yI3D;
7 else

8 Compute logits lC3D = MC3D(X);
9 Predict y = argmax(lC3D);

10 return y;

3.5 Computational Complexity Analysis

In order to compare the computational efficiency of the method, we analyze its algorithmic

complexity in terms of time and space complexity.

Let MI3D and MC3D denote the two models involved in the hierarchical fusion process, where

MI3D acts as the leader andMC3D as the follower. The proposed inference mechanism evaluates an

input video V consisting of T frames, each of spatial dimension H ×W and with C channels.

1) Time Complexity. The overall time complexity of the fusion can be expressed as:

O(fI3D(T,H,W )) + I(CI3D<θ) · O(fC3D(T,H,W )),

where fI3D and fC3D denote the computational costs of the I3D and C3D forward passes,

respectively, and I(CI3D<θ) is an indicator function that activates the follower model only when the

leader’s confidence CI3D falls below the confidence threshold θ.
Since the follower is invoked only under uncertainty, the expected complexity is significantly

reduced compared to a naïve ensemble strategy where both models are executed for every input.

In practice, this leads to an average inference cost close to that of a single model, i.e.,

E[Time] ≈ O(fI3D) + pu · O(fC3D),

where pu is the empirical probability that the leader’s confidence is below θ.

2) Space Complexity. Both models are loaded in memory simultaneously during inference,

resulting in a space complexity of

O(ParamsI3D + ParamsC3D) +O(T ×H ×W × C),

which accounts for model parameters and input tensors. However, only one model at a time

performs backpropagation during training, maintaining feasible GPU memory usage.

3) Discussion. The hierarchical structure of the fusion minimizes redundant computations while

maintaining robustness. Compared to parallel ensemble methods, it achieves a favorable trade-off

between accuracy and inference time, as only onemodel is executed in amajority of cases. Thus, the

proposed method exhibits sub-linear computational growth with respect to the number of models

and maintains practical deployment feasibility on standard hardware.
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4 Experiments

4.1 Dataset Description

In this study, we used the Smart City CCTV (Closed Circuit Television)ViolenceDetection (SCVD)

dataset [15]‡, a recent benchmark focused solely on CCTV-based surveillance. Unlike prior datasets

that involve handheld or phone footage, SCVD aligns with real-world urban security conditions,

reducing distributional bias. A key feature of SCVD is the inclusion of a weaponized activity class,

which offers annotated video sequences of harmful handheld objects beyond typical firearms or

knives. To our knowledge, SCVD is the first public video dataset that combines violence and

weapon detection in CCTV contexts, making it a relevant benchmark for smart city threat analysis.

4.2 Development Environment

All experiments were conducted on a workstation with Ubuntu 22.04.5 LTS (64-bit) and Linux

kernel 6.8.0-85-generic. The hardware configuration included an Intel Core i7-7700K CPU

(8 cores, 4.5GHz), 32GBRAM, and a dual-GPU setup comprising an integrated Intel HDGraphics

630 and a discrete ASUS DUAL GeForce RTX 3060 12G GDDR6.

For comparison purposes, some initial experiments were also performed on Google Colab with

a Tesla T4 GPU on the free-tier configuration. Yet this arrangement was considerably slower in

latency and more time-consuming in training, mainly due to resource sharing and session time

limitations of the free version. Additionally, from both a practical and ethical point of view, it is

more appropriate to process video streams directly on a secured local server for surveillance, where

data sensitivity and privacy are of paramount importance.

The proposed deep learning framework was implemented in Python 3.10 with the support of core

libraries such as PyTorch, TorchVision, and PyTorchVideo for model construction and training,

NumPy and Pandas for data manipulation, and Matplotlib and Seaborn for statistical visualization.

The OpenCV library was used for frame extraction, temporal sampling, and image preprocessing

from raw video feeds. This computing environment ensured both efficiency and reproducibility for

all experiments.

4.3 Training and Fine-Tuning Models

Although both I3D and C3D are pre-trained on large-scale generic video datasets, domain shift is

inevitable when applying these models to specialized tasks such as violence detection. Pre-trained

features often capture general motion patterns and visual semantics that may not directly translate

to the unique characteristics of violent or weaponized scenes.

Fine-tuning is therefore essential to bridge this domain gap. By updating all model parameters

during training on the target dataset, the models can adapt their internal representations to

capture task-specific discriminative cues such as aggressive movements, human interactions,

and contextual objects indicative of violence. This process allows the models to retain valuable

low-level spatio-temporal priors from pretraining while refining their high-level feature extraction

towards the target classes.

Figure 2 illustrates the progression of training loss for the I3D and C3D models over 10 epochs.

In general, both models exhibit a sharp decrease in loss within the first few epochs, indicating rapid

learning during the initial training phase. Specifically, the I3Dmodel demonstrates a steeper decline

in loss, dropping from 0.5379 in epoch 1 to 0.0437 by epoch 5, followed by smaller fluctuations

in later epochs. In particular, a minor increase is observed at epoch 6 (0.0590), which might be

attributed to overfitting or local minima, before decreasing again.

‡ https://github.com/tolusophy/Violence_Detection
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Figure 2. Training loss per epoch for I3D and C3D models over 10 epochs

Similarly, the C3D model also shows a significant drop in loss from 0.5087 to 0.0280 within

the first five epochs. However, its loss fluctuates slightly in later epochs, with minor increases at

epochs 6 (0.0716) and 7 (0.0495), before stabilizing.

The two models have similar levels of loss convergence; however after a certain number of

epochs we observed that the I3D model had a generally smoother and more stable decline. This

suggests that the potentially deeper spatiotemporal feature extraction ability of the I3D model will

allow it to converge more stably on this dataset. The moderate amounts of loss oscillation in both

models after epoch 5, suggests that these are indications of an eventual learning saturation point

in the dataset, whereby either more regularization or adjusting the learning rate would have been

required to make any further learning progress.

The fine-tuning process follows these key principles:

• The final classification layer of each model is modified by replacing the last fully connected

layer with a new linear layer matching the number of target classes (three in our case).

• We apply full fine-tuning, meaning that all layers of the network are updated during training

to allow optimal adaptation to the new domain.

• An Adam optimizer with a low learning rate (1 × 10−4) is used to ensure smooth and stable

convergence.

• We employ a Cross-Entropy Loss function, and training is performed for a fixed number of

epochs (5 epochs), with temporal subsampling of the videos (extracting 8 frames per clip).

This fine-tuning strategy enables each model to capture task-specific discriminative features

while retaining general spatiotemporal knowledge from pretraining, resulting in enhanced

classification performance on the violence detection task.

4.4 Evaluation Metrics

The performance of each model and fusion configuration was assessed using the following

metrics [25]:

• Accuracy: Overall proportion of correctly classified images.

Accuracy =
1

N

N∑
i=1

1{yi = ŷi}

where N is the total number of images, yi is the true label of image i, ŷi is the predicted label,
and 1{·} is the indicator function (equal to 1 if the condition is true and 0 otherwise).
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• Precision per class:

Precisionk =
TPk

TPk + FPk

where TPk is the number of true positives for class k, and FPk is the number of false positives

for class k.
• Recall per class:

Recallk =
TPk

TPk + FNk

• F1-score per class:

F1k = 2× Precisionk × Recallk

Precisionk + Recallk

• Macro-averaged metrics:

Precisionmacro =
1

K

K∑
k=1

Precisionk

Recallmacro =
1

K

K∑
k=1

Recallk

F1macro =
1

K

K∑
k=1

F1k

where K = 4 is the total number of classes.
• ConfusionMatrix: Provides a visual overview of classification performance across all classes,

highlighting potential misclassifications.

5 Results and Discussion

Before using the confidence aware fusion method proposed above, we first evaluated the

performance of the individual C3D and I3D pretrained networks on the new dataset. The main

quantitative results are listed in Table 1.

Table 1. Performance metrics (%) of individual models on the test set before fusion

Model Accuracy Precision (Macro) Recall (Macro) F1-Score (Macro)

I3D 91.61 91.33 91.00 91.00

C3D 85.53 85.00 86.00 85.00

Table 2. Per class Precision, Recall, and F1-score (%) of I3D and C3D

Class Support
I3D C3D

Precision Recall F1-score Precision Recall F1-score

Normal 169 99.0 85.0 91.0 84.0 80.0 82.0

Violence 118 82.0 89.0 85.0 76.0 89.0 82.0

Weaponized 190 93.0 99.0 96.0 95.0 88.0 91.0

The I3D model achieved a global accuracy of 91.61%, demonstrating strong performance,

particularly in recognizing the Normal andWeaponized classes with high precision (99% and 93%,

respectively) and high recall (85% and 99%, respectively). However, for the Violence class, while

the recall remained high, 89%, the precision was comparatively lower, 82%, suggesting a tendency
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to produce more false positives for this category. The corresponding F1 scores indicate balanced

performance in general, with a macro-average F1 score of 91%.

In contrast, the C3D model exhibited a lower overall accuracy of 85.53%. It maintained

reasonable performance on theWeaponized class with a precision of 95% but showed a noticeable

drop in precision for the Normal 84% and Violence 76% classes. Interestingly, the C3D model

demonstrated a similar recall of 89% to I3D for the Violence class, but at the cost of precision,

leading to a less balanced F1 score profile. The macro average F1 score reached 85%, confirming

that while C3D remains effective in certain contexts, it is overall less robust than I3D in capturing

the full spectrum of spatio-temporal features present in the dataset.

Figures 3a and 3b present the confusion matrices of the I3D and C3D models, respectively,

illustrating their prediction behavior per class on the SCVD dataset. Both architectures show solid

overall performance but differ in their handling of temporal information and inter-class ambiguity.

The I3D model, shown in Figure 3a, correctly classifies 144 Normal, 22 Violence, and 3

Weaponized samples. It demonstrates a strong ability to recognize weaponized activities, with very

few misclassifications between the Violence and Weaponized classes. However, a small number

of violent clips are incorrectly categorized as normal, indicating a limitation in capturing fine

short-term motion details.

(a) Confusion matrix of the I3D model, showing per-class prediction

accuracy across Normal, Violence, and Weaponized classes.

(b) Confusion matrix of the C3D model, emphasizing class-level

misclassifications and temporal bias.

Figure 3. Side-by-side comparison of I3D and C3D confusion matrices illustrating complementary

classification patterns.

The C3D model, illustrated in Figure 3b, records 136 correctly predicted Normal samples, 32

correctly identified Violence clips, and a single misclassified Weaponized instance. Compared to

I3D, C3D is more sensitive to local motion variations, which results in better recognition of violent

actions. However, it sometimes confuses violent and nonviolent sequences in situations involving

occlusion or subtle motion, leading to slightly higher error rates in the normal category.

In general, the confusion matrices highlight the complementary nature of the two models. I3D

performs better at capturing long-term temporal dependencies, while C3D focuses more effectively

on short-termmotion cues. These observations support the need for a hierarchical confidence-based

fusion approach that unifies both perspectives to achieve balanced and robust performance across

all classes.

5.1 Qualitative Evaluation of I3D and C3D Models Prior to Fusion

To complement quantitative performance analysis, we conducted a qualitative evaluation of both

the I3D and C3D models before applying the fusion strategy. The objective of this qualitative
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assessment is to visually examine the decision-making behavior of each model when faced with

correctly and incorrectly classified video samples from the test set.

For this purpose, we randomly selected two test videos that were correctly classified and two

test videos that were incorrectly classified by each model (I3D and C3D), without any retraining.

The video samples were then visualized through representative keyframes to better understand the

strengths and limitations of each model.

Keyframes were extracted from each video sequence by uniformly sampling a fixed number

of frames across the temporal axis. Specifically, for each video clip consisting of T frames, we

selected k = 4 keyframes at regular intervals to provide a compact yet informative summary of the
temporal evolution of the video content. This approach allows for an efficient qualitative inspection

of both spatial and temporal patterns without requiring full video playback.

The qualitative results are presented in Figures 4 and 5, where each figure displays the selected

keyframes for correctly and incorrectly classified examples. The title of the image indicates the

predicted and true class labels, facilitating an intuitive understanding of model behavior.

Figure 4. Representative keyframes of correctly and incorrectly classified examples by the I3D model. Each

row corresponds to a video sequence, with frames sampled uniformly from the clip. The predicted and true

class labels are indicated above each set of frames.
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Figure 5.Representative keyframes of correctly and incorrectly classified examples by the C3Dmodel. Each

row corresponds to a video sequence, with frames sampled uniformly from the clip. The predicted and true

class labels are indicated above each set of frames.

From these visualizations, we observed that the I3D model tends to capture more discriminative

spatio-temporal patterns, particularly for complex actions, whereas the C3D model occasionally

misinterprets scenes with ambiguous or subtle motion cues. This qualitative inspection corroborates

the quantitative findings and further motivates the integration of a fusion strategy to leverage the

complementary strengths of both models.

The images above illustrate a misclassification made by the models. For instance, in the case

of the C3D (Convolutional 3D) model, the video sequence shows a normal scene featuring a

senior individual walking on a rainy street using a cane for support. Despite the absence of

aggressive or suspicious behavior, the model incorrectly predicted the scene as Weaponized. This

false positive indicates that the model might have misinterpreted the walking cane as a potential

weapon, probably due to limitations in its training data or the sensitivity to feature extraction.

Such errors emphasize the necessity of improving context awareness in action recognition models,

especially in safety-critical applications.
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5.2 Quantitative Fusion Performance Results

Following the individual evaluation of the I3D and C3D models, we implemented a trust-based

fusion strategy to combine their predictive outputs. The primary goal of this fusion approach is to

capitalize on the complementary strengths of both models andmitigate their individual weaknesses.

Specifically, we employed a confidence threshold mechanism, where the decision of the I3Dmodel

is prioritized when its confidence exceeds a predefined threshold, otherwise the C3D model’s

prediction is utilized.

The fusion method was evaluated with various confidence threshold values ranging from 0.4

to 0.8 to assess its impact on classification performance. The evaluation metrics included global

accuracy, class-wise precision, recall, and F1 score. The results demonstrate a notable improvement

in overall performancewhen combining the twomodels, with optimal results obtained at a threshold

of 0.5.

In the following subsection, we provide a detailed quantitative comparison of global accuracy

between individual models and the fusion approach, highlighting the performance gains achieved

through the proposed strategy.

5.2.1 Global Accuracy Comparison

Table 3 summarizes the overall classification accuracy achieved by the individual models (I3D,

C3D) and the proposed Stackelberg fusion strategy across different confidence thresholds.

Table 3. Global Accuracy (%) of Individual Models and Fusion Strategy

Model Accuracy (%)

I3D 91.61

C3D 85.53

Fusion @ 0.4 92.24

Fusion @ 0.5 97.27

Fusion @ 0.6 97.06

Fusion @ 0.7 96.65

Fusion @ 0.8 96.65

As shown in Table 3, the fusion method outperforms both individual models, with the best

accuracy of 97.27% obtained at a confidence threshold θ = 0.5. This result demonstrates the
effectiveness of Confidence-aware fusion in improving classification performance by leveraging

the complementary strengths of I3D and C3D.

5.2.2 Accuracy Evolution with Confidence Threshold.

Figure 6 visualizes the evolution of global accuracy with a varying threshold θ.
The best performance is observed at θ = 0.5. A threshold too low (0.4) or too high (0.7, 0.8)

slightly degrades the accuracy, highlighting the importance of tuning θ for optimal performance.

5.2.3 Class-Wise Precision, Recall, and F1-Score.

Tables 4, 5, and 6 report precision, recall, and F1 score per-class, respectively, for the three classes:

Normal, Violence, and Weaponized.
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Figure 6. Global Accuracy Evolution across Confidence Thresholds

Table 4. Per class precision (%)

Model Normal Violence Weaponized

I3D 99.0 82.0 93.0

C3D 84.0 76.0 95.0

Fusion@0.4 99.0 83.0 93.0

Fusion@0.5 100.0 99.0 94.0

Fusion@0.6 100.0 99.0 94.0

Fusion@0.7 99.0 99.0 94.0

Fusion@0.8 98.0 99.0 94.0

Table 5. Per class recall (%)

Model Normal Violence Weaponized

I3D 85.0 89.0 99.0

C3D 80.0 89.0 88.0

Fusion@0.4 87.0 89.0 99.0

Fusion@0.5 100.0 90.0 99.0

Fusion@0.6 100.0 89.0 99.0

Fusion@0.7 100.0 88.0 99.0

Fusion@0.8 100.0 88.0 99.0

Table 6. Per class F1-score (%)

Model Normal Violence Weaponized

I3D 91.0 85.0 96.0

C3D 82.0 82.0 91.0

Fusion@0.4 92.0 86.0 96.0

Fusion@0.5 100.0 94.0 97.0

Fusion@0.6 100.0 94.0 96.0

Fusion@0.7 99.0 93.0 96.0

Fusion@0.8 99.0 93.0 97.0
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5.2.4 Discussion

The results indicate that the Stackelberg fusion significantly enhances both overall and class-wise

performance metrics. The improvement is especially pronounced in the Violence class, where

precision increases from 82% (I3D) and 76% (C3D) to 99% at θ = 0.5, and the F1 score improves
from 85% (I3D) to 94%.

Interestingly, for the Normal class, both precision and recall reach 100% at θ = 0.5, showing
a perfect classification for typical scenes. The Weaponized class also maintains a high recall 99%

across all fusion thresholds while improving the F1 score compared to C3D alone.

5.3 Comparison with State-of-the-Art Approaches on the SCVD Dataset

To assess the effectiveness of the proposed hierarchical confidence-aware fusion framework, we

conducted a comparative evaluation against several state-of-the-art approaches using the Smart

City CCTV Violence Detection (SCVD) dataset. The selected baselines, also examined in [15],

include the Flow-Gated Network (FGN) [26], ConvLSTM [27], and separable ConvLSTM [28], as

well as the more recent SaliNet and SSIVD-Net models [15]. The results are reflected in Table 7.

Among earlier approaches, the Flow-Gated Network (FGN) [26], which integrates 3D

convolutional operations to analyze motion through optical flow representations, achieved a

peak accuracy of 74.4%. LSTM-based architectures, ConvLSTM [27] and SepConvLSTM [28],

reported accuracies of 71.6% and 78.4%, respectively. These recurrent frameworks employ

dynamic 2D convolutional filters derived from pre-trained backbones to capture spatial cues within

individual frames, which are then temporally aggregated to model motion dynamics. Despite

their computational efficiency, these methods exhibit limited capacity to capture the fine-grained

temporal transitions that differentiate weaponized from non weaponized violent activities.

In contrast, recent SaliNet and SSIVD-Net architectures [15] demonstrated superior performance

by adopting a novel Salient classifier built on a ResNet-inspired residual framework and

Kervolution-based layers (KConv2D). Specifically, SaliNet introduces a minimal block structure

designed to enhance the extraction of salient motion characteristics while maintaining energy

efficiency. Among these variants, SaliNet-2m and SaliNet-4m achieved an accuracy of 86.6% and

83.1%, respectively, outperforming previous FGN and SepConvLSTM methods.

Our proposed method, the Hierarchical Fusion of 3D CNNs with Confidence Awareness,

significantly extends these previous approaches by integrating two complementary 3D CNNs I3D

and C3D through a Stackelberg game-theoretic fusion strategy. This confidence-aware hierarchical

mechanism dynamically delegates the prediction task based on model confidence, enabling

adaptive reasoning over complex spatio-temporal patterns. The approach achieved a maximum

accuracy of 97.27% in the SCVD dataset, surpassing all baselinemethods by a considerable margin.

Table 7.Comparison of state-of-the-art methods on the SCVD dataset in terms of classification accuracy (%)

Method Year Accuracy (%)

Flow-Gated Network (FGN) [26] 2020 74.4

ConvLSTM [27] 2017 71.6

Sep-ConvLSTM [28] 2021 78.4

SaliNet-4m [15] 2024 83.1

SaliNet-2m [15] 2024 86.6

Proposed Hierarchical Fusion (I3D + C3D) 2025 97.27

The comparison summarized in Table 7 highlights a consistent progression in accuracy

across successive architectures, culminating in the proposed confidence-aware hierarchical

fusion model. This substantial improvement demonstrates the benefit of incorporating multilevel

temporal reasoning and adaptive confidence-based inference for real-world smart city surveillance

applications.
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6 Conclusion and Future Perspectives

Distinguishing aggressive and threatening behaviors within high-temporal-resolution urban

surveillance networks remains a challenging task. This study proposed an innovative decision-level

fusion framework that integrates confidence evaluation and hierarchical model synchronization.

The approach is inspired by game theory and exploits the complementary strengths of two

state-of-the-art deep learning architectures: I3D, which excels in deep spatial-temporal reasoning,

and C3D, which specializes in capturing short-term motion dynamics.

In the proposed framework, the I3D model acts as the primary decision-maker, while the C3D

model is invoked whenever the confidence score of the leader model falls below a predefined

threshold. This confidence-driven delegation process enhances the system’s robustness in uncertain

environments, enabling accurate decision-making within near real-time constraints.

The system was evaluated on a three-class surveillance dataset comprising normal, violence,

and weaponized categories. Experimental results demonstrated that the hierarchical fusion strategy

performs consistently in individual models. The proposed method achieved an overall accuracy

of 97.27% at a confidence threshold of 0.5, with significant improvements in the F1 scores for

the Violence and Weaponized classes. Thus, it largely surpasses the best-performing modern

baselines. Specifically, our approach improves on SaliNet-2m (86.6%) [15] by approximately

+10.7%, and on SepConvLSTM (78.4%) [28] by about +18.9%, representing a consistent and

significant performance gain over recent approaches. These findings confirm the effectiveness of

confidence-based fusion in achieving stable and context-sensitive video understanding.

Beyond the current results, several directions can be explored in future work. First, the

framework can be tested on additional public video surveillance datasets, such as UCF-Crime-DVS

dataset [29] , to assess its generalization capabilities across different recording conditions and visual

domains. Second, integrating distributed streaming platforms such as Apache Kafka would allow

continuous data ingestion and adaptive model coordination, facilitating large-scale deployment in

smart city infrastructures. Furthermore, utilizing multi-threading and asynchronous data pipelines

could enhance the system’s responsiveness, making it suitable for real-time monitoring scenarios

with multiple simultaneous video streams.
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