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1  Introduction

Physical aggressions are a significant issue in our society, 
impacting individuals globally. This problem affects mul-
tiple facets of life, including direct victims and their mental 
health [1], their families, communities, and the everyday 
functioning of society (e.g., mobility, tourism, and com-
merce) [2]. The causes of aggressive behaviour are diverse 
and include difficulties in emotional regulation, interper-
sonal conflicts [3], as well as socio-economic and demo-
graphic factors [4]. While long- and medium-term social 
interventions have been proposed, real-time video violence 
detection using artificial intelligence (AI) offers a direct 
and scalable technological solution to safeguard victims, 
reduce human costs, and enable continuous monitoring [5]. 
In this work, the term violence refers to actions involving 
physical aggression, as defined by human annotations in 
the benchmark datasets. Accordingly, the role of artificial 
intelligence is to approximate this human-level labeling 
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Abstract
Video violence detection using artificial intelligence plays a key role in public safety applications. Although convolutional 
and recurrent neural networks are widely adopted for this task, the actual contribution of temporal modeling over strong 
frame-level representations remains insufficiently analyzed. This work provides a systematic study of video violence 
detection models under a unified experimental framework. We investigate whether violence can be reliably detected from 
individual frames without explicit temporal modeling, evaluate the effectiveness of combining CNNs with LSTM and 
Bi-LSTM layers, and analyze the impact of architectural and hyperparameter choices, including neuron configuration and 
backbone selection (VGG-16 vs. VGG-19). Experiments are conducted on three widely used benchmark datasets. Our 
results show that frame-level analysis using a pre-trained VGG-19 network, combined with a simple aggregation strategy, 
achieves competitive performance, reaching 95% accuracy on Hockey Fights and 96% on Violent Flow. While Bi-LSTM 
layers can provide moderate improvements of up to 4% over standard LSTM models in certain datasets, these gains are 
not consistent across all scenarios. Furthermore, variations in hyperparameter configurations do not systematically lead to 
improved performance. Overall, this study highlights that increased architectural complexity does not always translate into 
better results and that, in several cases, simple frame-based approaches can rival more complex temporal models. These 
findings provide practical insights into the cost–benefit trade-off of temporal modeling for video-based violence detection.
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rather than to provide an absolute or universal definition 
of violence. Among the algorithms used for AI-based 
video violence detection, a dominant approach combines 
Convolutional Neural Networks (CNNs) for spatial fea-
ture extraction with Long Short-Term Memory (LSTM) 
layers for temporal modeling [6]. Despite their strong 
performance, several important challenges remain insuf-
ficiently explored. In particular, it is still unclear whether 
explicitly modeling temporal dependencies is always nec-
essary when strong frame-level spatial representations are 
available. A key open challenge is to determine whether 
violence detection based solely on frame-by-frame CNN 
inference can achieve performance comparable to CNN–
RNN architectures. Furthermore, although several studies 
report improvements when combining CNNs with LSTM 
or Bi-LSTM layers, the actual contribution of bidirectional 
temporal modeling and the sensitivity of these architectures 
to hyperparameter choices (such as the number of recurrent 
neurons) are not yet well understood. Additionally, most 
existing works rely on VGG-16 as the backbone for spa-
tial feature extraction, while deeper architectures such as 
VGG-19 have received comparatively little attention. This 
raises the question of whether increased representational 
depth can compensate, at least partially, for simplified or 
absent temporal modeling.

Based on these considerations, the main motivations of 
this study are:

	● To systematically compare frame-by-frame CNN-based 
violence detection against CNN–RNN architectures un-
der a unified experimental framework.

	● To assess the actual performance gains obtained by inte-
grating CNNs with LSTM and Bi-LSTM layers, beyond 
commonly reported accuracy improvements.

	● To analyze the impact of architectural and hyperparam-
eter choices, particularly the number of neurons in re-
current and dense layers, on model performance.

	● To investigate whether the increased depth of VGG-
19 provides more discriminative spatial features than 
VGG-16 for video violence detection.

In contrast to previous works, this study does not aim to 
introduce a new or more complex architecture, but rather 
to provide a systematic and controlled analysis of archi-
tectural design choices for video violence detection. The 
novelty of this work lies in demonstrating that competi-
tive performance can be achieved using simple frame-
level representations based on VGG-19, even in the 
absence of explicit temporal modeling. In addition, we 
explicitly compare the behaviour of VGG-16 and VGG-
19 in order to assess whether increased network depth 

leads to consistent performance gains. The study further 
analyzes the impact of architectural and hyperparameter 
choices, including the number of neurons in recurrent 
and dense layers, on overall performance. Moreover, we 
compare LSTM and Bi-LSTM architectures under identi-
cal experimental conditions to quantify the actual benefit 
of bidirectional temporal modeling. Finally, by evaluat-
ing all configurations across multiple benchmark datasets 
within a unified experimental framework, this work pro-
vides reproducible insights into how dataset characteris-
tics and model complexity jointly affect performance in 
video violence detection.

To address these objectives, three architectures are 
designed based on a VGG-19 network pretrained on 
ImageNet:

	● VGG-19 combined with a handcrafted aggregation 
strategy based on a minimum number of violent frames.

	● VGG-19 combined with LSTM layers for temporal 
modeling.

	● VGG-19 combined with Bi-LSTM layers to evaluate bi-
directional temporal dependencies.

Each architecture is trained using multiple configurations of 
recurrent and dense layer neurons to study their influence on 
performance. The proposed models are evaluated on three 
widely used benchmark datasets for video violence detec-
tion, and their results are compared against state-of-the-art 
CNN–RNN approaches.

Overall, the structure of the paper is as follows. Sec-
tion  2 presents the state of the art and discusses the 
main challenges in video violence detection. Section  3 
describes the proposed methodology. Section  4 reports 
and discusses the experimental results. Finally, Section 5 
presents the conclusions and outlines future research 
directions.

2  State of the art and challenges

This Section explains the state of the art of video violence 
detection by means of artificial intelligence, as well as the 
challenges and motivations of this work. Section 2.1 out-
lines the solutions that have been applied to address vio-
lence in societies. Section 2.2 outlines the basic steps for 
AI-mediated violence detection. Section 2.3 exposes the 
most widely used datasets of violence videos, as well as the 
different types of violence detection algorithms that have 
been used in the state of the art. Section 2.4 presents recent 
papers using the combination of Convolutional Nerual 
Networks (CNN) and Long Short-Term Memory (LSTM). 
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Section 2.5 discusses the challenges and motivations of this 
work based on the state of the art analyzed.

2.1  Approaches to addressing violence

This Section discusses various approaches to addressing 
physical aggression in societies. Several studies focus on 
understanding the situations or environments that provoke 
violent behavior, aiming to find long-term solutions to 
remedy these triggers [1]. Other research looks at the con-
nection between crime rates and urban environments [7]. 
However, the final defense against violence is real-time 
detection to alert authorities and gather evidence such as 
video or images for later identification of those involved.

The implementation of artificial intelligence for video 
violence detection is crucial for large-scale monitoring with-
out relying on many people to monitor cameras or patrol the 
streets [8]. This field is growing [6], driven by three key 
factors: increased use of security cameras [9], advance-
ments in big data platforms [10], and the development of AI 
algorithms [11–15] for analyzing images and videos. Video 
violence detection using AI is part of computer vision and a 
subset of human action detection, with violent actions con-
sidered anomalous due to their rarity or unexpectedness in 
social contexts.

2.2  Basic violence detection steps by means of 
artificial intelligence

This Section outlines the steps involved in training and oper-
ating a violence detection algorithm in real-time, as shown 
in Fig. 1, divided into Training and Real life situation. The 
Training phase includes using a labelled dataframe (vio-
lence and non-violence videos), where videos are typically 
cropped to ensure uniform frame count and image size. The 
data is then preprocessed into the format required by the 
detection algorithm.

Violence detection algorithms vary but generally involve 
extracting features (spatial, temporal, etc.) from videos and 
training an algorithm to learn from these features. Some 
algorithms process this in two stages (feature extraction 
followed by learning), others combine both processes, and 
some use two separate algorithms for feature extraction 
and learning. Once features are extracted, they are passed 
to a classifier that determines if the scene is violent. This 
requires testing various hyperparameter combinations and 
metrics to find the optimal structure [6].

In real-time detection, a continuous image or video stream 
is processed. The image undergoes the same preprocessing 
as the training data, ensuring compatibility with the trained 
algorithm. Since real-time analysis can be computationally 

Fig. 1  Basic steps in the implementation of video violence detection algorithms
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2.4  Violence detection using CNN and LSTM 
combination

The combination of CNN and LSTM for violence detec-
tion is the most widely used and effective architecture in 
recent research, achieving excellent performance compared 
to other methods. CNN extracts spatial features from video 
frames, which are then fed to the LSTM to capture tempo-
ral patterns [32, 33]. Within this combination, pre-trained 
CNNs are more commonly used than non-pre-trained ones.

Tables 1 and 2 summarize papers using CNN-LSTM 
combinations (or other RNNs like GRUs) [31]. The CNN 
column lists CNNs used, with 68% of the papers employ-
ing pre-trained CNNs. The LSTM column shows that 50% 
use LSTMs, 33% Bi-LSTMs, and 5.5% GRU [33–35]. Bi-
LSTMs process sequences in both directions, improving 
performance [36], and Conv-LSTMs combine convolutional 
and LSTM capabilities [37, 38]. Only one paper compares 
LSTM vs Bi-LSTM [39], showing minor improvements 
with Bi-LSTM.

The Classification column indicates the use of fully con-
nected layers (FCL) in most studies, with the SoftMax acti-
vation function typically applied. Only Jahlan et al. [37] 
use classical Machine Learning classifiers. The Train P.T. 
Layers column shows that only two papers train layers with 
violence datasets, with Sharma et al. [34] unfreezing the last 
four layers for this purpose.

The following columns describe LSTM configurations 
(layers, neurons) and dense layers (typical values: 2-4). 
However, no clear trend emerges regarding optimal layer 
combinations.

Table 2 includes columns for P.T. Uses F.C.L., indicating 
whether fully connected layers are used in transfer learn-
ing, with 6 of 10 papers omitting these layers. The Learning 
Rate column shows values between 10−2 and 10−4.

The Hockey Fight, Action Movies, Violent Flow, RWF-
2000, and RLVS columns display the test accuracy of the 
algorithms on these datasets, which are the most com-
monly used for violence detection [31]. High accuracies 
are observed for Hockey Fight and Action Movies, while 
real-world datasets like RWF-2000 and RLVS show lower 
accuracy due to varied lighting and security camera angles.

2.5  Challenges

This Section aims to establish the challenges and motivations 
of this work on the basis of the shortcomings analysed in the 
state of the art. As has been set out in this Section 2, mul-
tiple approaches have been explored to address the existence 
of physical aggression in societies worldwide, with real-time 
detection of violence being the ultimate barrier to victim 

and economically intensive, lighter techniques can be 
used to analyze only those frames likely containing vio-
lence, although extracting specific frames is optional and 
not always included in state-of-the-art approaches. Finally, 
potential violent frames are classified by the trained algo-
rithm as violent or non-violent [8].

2.3  Violence video algorithm types and datasets

The detection of violence, being an anomalous action, 
requires an optimal dataset for algorithm training. Numer-
ous datasets have emerged, with commonly used ones 
including Hockey Fights [16], Action Movies [16], Violent 
Flow [17], RWF-2000 [18], and RLVS [19].

Violence detection algorithms are generally categorized 
into Traditional Methods, using manual feature extrac-
tion and traditional Machine Learning, and Deep Learning 
Methods [20–22]. The main types include CNN, LSTM, 
Manual feature, Skeleton-based, Transformer, and Audio-
based methods.

	● CNN: CNNs extract spatial features from video frames 
for classification [23]. Advanced versions, like CNN-3D 
and CNN-4D, extract both temporal and spatial features. 
Pre-trained CNNs, such as ResNet18, improve accuracy 
[24, 25].

	● LSTM: LSTMs capture temporal features and patterns 
in violence detection. While individual LSTMs are less 
common, CNN-LSTM combinations are frequently 
used [21].

	● Manual Feature: This method involves manual extrac-
tion of features such as Local Binary Pattern (LBP) and 
Fuzzy Histogram of Optical Flow for training and clas-
sification, utilizing AdaBoost and decision trees [26].

	● Skeleton-based: These methods focus on detecting body 
positions in videos to infer violence, either through deep 
learning or manual methods. Techniques like CNN and 
SVM classifiers or Skeleton Points Interaction Learning 
(SPIL) are used [27, 28].

	● Transformer: Transformer-based architectures, like 
ViT, are used to analyze video patches for violence de-
tection. Generative adversarial networks (GANs) also 
assist in extracting motion features [29].

	● Audio-based: Audio feature extraction helps in detect-
ing violence, with methods such as Extreme Learning 
Machine (ELM) used for training, and combining audio 
with video features for enhanced analysis [30].

In summary, various algorithms are used in violence detec-
tion, often combining different approaches, particularly 
CNN and LSTM, to leverage their strengths [31].
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Table 1  Violence detection articles which use CNN and LSTM combination. Part 1
Cite CNN LSTM Classification Train P.T. 

layers
LSTM 
layers

LSTM 
neurons

Dense 
layers

Dense 
neurons

Vijeikis et al. [33] MobileNet V2 LSTM F.C.L. (N.S.) N 1 128 2 32,2
Halder and Chat-
terjee [36]

Own CNN Bi-LSTM F.C.L (N.S.) No P.T. N.S. N.S. N.S. N.S.

Aarthy and 
Nithya [40]

PT VGG-16 (ImageNet) LSTM F.C.L (Sigmoid) N 1 50 4 64,64,64,2

Mugunga et al. 
[22]

PT VGG-16 (ImageNet) Bi-Conv-LSTM F.C.L. 
(SoftMax)

N 3 256 4 1000,256,10,2

Jahlan and Elre-
faei [37]

PT MNAS CNN Conv-LSTM Random Forest, 
SVM, K nearest 
neighbour

N N.S. N.S. N 
F.C.L

N F.C.L

Traoré and 
Akhloufi [41]

Two PT EfficienNet-B0 
(ImageNet)

Bi-LSTM F.C.L. 
(Sigmoid)

N N.S. N.S. 3 N.S.

Asad et al. [35] Two PT VGG-16 
(ImageNet) + Wide 
Dense Residual Blocks 
(WDRB)

LSTM F.C.L. 
(SoftMax)

N 1 512 1 2

Gupta and Ali 
[39]

PT VGG-16 (ImageNet) LSTM/Bi-LSTM F.C.L (N.S.) N 1 64 N.S. N.S.

Ullah et al. [20] Darknet + Residual Opti-
cal Flow

M-LSTM F.C.L (SoftMax) No P.T. N.S. N.S. N.S. N.S.

Traoré and 
Akhloufi [42]

PT VGG16 (INRA) Bi-GRU F.C.L. 
(SoftMax)

N N.S. N.S. 3 512,256,2

Islam et al. [43] Own CNN LSTM F.C.L. 
(SoftMax)

No P.T. 1 128 3 256,16,2

Sharma et al. [34] PT Xception (ImageNet) LSTM F.C.L (SoftMax) Y (4 last 
layers)

1 512 3 128,32,2

Talha et al. [44] CNN LSTM F.C.L No P.T. N.S. N.S. N.S. N.S.
Mumtaz et al. 
[32]

PT VGG-19 (ImageNet) 
+ extra CNN layers

Bi-LSTM F.C.L (SoftMax) Y (N.S.) 2 128,64 N.S. N.S.

Srivastava et al. 
[45]

PT: VGG16/ VGG19/ 
InceptionV3...

LSTM F.C.L (SoftMax) N 1 512 3 1024,512,2

Contardo et al. 
[38]

PT MobileNetV2 
(ImageNet)

Bi-LSTM/ 
ConvLSTM

F.C.L. 
(SoftMax)

N 1/1 128/64 2 128/256

Table 2  Violence detection articles which use CNN and LSTM combination. Part 2
Cite P.T. Uses F.C.L. Learning rate Hockey fight Action movies Violent flow RWF-2000 RLVS
Vijeikis et al. [33] No P.T. N.S. 99.5 96.1 − 82.0 −
Halder and Chatterjee [36] No P.T. 10−2 99.3 100.0 98.6 − −
Aarthy and Nithya [40] Y 10−3 99.1 − − − −
Mugunga et al. [22] N 10−4 99.1 100.0 98.4 92.40 −
Jahlan and Elrefaei [37] No F.C.L N.S. 99.0 96.0 100.0 − −
Traoré and Akhloufi [41] N 10−3 99.0 − 93.8 − 96.8
Asad et al. [35] N 10−2, 10−3, 10−4, 10−5 98.8 99.0 97.1 − −
Gupta and Ali [39] Y N.S. 97.6/98.8 − 92.2/95.1 − −
Ullah et al. [20] No P.T. 10−4 98.0 − 98.2 − −
Traoré and Akhloufi [42] N 10−4 98.0 − 96.0 − 90.3
Islam et al. [43] No P.T. 10−4 97.0 100.0 − − −
Sharma et al. [34] N.S. N.S. 96.6 98.3 − − −
Talha et al. [44] N 10−2 94.9 92.2 77.3 − −
Mumtaz et al. [32] Y 10−2 91.29 − 90.5 90.5 −
Srivastava et al. [45] Y 10−2 − − − − −
Contardo et al. [38] N N.S. − − − − −
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outperforms the use of untrained CNNs, where the VGG-
16 CNN has been widely used. It has been decided to study 
the use of pre-trained VGG-16 and VGG-19 CNN. Although 
VGG-19 is less commonly used and often reports worse 
results in the literature, in principle its larger number of con-
volutional layers should provide a higher capacity for extract-
ing complex patterns. Therefore, both architectures will be 
tested to evaluate their performance in this work. Like many 
other pretrained CNN-based algorithms such as ResNet, 
MobileNet, or VGG-16, VGG-19 is trained on a large dataset 
of images such as ImageNet. These algorithms are thus used, 
as previously discussed, for spatial feature extraction rather 
than directly for frame-by-frame violence detection, which 
would be difficult to classify, as a frame within a violent 
scene might be considered non-violent without the temporal 
context it resides in. Nevertheless, this study will propose 
two methods to verify the effectiveness of VGG (VGG-16 or 
VGG.19) compared to using VGG in conjunction with RNN 
layers (specifically, LSTM and Bi-LSTM).:

	● The first method consists of analyzing the number of 
frames that VGG detects as violent and non-violent. It 
should be noted that, although the datasets used are effi-
ciently trimmed, there may be a small number of frames 
in each video that may not be considered violent if the 
violent scene has not yet begun or has already ended.

	● The second method consists of establishing a limit on the 
number of frames detected as violent, beyond which the 
video is considered violent, in order to jointly analyze 
a video after the prediction made by VGG-19 frame by 
frame. This method thus involves combining pretrained 
VGG with a manual method, to make it comparable to 
the other architectures in which the video is evaluated as 
violent or non-violent using LSTM layers and Bi-LSTM 
layers.

Regarding the proposed architectures based on the com-
bined use of CNN and Bi-LSTM/LSTM layers, two archi-
tectures will be used: VGG pretrained together with LSTM 
layers and VGG pretrained in conjunction with the use of 
Bi-LSTM layers.

Section 3.1 outlines the architecture of VGG-16 and 
VGG-19. Section 3.3 will expose the architecture of the 
violence detection architecture using Pre-trained VGG with 
minimum violent frame number. Section 3.4 will discuss the 
architecture created for violence detection using Pre-trained 
VGG with Bi-LSTM/LSTM layers.

3.1  VGG-16 and VGG-19 architecture

This Section presents the justification for the choice of the 
pre-trained VGG-16 and VGG-19 architectures as CNNs 

protection. The detection of violence using artificial intelli-
gence is composed of multiple stages, with studies having been 
carried out in recent years in which single and multi-algorithm 
architectures of a very varied nature (CNN, RNN, Transform-
ers...) have been implemented. Finally, the most widely used 
architecture in the recent state of the art, both individually and 
as a combination of algorithms, is the use of CNN and LSTM.

However, none of the articles reviewed that use CNN in 
combination with some form of RNN, as far as we are aware, 
test the improvement of the use of RNN over the use of CNN 
alone. In adittion, only one of the selected articles contains a 
comparison between LSTM and Bi-LSTM [39]. While it is 
claimed that the use of Bi-LSTM improves over LSTM, the per-
centage improvement in the selected datasets does not exceed 
4%. Furthermore, the analysis of the selected articles that use a 
combination of CNN with some form of RNN does not allow 
us to clearly extract architectures or hyperparameters that are 
clearly better than others. This is due to: the multiple steps that 
make up a violence detection algorithm, the few dataframes in 
common between papers to be able to compare their results and 
the use of dataframes that do not contain scenes of real aggres-
sions, which results in obtaining accuracies that are too high to 
make evaluations between different architectures.

Based on these shortcomings in the state of the art, to 
achieve the following objectives three architectures are 
designed and created, combining the use of the pre-trained 
VGG-19 network on the ImageNet dataset along with hand-
crafted features, LSTM layers, and Bi-LSTM layers. These 
architectures are intended to evaluate the potential improve-
ments in video violence detection.

	● Evaluate the effectiveness of model combinations: In-
vestigate whether violence prediction can be achieved 
through individual frames without temporal relation-
ships between them.

	● Analyze the performance of different architectures: 
Compare the performance of combining VGG-19 with 
LSTM layers versus combining it with Bi-LSTM layers, 
observing that the improvement when using Bi-LSTM 
over LSTM does not exceed 4%.

	● Compare VGG-19 and VGG-16: Assess whether the 
VGG-19 network can achieve better results than the 
VGG-16 network in video violence detection, evaluat-
ing its effectiveness and potential advantages.

3  Methodology

This Section consists of the explanation of the model archi-
tectures that have been decided to develop for this work, 
based on the Section 2.5 challenges adressed in this work. 
As discussed in Section 2, the use of pre-trained CNNs 
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Given the use of pre-trained VGG-16 and VGG-19 in 
ImageNet for violence detection, it becomes necessary to 
alter the last fully connected layer, which originally con-
tains 1000 neurons, to one with 2 neurons while retaining 
the weights of the pre-trained network. This adjustment is 
required due to violence detection being a binary problem 
(violence vs. non-violence).

3.2  LSTM and Bi-LSTM architecture

Long Short-Term Memory (LSTM) networks are a class 
of recurrent neural networks (RNNs) designed to model 
sequential data while alleviating the vanishing gradient 
problem present in standard RNNs. An LSTM unit incor-
porates a memory cell regulated by input, forget, and out-
put gates, which control the flow of information over time. 
This gating mechanism enables the network to capture long-
range temporal dependencies, making LSTMs well suited 
for tasks involving temporal dynamics, such as video analy-
sis [21].

In video violence detection, LSTM layers are commonly 
used to model temporal relationships between consecutive 
frames. Typically, each video frame is first processed by a 
convolutional neural network to extract spatial features, and 
the resulting sequence of feature vectors is then provided as 
input to the LSTM. This allows the model to learn temporal 
patterns that may characterize violent or non-violent behav-
ior across time [6].

Bidirectional LSTM (Bi-LSTM) networks extend this 
formulation by processing the input sequence in both for-
ward and backward directions. By exploiting information 
from past and future frames simultaneously, Bi-LSTMs 

to be used for the design and implementation of the archi-
tectures in this work [32]. The difference between VGG-16 
and VGG-19 is that VGG-16 has 13 convolutional layers, 5 
pooling layers and 3 fully connected layers, while VGG-19 
has 16 convolutional layers, 5 pooling layers and 3 fully 
connected layers. While a larger number of convolutional 
layers means an increase in the number of parameters, 
which affects computational cost and training time, it also 
means a greater ability to understand complex structures 
and patterns.

In Fig. 2 the structure of VGG-19 has been depicted. 
It can be seen how it expects to receive an array of shape 
(224,224,3), which indicates 224 pixels wide and high for 
each RGB colour channel. It then goes through a series of 
convolutional blocks, which are made up of consecutive 
convolutional layers; the convolutional layers use filters 
or kernels consisting of a series of weights that are applied 
on the array of pixels that is the image from which the net-
work learns increasingly complex patterns. Between each 
convolutional block there are interspersed Max Poool 
Layers that reduce the dimension of the pixel matrix that 
is the image, selecting a maximum value from each region 
of the image. Once the image has passed through all the 
convolutional blocks, it is passed to three densely con-
nected layers that act as a classifier. In Fig. 2 it can be 
seen how the last fully connected layer generates an array 
with the form (1, 1, 1000), this is because when VGG-19 
is trained on the image dataset ImageNet, it must classify 
between a total of 1000 classes. Once the output of the 
last layer is generated, the SoftMax function is applied to 
normalise the generated output, ensuring that the sum of 
probabilities is equal to 1.

Fig. 2  VGG-19 network 
architecture
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3.4  Violence detection model architecture 
combining pre-trained VGG and Bi-LSTM/LSTM 
layers

This section outlines the proposed architecture for the com-
bination of pre-trained VGG (VGG-16 or VGG-19) and 
Bi-LSTM/LSTM layers. This way of performing violence 
detection in combination using CNN and LSTM consists of 
extracting the spatial characteristics of the frames of a video 
on the one hand, and once all the spatial characteristics have 
been obtained, they are concatenated into a single element 
(an array) and introduced into the LSTM layers, which then 
connect with the densely connected layers. This is repre-
sented in Fig. 4

First, the video is divided into Nframes and resized to 
the size (224, 224) which is supported by VGG. Then the 
frames are introduced to VGG one by one. As the spatial 
features of each frame are calculated by VGG, they are 
grouped together and added to a single element as they 
leave the last convolutional layer in the format (7,7,512), 
resulting in a structure with the form: (Nframes,7,7,512). 
Once the pooled features are grouped, a layer Global Aver-
age Pooling 2D is applied which reduces the dimensionality 
to the format (Nframes, 512) and is then introduced to two 
Bi-LSTM/LSTM layers and three densely connected layers 
with Sigmoid activation.

This architecture is processed in two distinct parts, rather 
than a single layered structure of consecutive neural net-
works. This means that if it is desired to train some layers of 
the pre-trained CNN to adjust it to the detection of violence, 
as is the case in this work, VGG is trained on one side and 
the Bi-LSTM/LSTM layers together with the dense layers 
on the other. There is no evidence in the state of the art ana-
lysed whether this combination results in lower accuracy 
because the CNN and (Bi-)LSTM are not trained together 
as a single architecture. The Bi-LSTM layered architecture, 
has been used in a conference paper presented as part of this 
line of research [46].

3.5  Evaluation metrics

The evaluation metrics used in this work are consistent with 
those commonly adopted in previous studies on video vio-
lence detection. They are defined as follows:

Accuracy = TP + TN

TP + TN + FP + FN
� (1)

Precision = TP

TP + FP
� (2)

Recall = TP

TP + FN
� (3)

can capture more contextual temporal dependencies 
when the entire video sequence is available. This bidi-
rectional processing has been reported to improve per-
formance in several video understanding tasks, although 
it also increases computational complexity and memory 
requirements.

In this work, both LSTM and Bi-LSTM architectures are 
considered in order to analyze their respective contributions 
to video violence detection. Their performance is evaluated 
under the same experimental conditions and using the same 
CNN-based feature extractors, allowing a controlled com-
parison of the impact of unidirectional and bidirectional 
temporal modeling on classification accuracy.

3.3  Violence detection model using pre-trained 
VGG with minimum violent frame number

As stated at the beginning of Section 3, in order to com-
pare the accuracy of the prediction solely using pre-trained 
VGG (VGG-16 or VGG-19), we will examine the number 
of frames in the test videos predicted as violent and non-
violent. Since these results are analyzed frame by frame 
rather than the video as a whole, as done by the architec-
tures combining VGG with LSTM or VGG with Bi-LSTM, 
presented in the upcoming sections, this section presents an 
architecture that predicts frame by frame whether the image 
is violent or not, and based on the number of frames pre-
dicted as violent, the entire video is considered violent or 
not. This architecture is illustrated in Fig. 3.

Several values will be established as the minimum num-
ber of frames detected as violent to consider the video as vio-
lent, in order to observe how they vary for each dataframe. It 
is also worth noting that, to the best of our knowledge, in the 
recent state of the art, no violence detection model has been 
developed that combines a CNN with a Manual process, as 
proposed in this section. Thus, it represents an interesting 
model to investigate on its own.

Fig. 3  Violence detection model using pre-trained VGG with mini-
mum violent frame number
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In this work, three datasets are selected: Hockey Fights, 
Violent Flow, and RWF-2000. This choice is motivated by 
the need to evaluate the proposed methods under diverse 
and complementary scenarios, while maintaining compara-
bility with a large number of previous studies. The Action 
Movies dataset, although widely used, is excluded because 
it mainly contains staged scenes with controlled lighting 
and camera conditions, which differ significantly from real-
world surveillance scenarios.

The Hockey Fights dataset [16] consists of video clips 
extracted from National Hockey League (NHL) games. 
Although the violent events are real, the videos are typically 
well illuminated and often include close-up views, which 
makes the classification task comparatively easier. Its exten-
sive use in the literature nevertheless makes it a valuable 
benchmark for comparison. The Violent Flow dataset [17] con-
tains real-world crowd scenes collected from online sources, 
presenting higher variability in camera motion, background 
clutter, and crowd density. Finally, the RWF-2000 dataset 
comprises surveillance videos captured by security cameras 
and represents the most challenging scenario due to its realis-
tic conditions, larger scale, and higher intra-class variability.

All three datasets are balanced, containing the same num-
ber of violent and non-violent videos. For each dataset, the 
official data partitioning is adopted, using 70% of the videos 
for training, 10% for validation, and 20% for testing. This 
split is consistent with the protocol followed in many previ-
ous works and enables direct and fair comparison with state-
of-the-art methods.

Although cross-validation is a common strategy to esti-
mate model generalization, it is not adopted in this work in 

F1-score =2 · Precision · Recall
Precision + Recall

� (4)

Specificity = TN

TN + FP
� (5)

The area under the ROC curve (AUC) is also reported as a 
threshold-independent performance metric, widely used in 
the literature to summarize the trade-off between true posi-
tive and false positive rates.

4  Results

This Section is going to present the results obtained during 
the training and testing phase of the architecture presented 
in Section 3. All computations are done on a server running 
an Intel(R) Core(TM) i9-10940X CPU with 188 Gigabytes 
of RAM and an NVIDIA GeForce RTX 3090 GPU with 24 
GigaBytes of memory.

4.1  Datasets

The datasets used to train and evaluate the proposed models 
are described in this section. According to recent surveys 
on video violence detection [31], the most frequently used 
benchmarks include the Hockey Fights dataset, the Violent 
Flow dataset, the Action Movies dataset, and the Real-World 
Fight 2000 (RWF-2000) dataset. The use of well-established 
benchmarks is essential to ensure meaningful comparison 
with existing state-of-the-art approaches.

Fig. 4  Proposed video violence detection architecture using pretrained VGG combined with (Bi-)LSTM layers via spatial feature concatenation
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are initialized with weights learned on the ImageNet dataset. 
The original final fully connected layer with 1000 neurons is 
replaced by a new layer with two neurons, corresponding to 
the binary classification task (violent vs. non-violent).

During training, all convolutional layers are frozen and 
only the newly added classification layer is optimized. A 
learning rate of 10−3 is used together with the Adam opti-
mizer and the binary cross-entropy loss function. Training 
is carried out for 10 epochs, which is sufficient for conver-
gence when fine-tuning a single fully connected layer.

In order to reduce overfitting and prevent the model from 
learning scene-specific or video-specific biases, only one 
frame per video is used during training. This design choice 
avoids the strong redundancy that arises when multiple 
highly correlated frames from the same video are included, 
which was observed to cause rapid overfitting and poor gen-
eralization when all frames were used. By sampling a single 
representative frame per video, the model is encouraged to 
learn more general visual cues associated with violent and 
non-violent content, rather than memorizing background or 
contextual patterns tied to a specific clip.

All selected frames are resized to (224,  224,  3) before 
being processed by the network. Since VGG operates on 
individual images, the training set is constructed as an array 
of shape (Nvideos, 224, 224, 3), where each element corre-
sponds to one frame extracted from a different video. Labels 
are encoded as one-hot vectors of size 2, with class values 
indicating violent or non-violent content.

It is important to note that, although the videos in the 
considered datasets are temporally trimmed so that most 
frames correspond to violent actions, some frames at the 
beginning or end of a clip may not strictly depict violence. 
Using only one frame per video helps mitigate the impact of 
such temporal noise and reduces the risk of bias introduced 
by repetitive visual patterns.

Table 4 summarizes the training configuration and vali-
dation accuracy obtained for VGG-16 and VGG-19 on the 
selected datasets. The reported validation accuracy corre-
sponds to the final training epoch. For the Hockey Fights 
dataset, convergence is typically reached after approxi-
mately 5 epochs, whereas RWF-2000 requires around 10 

order to remain consistent with the official train/validation/
test splits provided by each dataset, which are widely used 
in previous studies. This choice ensures fair comparability 
with the state of the art. Moreover, the experimental setup 
already involves an extensive exploration of architectures 
and hyperparameter configurations across three datasets, 
and applying k-fold cross-validation would substantially 
increase the computational cost. Since the goal of this work 
is to analyze relative performance trends under consistent 
conditions rather than to optimize a single model configura-
tion, the adopted protocol is considered appropriate.

The Violent Flow dataset is the only one among the 
selected benchmarks with variable video lengths. Since the 
proposed architectures require a fixed number of frames, 
videos shorter than the median length (107 frames) are pad-
ded by repeating the last frame, while longer sequences are 
temporally trimmed. This choice is motivated by the fact 
that violent actions are typically brief and temporally local-
ized events, whose discriminative cues occur within a short 
time window. Replicating intermediate frames or uniformly 
stretching the sequence could distort the temporal dynam-
ics of the action and blur the distinction between violence 
and visually similar interactions such as physical contact or 
hugging. By duplicating only the final frame, the original 
temporal evolution of the action is preserved and no arti-
ficial motion patterns are introduced, making this strategy 
a minimally intrusive way to enforce fixed-length inputs 
while maintaining the integrity of the temporal information 
required by the model (Table 3).

4.2  VGG-16 and VGG-19 results

This Section is divided into two subsections. Section 4.2.1 
will present the results obtained from training the last densely 
connected layer of pre-trained VGG-19 to classify frames 
from videos as violent or non-violent. Section 4.2.2 will 
present the results of the testing process of VGG-19, detect-
ing frames from the testing datasets as violent or non-violent.

4.2.1  Pre-trained VGG-16 and VGG-19 training

This section describes the training procedure applied to the 
pre-trained VGG-16 and VGG-19 networks. Both models 

Table 3  Selected datasets information for training and testing the mod-
els
Name Year Video 

number
Median 
frame 
number

Frame 
rate 
(FPS)

Hockey fights 2011 1000 50 20-30
Violent Flow/Crowd 2012 246 107 25
Real World Fight-2000 
(RWF-2000)

2021 2000 150 30

Table 4  Training results of VGG-16 and VGG-19 on selected violence 
datasets using one frame per video
Dataset CNN Train-

ing 
videos

Learn-
ing rate

Epochs Valida-
tion 
accuracy

Hockey fights VGG-16 700 0.001 10 0.96
VGG-19 700 0.001 10 0.97

RWF-2000 VGG-16 1400 0.001 10 0.68
VGG-19 1400 0.001 10 0.70

Violent flow VGG-16 172 0.001 10 0.90
VGG-19 172 0.001 10 0.93
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primary evaluation metric, VGG-16 achieved 92%, 64%, 
and 86% on the Hockey Fights, RWF-2000, and Violent 
Flow datasets, respectively, while VGG-19 obtained 94%, 
64%, and 92% on the same datasets. Although both CNN 
deliver comparable performance, VGG-19 consistently 
surpasses VGG-16, particularly on the Violent Flow data-
set. The substantially lower results on RWF-2000 can be 
explained by the challenges of achieving high validation 
accuracy on such a large and diverse dataset, as well as the 
inherent characteristics of the videos themselves (e.g., low 
luminosity in night scenes, distant perspectives, and vari-
ability in aggressor count or aggression type). In view of 
these results, VGG-19 is selected as the preferred architec-
ture for the subsequent stages of this work.

4.3  VGG-19 with minimum violent frame number

This section evaluates the effectiveness of a violence 
detection strategy based on a pre-trained VGG-19 model 
combined with a simple frame aggregation rule. Unlike 
CNN–RNN architectures, this approach does not rely on 
learning temporal dependencies. Instead, it aggregates 
frame-level predictions into a single video-level decision by 
applying a threshold on the number of frames classified as 
violent.

A video is considered violent if the number of frames pre-
dicted as violent exceeds a predefined threshold, referred to 
as the minimum violent frame number. This parameter is not a 
learnable model weight but a decision threshold that controls 
the sensitivity of the aggregation process. Consequently, no 
additional model training is performed at this stage.

Rather than training, a calibration phase is carried out 
on the training split in order to analyse the effect of differ-
ent threshold values. During this phase, several candidate 
thresholds are evaluated and their corresponding classifica-
tion performance is computed. This process does not involve 
gradient-based optimization or parameter updates; it only 
serves to characterize how the aggregation rule behaves 
under different operating points. The purpose of this cali-
bration is to identify representative thresholds and to study 
how the temporal distribution of violent frames influences 
classification performance.

epochs due to its higher variability. Violent Flow converges 
rapidly, usually within the first 3 epochs. These observations 
further indicate that extending training beyond 10 epochs 
does not provide additional benefits when only the final 
classification layer is optimized.

4.2.2  Pre-trained VGG-16 and VGG-19 testing

In this Section, the pre-trained VGG-16 and VGG-19 test 
process is explained. The test process consists of making 
predictions with VGG-16 and VGG-19 using the 20% of 
the videos not used during the training process (neither as 
training, nor as validation), where there will be four possible 
situations: True Positive (TP), True Negative (TN), False 
Positive (FP), False Negative (FP). These four possibili-
ties are the classic ones of any binary classification prob-
lem. True Positive indicates that the model predicts that the 
violent image is violent. True Negative indicates that the 
model predicts that the non-violent image is non-violent. 
False Positive indicates that the model predicts that the non-
violent image is violent. False Negative indicates that the 
model predicts that the violent image is non-violent. The 
goal, of course, is to maximise both True Positive and True 
Negative, minimising False Positive and False Negative. A 
False Negative is worse than a False Positive, since if an 
aggression is occurring and the model does not detect it as 
such, the victim would not be rescued.

Numerous metrics can be obtained from the confusion 
matrices, which are used to evaluate the results obtained 
depending on how the terms are grouped. The most widely 
used metric is the Accuracy [31], but there are also others 
such as: precision, recall, F1 Score and Specificity. Also 
widely used is the AUC metric, which is a measure of the 
discrimination capacity of a binary classification model, 
representing the probability that the model correctly classi-
fies pairs of positive and negative observations by varying 
the decision thresholds. The results obtained for the three 
selected datasets are included in Table 5.

The results obtained are very promising for the Hockey 
Fights and Violent Flow datasets, considering that the 
models are limited to frame-by-frame prediction without 
incorporating temporal relationships. Using accuracy as the 

Table 5  Testing Pre-trained VGG metrics on selected dataframes
Dataset CNN Test video number Accuracy Precision Recall F1 score Specificity AUC
Hockey fights VGG-16 200 0.92 0.97 0.91 0.94 0.95 0.98

VGG-19 200 0.94 0.93 0.95 0.94 0.93 0.92
RWF-2000 VGG-16 400 0.64 0.65 0.55 0.61 0.72 0.64

VGG-19 400 0.64 0.65 0.63 0.64 0.66 0.71
Violent flow VGG-16 50 0.86 0.81 0.92 0.87 0.79 0.90

VGG-19 50 0.92 0.87 0.99 0.93 0.86 0.97
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efficient alternative when sufficient discriminative informa-
tion is present at the frame level.

4.4  Pre-Trained VGG-19 + LSTM results

This section presents the results obtained during the training 
and testing phases of the architecture that combines a pre-
trained VGG-19 network with LSTM layers, as illustrated in 
Fig. 4. Section 4.4.1 describes the training procedure, while 
Section 4.4.2 reports the evaluation results on the test sets.

4.4.1  LSTM and dense layers training

At this stage, only the VGG-19 network has been trained. 
The next step consists of training the second part of the 
architecture shown in Fig.  4, which includes two LSTM 
layers followed by three fully connected layers. To this 
end, the spatial features extracted by the trained VGG-
19 network are first stored, resulting in an array of shape 
(Nvideos × Nframes, 7, 7, 512).

As described in Section  4.2.1, during the training of 
VGG-19 all frames from all videos are grouped together. 
However, in order to enable temporal modeling, it is nec-
essary to recover the correspondence between frames and 
their respective videos so that the LSTM can learn temporal 
dependencies. Therefore, the extracted features are reorga-
nized into an array of shape (Nvideos, Nframes, 7, 7, 512), 
corresponding to the output of the fifth convolutional block 
followed by the Max Pooling layer.

Since LSTM layers expect input data in the form 
(Batch Size, Time Steps, Features), a Global Average 
Pooling 2D layer is applied to reduce the spatial dimensions, 
producing an input tensor of shape (Nvideos, Nframes, 512). 
This tensor is then fed into the first LSTM layer. The cor-
responding training labels are encoded as vectors of shape 
(Nvideos, 2), where [1,  0] represents a non-violent video 
and [0, 1] represents a violent one.

During training, several hyperparameters are explored, 
including the learning rate, the number of neurons in each 
LSTM layer, and the number of neurons in each fully con-
nected layer. The tested values follow those commonly 
reported in the literature (see Table 1), namely learning rates 
of 10−2, 10−3, and 10−4, and layer sizes of 64, 128, 256, 
512, and 1024 neurons.

The hyperparameter search allows the two LSTM layers 
and the fully connected layers to have different numbers of 

The selected threshold values are expressed both as abso-
lute numbers of frames and as percentages of the total num-
ber of frames per video, allowing a consistent comparison 
across datasets with different video lengths. Table 6 reports 
the evaluated thresholds and their relative proportions for 
each dataset.

For the Hockey Fights and RWF-2000 datasets, good 
performance is achieved when a relatively small number of 
frames is sufficient to classify a video as violent. This indi-
cates that violent events in these datasets are often tempo-
rally concentrated, so increasing the threshold excessively 
may suppress true positives. In contrast, the Violent Flow 
dataset benefits from higher threshold values, reflecting 
the longer and more homogeneous violent segments typi-
cally present in crowd scenes. These observations highlight 
that the optimal threshold is strongly dataset-dependent 
and closely related to the temporal distribution of violent 
content.

After selecting representative thresholds during the 
calibration phase, the final performance is evaluated on 
the test split. For completeness, Table 7 reports both the 
accuracy obtained on the training split during calibra-
tion and the accuracy achieved on the test set. The former 
serves only as a reference to illustrate the behaviour of the 
aggregation rule on the data used for threshold selection, 
while the latter reflects the generalization performance on 
unseen videos.

Overall, these results indicate that violence detection can, 
in certain scenarios, be effectively addressed using frame-
level visual cues combined with a simple aggregation rule, 
without explicitly modeling temporal dependencies. While 
temporal modeling remains important for more complex 
and unconstrained datasets such as RWF-2000, the proposed 
approach demonstrates that carefully calibrated frame-based 
aggregation can provide a competitive and computationally 

Table 6  Minimum frame number to consider a video as violent and the 
percentage of frames it represents with respect to the total number of 
frames of the videos of each dataset
Minimum frame number to 
consider a video as violent

Hockey fights 
(%)

Violent flow 
(%)

RWF-
2000 
(%)

10 25.0 9.3 6.7
20 50.0 18.7 13.3
40 100.0 37.4 26.7
80 − 74.8 53.3
120 − − 80.0

Table 7  Metrics for the best VGG-19 with minimum violent frame number model for each selected dataset
Dataset Minimum frame number Train accuracy Test accuracy Precision Recall F1 score Specificity
Hockey fights 10 0.97 0.95 0.92 0.98 0.95 0.91
RWF 2000 10 0.80 0.76 0.74 0.89 0.81 0.60
Violent flow 80 0.97 0.96 0.93 1.00 0.96 0.92
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ranking assigned by Keras-Tuner, where 1 corresponds to 
the best-performing configuration.

4.4.2  LSTM and dense layers testing

This section presents the results obtained during the test-
ing phase of the three best models selected for each dataset. 
These models combine spatial features extracted by the pre-
trained VGG-19 network with LSTM layers for temporal 
modeling and fully connected layers for final classification.

Since accuracy is the most commonly reported evalua-
tion metric in the literature on violence detection [31], it is 
used as the primary criterion to select the best-performing 
model among the three candidates identified by Keras-
Tuner. For each dataset, three tables are provided: (i) one 
reporting the test accuracy and corresponding hyperparam-
eter configurations, (ii) one presenting the confusion matrix 
of the selected best model, and (iii) one summarizing the 
main evaluation metrics of that model.

Table 9 reports the test accuracy achieved by the three 
candidate models for each dataset. In cases where multiple 
models achieve the same accuracy, the model ranked higher 
by Keras-Tuner is selected.

For the Hockey Fights dataset, the second model achieves 
the highest test accuracy of 96%. For the RWF-2000 data-
set, the best-performing model reaches an accuracy of 72%. 
Finally, for the Violent Flow dataset, the highest accuracy 
obtained is 86%, achieved by the first-ranked model.

neurons, enabling an analysis of how increasing, decreas-
ing, or maintaining the same dimensionality affects per-
formance. Each dataset is trained for 150 epochs, which is 
three times the number of epochs used for training VGG-19 
alone, reflecting the increased complexity of the model. As 
in the previous stage, the Adam optimizer and the binary 
cross-entropy loss function are employed.

Given the large hyperparameter search space (1875 pos-
sible combinations), Keras-Tuner is used to manage the 
exploration process. A total of 200 configurations (approxi-
mately 10% of the full search space) are evaluated.

Since the goal during training is to maximize the valida-
tion accuracy, the three best-performing models identified 
by Keras-Tuner are retained for each dataset. This strategy 
is adopted because models achieving similar validation 
accuracy may generalize differently to unseen test data. It 
is worth noting that, based on the training results, no clear 
or consistent relationship can be identified between perfor-
mance and the number of neurons in the LSTM layers, the 
number of neurons in the fully connected layers, or their 
relative proportions.

Table  8 summarizes the hyperparameter configurations 
of the three best models for each dataset. These models 
extract temporal information from the spatial features pro-
duced by the fifth convolutional block of VGG-19 using 
two LSTM layers followed by three fully connected layers, 
the last of which contains two neurons corresponding to the 
binary classification task. The column Model indicates the 

Table 8  Training results of the best three models with LSTM layers hyperparameters combinations for the three selected datasets
Dataset Model Validation accuracy Learning rate LSTM 1 LSTM 2 F.C.L 1 F.C.L 2
Hockey fights 1 0.96 0.0001 256 128 64 64

2 0.96 0.01 512 512 128 64
3 0.96 0.001 64 1024 512 64

RWF-2000 1 0.87 0.001 1024 1024 256 512
2 0.87 0.0001 512 64 128 128
3 0.87 0.001 128 512 128 256

Violent flow 1 0.96 0.01 64 512 64 128
2 0.96 0.01 128 64 128 64
3 0.96 0.0001 512 512 128 1024

Table 9  Testing results of the best three models with LSTM layers hyperparameters combinations for the three selected datasets
Dataset Model Test accuracy Learning rate LSTM 1 LSTM 2 F.C.L 1 F.C.L 2

1 0.94 0.0001 256 128 64 64
2 0.96 0.01 512 512 128 64

Hockey fights 3 0.96 0.001 64 1024 512 64
1 0.72 0.001 1024 1024 256 512
2 0.71 0.0001 512 64 128 128

RWF-2000 3 0.71 0.001 128 512 128 256
1 0.86 0.01 64 512 64 128
2 0.86 0.01 128 64 128 64

Violent flow 3 0.86 0.0001 512 512 128 1024

1 3

Page 13 of 21     72 



P. Negre et al.

each dataset, the three best-performing configurations are 
retained. All reported models achieve identical validation 
accuracy within each dataset, indicating that different archi-
tectural configurations can reach similar performance levels 
when trained under the same conditions.

4.5.2  Bi-LSTM and dense layers testing

The testing phase is conducted following the same proce-
dure described in Section 4.4.2, but using the models that 
incorporate Bi-LSTM layers instead of standard LSTM 
units. The evaluation is performed on the held-out test sets 
for each dataset.

Table 12 reports the test accuracy obtained by the three 
candidate models for each dataset. In cases where mul-
tiple models achieve identical accuracy values, the model 
ranked highest by Keras-Tuner during the validation stage 
is selected.

For the Hockey Fights dataset, the third model achieves 
the best test performance, reaching an accuracy of 97%. 
In the case of the RWF-2000 dataset, the highest accuracy 
obtained is 73%, corresponding to the first-ranked model. 
Finally, for the Violent Flow dataset, the best-performing 
model reaches an accuracy of 90%, also corresponding to 
the first-ranked configuration.

Table 13 summarizes the main evaluation metrics of the 
best-performing Bi-LSTM model for each dataset.

4.6  Hyperparameter result analysis for LSTM and 
Bi-LSTM combinations

As exposed in Sections 4.4.1 and 4.5.1, models based on 
the combination of pre-trained VGG-19 with LSTM lay-
ers, and Bi-LSTM layers have been trained. In both cases, 

Overall, the best results are obtained on the Hockey 
Fights dataset, followed by Violent Flow and finally RWF-
2000. This ordering is consistent with differences in video 
length, scene variability, and visual complexity across data-
sets. In particular, the larger size and higher diversity of the 
RWF-2000 dataset make convergence toward high accuracy 
more challenging.

Table  10 presents the main evaluation metrics derived 
from the confusion matrices of the selected best models, 
including precision, recall, F1-score, specificity, and AUC.

4.5  Pre-Trained VGG-19 + Bi-LSTM results

This section presents the results obtained during the training 
and testing phases of the violence detection model based on 
a pre-trained VGG-19 network combined with Bidirectional 
LSTM (Bi-LSTM) layers.

4.5.1  Bi-LSTM and dense layers training

The training procedure follows exactly the same method-
ology described in Section 4.4.1, with the only difference 
being the replacement of the LSTM layers by Bi-LSTM lay-
ers. Therefore, spatial features extracted by the pre-trained 
VGG-19 network are reorganized and used as input to two 
stacked Bi-LSTM layers, followed by three fully connected 
layers for binary classification.

Table 11 presents the hyperparameter configurations of 
the three best-performing models obtained for each dataset 
when using Bi-LSTM layers. These results were originally 
reported in our previous work [46] and are included here for 
completeness and comparison.

As in the LSTM-based approach, the models are selected 
according to their validation accuracy during training. For 

Table 10  Testing metrics of the best model with LSTM layers hyperparameters combination for the three selected datasets
Dataset Test video number Model number Accuracy Precision Recall F1 score Specificity AUC
Hockey fight 200 2 0.96 0.96 0.96 0.96 0.96 0.97
RWF-2000 400 1 0.72 0.70 0.77 0.74 0.68 0.79
Violent flow 50 1 0.86 0.85 0.88 0.86 0.84 0.93

Table 11  Training results of the best three models with Bi-LSTM layers hyperparameters combinations for the three selected datasets [46]
Dataset Model Validation accuracy Learning rate Bi-LSTM 1 Bi-LSTM 2 F.C.L 1 F.C.L 2
Hockey fights 1 0.97 0.01 64 64 64 512

2 0.97 0.01 512 64 1024 512
3 0.97 0.01 64 256 64 256

RWF-2000 1 0.87 0.01 512 64 256 64
2 0.87 0.001 512 256 64 256
3 0.87 0.001 128 128 64 128

Violent flow 1 0.96 0.001 1024 512 64 256
2 0.96 0.01 256 256 256 128
3 0.96 0.01 128 512 128 256
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4.7  Comparison of results between models

In this work, several baseline models are defined in order to 
enable a meaningful performance comparison. These base-
lines include frame-wise VGG-16 and VGG-19 classifiers, 
as well as simple aggregation-based variants, which pro-
vide reference points for evaluating the impact of temporal 
modeling. While different hyperparameter configurations 
are explored, the primary goal is not only to analyze sen-
sitivity to parameter choices, but also to assess whether the 
introduction of LSTM or Bi-LSTM layers yields consistent 
performance gains over simpler baseline approaches.

This section compares the performance of the different 
model variants proposed in this work, including frame-wise 
VGG-19 prediction, VGG-19 combined with a manual 
aggregation rule, and VGG-19 combined with LSTM and 
Bi-LSTM layers. To improve clarity and avoid dispersing 
the main findings across multiple tables, Table 14 summa-
rizes the best-performing configuration for each dataset and 
model family. Beyond the numerical comparison, the fol-
lowing discussion provides an analysis of the underlying 
factors that help explain the observed performance differ-
ences across models and datasets.

As discussed in previous sections, comparisons involv-
ing frame-wise VGG-19 predictions must be interpreted 
with caution, since this approach operates at the image 
level rather than directly at the video level. Nevertheless, 
for the Hockey Fights and Violent Flow datasets, frame-
based inference achieves competitive performance when 
compared with architectures that explicitly model temporal 
dependencies.

When introducing a simple manual aggregation strategy 
based on a minimum number of violent frames, the model 
produces a single video-level decision and improves upon 
pure frame-wise classification. Interestingly, this approach 

Keras-Tuner was used to obtain the best model combination 
out of 200 possible hyperparameter combinations. The aim 
was to observe if certain hyperparameter values resulted in a 
notable improvement in violence detection results.

For each model separately, the results of the hyperpa-
rameter combinations obtained for the three selected data-
sets were combined, the mean of the obtained validation 
accuracy results was calculated, and it was determined if 
any of the hyperparameter values showed a significant 
deviation from the rest of the values. However, no value 
stood out notably to affirm that its use clearly resulted in 
better accuracy. Furthermore, for each model, an analy-
sis was conducted to determine if increasing, keeping 
the same number, or decreasing the number of neurons 
between the LSTM or Bi-LSTM layers and the dense lay-
ers resulted in a significant improvement in the results. 
However, none of the options stood out notably. Specific 
analysis of values for the first and second LSTM lay-
ers and dense layers was not performed, as even though 
approximately 10% of the total possible combinations 
were covered, there were not enough tested combinations 
to yield reliable results.

In conclusion, significant finding is the lack of a con-
sistent improvement in accuracy across different con-
figurations of hyperparameters, such as neuron count in 
LSTM/Bi-LSTM layers and dense layers. Despite test-
ing various combinations, no clear pattern emerged that 
consistently enhanced performance. This observation 
highlights that extensive hyperparameter tuning does not 
always translate to better accuracy, potentially simplify-
ing future model optimization efforts for violence detec-
tion. This insight contributes a nuanced understanding to 
the state of the art, suggesting that high performance may 
be achievable with a streamlined approach to parameter 
selection.

Table 12  Testing results of the best three models with Bi-LSTM layers hyperparameters combinations for the three selected datasets
Dataset Model Test accuracy Learning rate Bi-LSTM 1 Bi-LSTM 2 F.C.L 1 F.C.L 2
Hockey fights 1 0.93 0.01 64 64 64 512

2 0.95 0.01 512 64 1024 512
3 0.97 0.01 64 256 64 256

RWF-2000 1 0.73 0.001 1024 1024 256 512
2 0.73 0.0001 512 64 128 128
3 0.68 0.001 128 512 128 256

Violent flow 1 0.90 0.01 64 512 64 128
2 0.82 0.01 128 64 128 64
3 0.88 0.0001 512 512 128 1024

Table 13  Testing metrics of the best model with Bi-LSTM layers hyperparameters combinations for the three selected datasets
Dataset Test video number Model number Accuracy Precision Recall F1 Score Specificity AUC
Hockey fight 200 3 0.97 0.95 0.98 0.97 0.95 0.98
RWF-2000 400 1 0.73 0.74 0.72 0.73 0.75 0.79
Violent flow 50 1 0.90 0.86 0.97 0.91 0.84 0.96
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Hockey Fights and RWF-2000 datasets, the improvement is 
approximately 1%, while for Violent Flow it reaches around 
4%. This limited margin suggests that, although bidirec-
tional temporal modeling can provide performance benefits, 
its added complexity may not always be justified depending 
on computational constraints and application requirements. 
Overall, these findings contribute to the ongoing discussion 
on the cost–benefit trade-off of advanced recurrent architec-
tures in video-based violence detection.

Although Tables  1 and 2 list several approaches that 
also combine VGG-16 or VGG-19 with LSTM-based 
temporal modeling, these methods are not architecturally 
equivalent to the models proposed in this work. Most exist-
ing approaches introduce additional convolutional blocks, 
feature fusion stages, optical-flow branches, or customized 
temporal modules, and are typically evaluated under het-
erogeneous training protocols. In contrast, the proposed 
approach deliberately adopts a simplified and controlled 

achieves better performance than the LSTM- and Bi-LSTM-
based models on the RWF-2000 and Violent Flow datasets, 
exceeding them by up to 6% in the latter case. This suggests 
that, under certain conditions, aggregating strong spatial 
predictions can be more effective than learning temporal 
dynamics from limited or noisy data.

These results indicate that violence detection can, in 
some scenarios, achieve competitive performance using 
frame-level visual cues alone, without explicitly model-
ing temporal relationships, even though violent actions are 
inherently temporal phenomena. This observation high-
lights the importance of dataset characteristics—such as 
viewpoint, illumination conditions, motion patterns, and 
scene variability—in determining the practical benefit of 
temporal modeling.

Finally, the comparison confirms that architectures using 
Bi-LSTM layers consistently outperform their LSTM coun-
terparts, although the observed gains remain modest. For the 

Dataset Model variant Type Best setting Test 
accuracy

Key takeaway

Hockey 
fights

VGG-16 
(frame-wise)

Frame-only Frame 
classification

0.92 Slightly lower performance 
than VGG-19

VGG-19 
(frame-wise)

Frame-only Frame 
classification

0.94 Strong performance without 
temporal modeling

VGG-16 + minimum 
violent frames

Manual 
logic

Min frames 
= 10

0.93 Comparable but slightly 
lower than VGG-19

VGG-19 + minimum 
violent frames

Manual 
logic

Min frames 
= 10

0.95 Simple aggregation improves 
video-level decision

VGG-19 + LSTM Temporal Best Keras-
Tuner model

0.96 Temporal modeling provides 
limited gain

VGG-19 + Bi-LSTM Temporal Best Keras-
Tuner model

0.97 Best overall result on this 
dataset

Violent 
flow

VGG-16 
(frame-wise)

Frame-only Frame 
classification

0.90 Slight degradation with shal-
lower backbone

VGG-19 
(frame-wise)

Frame-only Frame 
classification

0.92 High discriminative power 
from visual cues

VGG-16 + minimum 
violent frames

Manual 
logic

Min frames 
= 80

0.93 Competitive but below 
VGG-19

VGG-19 + minimum 
violent frames

Manual 
logic

Min frames 
= 80

0.96 Outperforms temporal 
models

VGG-19 + LSTM Temporal Best Keras-
Tuner model

0.86 Lower performance than 
manual aggregation

VGG-19 + Bi-LSTM Temporal Best Keras-
Tuner model

0.90 Moderate improvement over 
LSTM

RWF 
2000

VGG-16 
(frame-wise)

Frame-only Frame 
classification

0.61 Slightly lower robustness 
than VGG-19

VGG-19 
(frame-wise)

Frame-only Frame 
classification

0.64 Strongly affected by dataset 
complexity

VGG-16 + minimum 
violent frames

Manual 
logic

Min frames 
= 10

0.74 Competitive but limited by 
dataset complexity

VGG-19 + minimum 
violent frames

Manual 
logic

Min frames 
= 10

0.76 Best performance among 
proposed variants

VGG-19 + LSTM Temporal Best Keras-
Tuner model

0.72 Temporal modeling partially 
helps

VGG-19 + Bi-LSTM Temporal Best Keras-
Tuner model

0.73 Slight improvement over 
LSTM

Table 14  Summary of best test 
accuracy results obtained by the 
proposed model variants across 
datasets
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design, where a pretrained VGG backbone is used strictly 
as a feature extractor and temporal modeling is applied in a 
standardized manner. This allows a direct and fair compari-
son between frame-level inference, LSTM, and Bi-LSTM 
variants under identical experimental conditions. Conse-
quently, the objective is not to outperform all previously 
reported architectures, but to analyze the actual contribution 
of temporal modeling and architectural complexity when 
the backbone, training strategy, and evaluation protocol are 
kept fixed.

Table 15  Hockey fights dataset state of art and proposed models accu-
racy
Cite CNN Combination Hockey 

fights
Vijeikis et al. 
[33]

MobileNet V2 LSTM 99.5

Halder and 
Chatterjee [36]

Own CNN Bi-LSTM 99.27

Mugunga et al. 
[22]

PT VGG-16 
(ImageNet)

Bi-Conv-LSTM 99.1

Aarthy and 
Nithya [40]

PT VGG-16 
(ImageNet)

LSTM 99.1

Jahlan and 
Elrefaei [37]

PT MNAS CNN Conv-LSTM 99

Traoré and 
Akhloufi [41]

Two PT Effi-
cienNet-B0 
(ImageNet)

Bi-LSTM 99

Gupta and Ali 
[39]

PT VGG-16 
(ImageNet)

LSTM/Bi-LSTM 97.6/98.8

Asad et al. [35] Two PT VGG-
16 (ImageNet) 
+ Wide Dense 
Residual Blocks 
(WDRB)

LSTM 98.8

Ullah et al. 
[20]

Darknet + Resid-
ual Optical Flow

M-LSTM 98

Traoré and 
Akhloufi [42]

PT VGG16 
(INRA)

Bi-GRU 98

Proposed 
model

PT VGG19 
(ImageNet)

Bi-LSTM 97

Islam et al. 
[43]

Own CNN LSTM 97

Sharma et al. 
[34]

PT Xception 
(ImageNet)

LSTM 96.55

Proposed 
model

PT VGG19 
(ImageNet)

LSTM 96

Proposed 
model

PT VGG19 
(ImageNet)

Manual Feature 95

Talha et al. 
[44]

CNN LSTM 94.9

Proposed 
model

PT VGG19 (Ima-
geNet) (frame by 
frame)

N 94

Mumtaz et al. 
[32]

 PT VGG-19 
(ImageNet) + extra 
CNN layers

 Bi-LSTM 91.29

Table 16  Violent flow dataset state of art and proposed models accu-
racy
Cite CNN LSTM Violent 

flow
Gupta and Ali 
[39]

PT VGG-16 
(ImageNet)

LSTM/Bi-LSTM 92.2/95.1

Jahlan and 
Elrefaei [37]

PT MNAS CNN Conv-LSTM 100

Halder and 
Chatterjee [36]

Own CNN Bi-LSTM 98.64

Mugunga et al. 
[22]

PT VGG-16 
(ImageNet)

Bi-Conv-LSTM 98.4

Ullah et al. 
[20]

Darknet + Resid-
ual Optical Flow

M-LSTM 98.21

Asad et al. [35] Two PT VGG-
16 (ImageNet) 
+ Wide Dense 
Residual Blocks 
(WDRB)

LSTM 97.1

Proposed 
model

PT VGG19 
(ImageNet)

Manual Feature 96

Traoré and 
Akhloufi [42]

PT VGG16 
(INRA)

Bi-GRU 95.5

Traoré and 
Akhloufi [41]

Two PT Effi-
cienNet-B0 
(ImageNet)

Bi-LSTM 93.75

Proposed 
model

PT VGG19 (Ima-
geNet) (frame by 
frame)

N 92

Mumtaz et al. 
[32]

 PT VGG-19 
(ImageNet) + extra 
CNN layers

 Bi-LSTM 90.47

Proposed 
model

PT VGG19 
(ImageNet)

Bi-LSTM 90

Proposed 
model

PT VGG19 
(ImageNet)

LSTM 86

Talha et al. 
[44]

CNN LSTM 77.31

Table 17  RWF-2000 dataset state of art and proposed models accuracy
Cite CNN LSTM RWF-2000
Mugunga et 
al. [22]

PT VGG-16 
(ImageNet)

Bi-Conv-LSTM 92.4

Mumtaz et 
al. [32]

PT VGG-19 
(ImageNet) + 

extra CNN layers

Bi-LSTM 90.47

Vijeikis et al. 
[33]

MobileNet V2 LSTM 82

Proposed 
model

PT VGG19 
(ImageNet)

Manual Feature 76

Proposed 
model

PT VGG19 
(ImageNet)

Bi-LSTM 73

Proposed 
model

PT VGG19 
(ImageNet)

LSTM 72

Proposed 
model

PT VGG19 
(ImageNet) 

(frame by frame)

N 64
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the proposed models exhibit reduced architectural com-
plexity and lower computational requirements, which is 
particularly relevant for real-time or resource-constrained 
deployment scenarios. Finally, the lower performance on 
RWF-2000 further highlights the intrinsic difficulty of this 
dataset, suggesting that future improvements may require 
richer supervision, domain adaptation strategies, or addi-
tional contextual information rather than increased model 
complexity alone.

In addition to accuracy, computational efficiency is a key 
factor for practical deployment in real-time surveillance 
systems. Frame-based CNN models exhibit low inference 
latency (on the order of 1.5–1.7 ms per frame in the experi-
mental setup), since each image can be processed inde-
pendently as it arrives. In contrast, LSTM and Bi-LSTM 
architectures introduce additional inference overhead of 
several milliseconds per video sequence, as they require the 
extraction and storage of feature maps from all frames before 
temporal modeling can be applied. This sequential process-
ing increases both latency and GPU memory consump-
tion, since intermediate representations must be retained 
until the full sequence is available. As a result, frame-wise 
approaches allow streaming evaluation without buffering 
large amounts of data, enabling deployment on devices with 
more limited memory resources. Therefore, although recur-
rent models may yield moderate accuracy improvements, 
their higher computational and memory requirements must 
be carefully weighed against their practical benefits in real-
time scenarios.

These observations provide insight into the relationship 
between dataset characteristics, model complexity, and tem-
poral modeling strategies, moving beyond a purely descrip-
tive comparison of numerical results.

5  Conclusions and future work

Physical assaults represent a notable concern in our soci-
ety, affecting individuals worldwide and directly influenc-
ing victims and their psychological well-being [1, 2]. The 
identification of violence in real-time videos serves as the 
ultimate barrier in protecting victims, where artificial intel-
ligence has demonstrated excellent results in this task [31].

Firstly, a table listing articles using a combination of 
CNN and LSTM for violence detection in the recent state 
of the art has been compiled and analyzed. From this table, 
several deficiencies in the state-of-the-art have been iden-
tified, which this work aims to address. Firstly, there is a 
lack of understanding about the real contribution of using 
RNN combined with CNN, compared to using only CNN. 
Secondly, the actual improvement of using LSTM over Bi-
LSTM remains unclear, with only one recent study having 

Tables 15, 16, and 17 report a comparison between the 
proposed approaches and previously published methods 
that combine convolutional neural networks with recur-
rent architectures for video-based violence detection. The 
referenced works correspond to the most representative 
and recent studies employing CNN–LSTM-type pipelines, 
as summarized in Table 2. This comparison allows situat-
ing the proposed models within the broader state of the art 
under comparable experimental settings.

For the Hockey Fights dataset, all proposed models 
outperform the results reported by Mumtaz et al.  [32], 
which also relies on a VGG-19 backbone. Several of the 
proposed configurations achieve competitive performance 
with respect to other state-of-the-art approaches, although 
the highest accuracies are still obtained by methods based 
on VGG-16 or more specialized architectures. This obser-
vation suggests that, while VGG-19-based solutions remain 
competitive, architectural choices and training strategies 
continue to play an important role in maximizing perfor-
mance on this dataset.

Regarding the Violent Flow dataset, the results obtained 
by Mumtaz et al. [32] using a VGG-19 + Bi-LSTM configu-
ration are very close to those achieved in this work. Notably, 
the proposed approach based on VGG-19 combined with 
a manual aggregation strategy attains higher accuracy than 
several methods relying on LSTM-based temporal model-
ing, including some approaches using pre-trained VGG-16. 
This further supports the idea that, under certain conditions, 
simple aggregation mechanisms applied to strong frame-
level predictors can be competitive with more complex tem-
poral architectures.

Finally, for the RWF-2000 dataset, none of the proposed 
models reach the performance levels reported by the best-
performing methods in the literature. This dataset appears 
to be substantially more challenging, likely due to its higher 
variability in viewpoints, illumination conditions, back-
ground clutter, and real-world recording scenarios. These 
characteristics limit the effectiveness of standard architec-
tures and make generalization more difficult.

Although the accuracy obtained on the RWF-2000 data-
set is lower than that reported by some previous approaches 
using similar VGG–LSTM combinations, the proposed 
framework offers several complementary advantages. First, 
unlike many existing works that introduce additional convo-
lutional blocks, optical-flow streams, or heavily customized 
architectures, the proposed models rely on a deliberately 
simple and standardized design. This allows a controlled 
analysis of the actual contribution of temporal modeling 
without introducing confounding architectural factors. Sec-
ond, all variants are evaluated under identical training and 
evaluation protocols, enabling a fair comparison between 
frame-based, LSTM, and Bi-LSTM approaches. Third, 
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of detected violent frames surpass those combined with 
LSTM and Bi-LSTM on the RWF-2000 and Violent Flow 
dataset, achieving 76% and 96% accuracy, respectively, 
and are comparable within a range of 1-2% in the Hockey 
fights dataset with 95%. Furthermore, the use of pre-trained 
VGG-19 with LSTM and Bi-LSTM layers achieves 96% 
and 97% accuracy, respectively, for the Hockey fights data-
set, 86% and 90% for the Violent Flow dataset, and 72% 
and 73% for the RWF-2000 dataset, indicating a marginal 
1% improvement with the use of Bi-LSTM in two out of 
the three datasets.

The proposed models achieve competitive performance 
on the Hockey Fights and Violent Flow datasets when 
compared with several recent works based on pre-trained 
CNN architectures. In some cases, the obtained results are 
comparable to, or slightly higher than, those reported by 
approaches using VGG-19 or VGG-16 backbones; how-
ever, such comparisons must be interpreted with caution, 
as differences in data splits, preprocessing strategies, back-
bone configurations, and training protocols prevent strictly 
equivalent evaluations. Interestingly, despite the greater 
depth of VGG-19 and its higher representational capacity, 
the results suggest that increased architectural complexity 
does not necessarily lead to better performance in video 
violence detection. This observation indicates that simpler 
architectures can be equally effective when combined with 
appropriate feature aggregation strategies, and highlights 
the importance of carefully balancing model complexity 
and practical effectiveness when designing violence detec-
tion systems.

As future work, the integration of trustworthy artificial 
intelligence principles [47] is considered, since the current 
models do not provide explicit explanations for their pre-
dictions. In this context, explainability techniques such as 
Gradient-weighted Class Activation Mapping (Grad-CAM) 
may be employed to identify the image regions that most 
influence the decision process. In addition, to improve per-
formance on challenging real-world datasets such as RWF-
2000, future research may explore transfer learning from 
larger and more diverse datasets, as well as data augmenta-
tion strategies that simulate realistic camera artifacts (e.g., 
motion blur, illumination variations, or compression noise). 
Domain adaptation or domain generalization techniques 
could also be investigated to reduce the performance gap 
between controlled and unconstrained scenarios.
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made this comparison, showing a modest 4% improvement. 
Thirdly, there is no clear relationship between hyperparam-
eter values or combination of these values and an increase 
in model accuracy. Fourthly, while it has been demonstrated 
that VGG-16 achieves excellent results in violence detec-
tion, the few recent studies using VGG-19 have not achieved 
better results, although theoretically a greater number of 
convolutional layers should lead to a better understanding 
of the scene in question.

Therefore, in this work, several models based on the well-
known VGG-19 network with pre-trained weights from the 
ImageNet dataset have been developed. VGG-19 is used to 
extract spatial features frame by frame from violence data-
set videos. The first model involves only a frame-by-frame 
analysis of detections made with pre-trained VGG-19, 
although it is assumed that temporal relationships between 
frames are lost, providing information on the effectiveness 
of action analysis through images. The second model incor-
porates VGG-19 with manual logic implementation, such 
that a video is not considered violent unless a certain num-
ber of frames are detected as violent by pre-trained VGG-
19. The third and fourth models involve the combination of 
pre-trained VGG-19 with the use of LSTM and Bi-LSTM 
layers, respectively.

Upon comparing the results of the architecture based 
on pre-trained VGG-19 with manual feature use to archi-
tectures based on pre-trained VGG-19 with LSTM and 
Bi-LSTM layers, it has been observed that CNNs play a 
significant role in prediction compared to the improvement 
brought about by the use of LSTM and Bi-LSTM layers. 
This raises the question of how necessary the temporal rela-
tionship between frames is for violence detection in video, 
although it is clear that an action occurs over time and is not 
instantaneous. It also raises the question of whether combin-
ing CNNs and LSTMs in parallel rather than concatenated 
would yield better results, as the input to LSTM and Bi-
LSTM layers would be the original video rather than the 
spatial features extracted by pre-trained VGG-19.

As results, it has been observed that even when estab-
lishing a wide range of hyperparameter values with learn-
ing rate and number of neurons in LSTM/Bi-LSTM layers 
and dense layers, there are no specific values that clearly 
increase the accuracy obtained. Neither does the increase, 
decrease, or same number of neurons notably affect the 
accuracy obtained.

The violence detection results obtained for the Hockey 
fights and Violent Flow dataset are promising, while those 
for the RWF-2000 dataset are less satisfactory due to its 
more varied and complex scenes. VGG-19 demonstrates 
strong frame-by-frame predictions with 94% and 92% 
accuracy for the Hockey fights and Violent Flow data-
set, respectively. Predictions using a minimum number 
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