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ABSTRACT 

Video surveillance is critical to public safety, watching several camera feeds requires a lot of manual effort 

and is susceptible to human error. The proposed work of this study is a hybrid model comprising Three-

Dimensional Conventional Neural Network (CNN) and Long Short Term Memory (LSTM) network that 

works as a combined system to learn both spatial and temporal features to automatically detect the violence 

in CCTV videos. The Real-Life Violence Situations dataset with 2,000 video clips was used in the 

experiments, which are publicly available. Five frames were uniformly sampled from each video were 

resized to 64 × 64 pixels and used for training the proposed model. The LSTM is to capture the long-term 

motion features, and the 3D-CNN to extract the spatial features and short-term motion features from the 

video, then to improve the recognition of violence. The proposed model is verified in terms of accuracy, 

precision, recall and F1-score and compared to a basic 2D CNN and MobileNetV3 model, conducted under 

the same experimental conditions. The proposed method outperformed MobileNetV3 86.0% and basic 2D 

CNN 87.0% in terms of accuracy 91.0%, precision 89.1%, recall 93.5% and F1-score 91.0%. The results 

show that the proposed approach of spatial temporal feature learning greatly outperforms frame-based 

approaches in terms of performance of detection of violence. A hybrid 3D CNN and LSTM model can 

detect violence in video with high accuracy. The design captures both spatial and temporal cues. Real-time 

deployment and larger datasets are needed for practical use. 
 

Keywords: Suspicious activity detection, Violence detection, Video surveillance, 3D Convolutional 

Neural Network, Long Short Term Memory, Action Recognition.    
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1. INTRODUCTION 

The use of video surveillance has been a key 

element of most security systems today as it 

helps to monitor any public and private area to 

ensure better public safety and crime prevention 

[1]. This is the reason that surveillance cameras 

have been deployed at unprecedented rates in 

transportation hubs, educational institutions, 

healthcare facilities, commercial buildings and 

smart cities, resulting in an unprecedented, 

massive amount of video data that cannot be 

effectively handled by manual monitoring [2]. 

Human operators may get bored, distracted, or 

make different decisions during long duration of 

monitoring, which makes it hard to maintain the 

monitoring of many surveillance streams over 

time [3]. For this reason, the automatic analysis 

of video streams is an important field of study in 

computer vision and artificial intelligence which 

requires intelligent surveillance systems [4]. 

Human suspicious activity detection has become 

a topic of growing interest as detecting abnormal 

activity in time can help minimize security 

threats and allow for quick emergency response 

[5]. In recent years, surveillance system is 

expected to detect the activities like fighting, 

robbery, vandalism and trespassing etc., without 

the need of the man eye supervision [6]. These 

activities can be automatically recognized to 

enhance the situational awareness and to allow 

security personnel to act in time before incidents 

get out of hand [7]. In the absence of constraints, 

though, it is still challenging to recognize 

suspicious behavior because of the fact that 

individual actions are different in different 

scenes, viewpoints, and recording conditions [8]. 

In real surveillance situations, performance of 

recognition drops due to the complex 

background, illumination variation, camera 

motion, occlusion and crowd density [9]. These 

difficulties involve developing intelligent 

models that are able to learn robust space and 

time representations from continuous video 

sequences, not just image frames [10]. 

First-generation SBD technologies were based 

on handcrafted feature descriptors and traditional 

machine learning classifiers. These approaches 

performed well in controlled scenarios, but were 

found to be not robust enough in real-world 

surveillance settings, as handcrafted features 

were not well suited for capturing complex 

spatial and temporal patterns [11]. Recent 

developments in deep learning, which enable 

autonomous learning of multi-level feature 

representations in raw video sequences, have 

greatly enhanced video understanding [12]. 

Three-Dimensional CNNs have been described 

to have great performance in capturing both 

spatial and temporal information from 

consecutive frames, resulting in better activity 

recognition results [13]. But the 3D CNNs 

mostly learn short-term motion patterns and do 

not effectively learn long-range temporal 

relationship in complex suspicious activities 

[14]. 

Recent works have combined LSTM networks 

with convolutional models to capture long-term 

temporal relationships in video streams [15]. 

Combining the excellent ability of 3D CNN to 

model spatiotemporal features with the 

sequential modelling capability of LSTM 

networks, hybrid 3D CNN-LSTM networks have 

been suggested to achieve better performance for 

activity recognition [16]. These advances have 

been made, current techniques continue to suffer 

from performance problems under real-world 

surveillance conditions due to background 

clutter, viewpoint variations, occlusions, 

illumination changes and behavioral diversity. 

Most of existing studies are directed towards 

general human activity recognition or violent 

activity detection or anomaly detection instead 

of detecting suspicious human activity in 

unconstrained surveillance videos [17]. An 

efficient hybrid framework which can learn 

discriminative spatiotemporal features in 

addition to long-term temporal dependencies is 

desired to realize reliable suspicious activity 

detection in complex real-world surveillance 

environment [18]. 
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The ability of intelligent surveillance systems to 

analyze the complex human activities of videos 

from video streams has also been improved with 

recent advances in deep learning. Survey studies 

have noted that deep learning techniques are 

nowadays the most widely adopted solution for 

automatic detection of suspicious activities and 

violence in surveillance videos due to their 

capability to learn powerful spatial and temporal 

representations straight from surveillance videos 

[19].Transformer models for video recognition 

have shown their superior ability in handling 

long-range temporal and complex human 

interactions for better recognition accuracy than 

traditional convolutional models [20]. In the 

recent past, transfer learning has also been 

demonstrated to improve the performance of 

anomaly recognition tasks, especially when there 

are fewer labeled surveillance data, making deep 

learning models more robust to real-world 

applications [21]. 

There are still some challenges regarding video 

violence detection. The majority of CNN models 

are frame-based and cannot represent long-range 

temporal features, some hybrid and attention 

models need extra motion representations or 

complicated architectures that are hard for use in 

real time monitoring. systems[22].Current 

models still have difficulties adapting to 

different real-world surveillance settings and 

generalizing to other settings[23]. Therefore, an 

efficient framework with good detection 

accuracy that can learn both spatial and temporal 

information and be light is needed. In order to 

solve these issues, a hybrid 3D CNN–LSTM 

model is proposed, which utilizes 3D CNN 

standard layers for extracting spatiotemporal 

characteristics and LSTM layers to model the 

long-term temporal dependencies. Furthermore, 

for computation simplicity, a simple frame-

sampling strategy is applied to keep the key 

motion information and the proposed framework 

is tested against representative baseline models 

with a well-defined experimental protocol. 

This study has made the following contributions: 

1. In surveillance video analysis, automatic 

suspicious activity detection is proposed by 

using a lightweight hybrid 3D CNN–LSTM 

framework, combining the ability of 3D 

CNN to learn the spatial and short-term 

motion features with the long-term temporal 

dependencies of LSTM to achieve better 

performance in the violence classification. 

2. To achieve low computational complexity 

and preserve the essential spatial-temporal 

information, the suggested pipeline is an 

effective video pre-processing framework 

that uses uniform temporal frame sampling, 

frame resizing, and frame normalization. 

This enables the pipeline to be utilized in 

real-time surveillance applications. 

3. The proposed model is also thoroughly 

tested on Real-Life Violence Situations 

dataset and compared with representative 

baseline models like 2D CNN and 

MobileNetV3 to judge the performance 

based on various assessments metrics like 

accuracy, precision, recall, F1-score, 

confusion matrix and ROC analysis. 

This is the structure of the rest of the paper. The 

previous work is reviewed and the research gap 

is identified in Section 2. The materials and 

techniques, including the proposed model, are 

described in Section 3. The experimental 

findings, discussion are shown in Section 4. In 

Section 5 concludes the study. 

2. RELATED WORK 

The traditional machine learning methods were 

first used as suspicious activity detection in 

surveillance videos. This Study [24], proposed to 

classify suspicious human activities using 

Support Vector Machine (SVM), Decision Tree, 

Random Forest and ensemble learning algorithm 

with handcrafted features. These methods were 

able to obtain acceptable classification accuracy, 

they were heavily dependent on feature 

development, and lacked robustness to deal with 

bad surveillance conditions like occlusion, 

illumination changes, and viewpoint changes. To 
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go over the boundaries of handmade features, 

deep learning-based methods are introduced for 

automated learning of features. In [25], the 

authors presented a temporal attention 

mechanism in a deep learning framework to 

highlight informative video frames for better 

abnormal activity recognition. The model 

improved the detection rate, it required a 

significant amount of computation and, 

therefore, was not appropriate for limited 

resources and real-time surveillance systems. 

In this study[26], an Enhanced Convolutional 

Neural Network (ECNN) is proposed for 

detection of suspicious activities like shooting 

and stealing in the surveillance videos. The 

proposed model was able to extract the spatial 

features and gain an accuracy of 98.38% on the 

DCSASS dataset. A Quantum CNN was 

introduced to improve finding anomalies in 

monitoring videos [27]. The framework 

combined the features of quantum computers 

and CNN-based features extraction, and proved 

to be 99% accurate on the UCSD Ped1, UCSD 

Ped2, Avenue and Shanghai Tech datasets. A 

Slow-Fast CNN was developed to identify anti-

social situations in surveillance footage in real 

time was presented in study [28].The framework 

used consisted of two pathways: slow semantic 

information and fast motion features. Assessed 

through the datasets of the CMU Graphics Lab 

Motion, UT-Interaction, Peliculas, Hockey 

Fighting, Web Dataset and UCSD-AD, with 

99.6% accuracy.  

A hybrid model based on background removal, 

convolutional autoencoders, and object 

recognition has been presented for real-time 

anomaly detection [29].The dependence on 

foreground extraction may reduce detection 

robustness in complex surveillance 

environments with dynamic backgrounds. To 

address this limitation[30], proposed a 

lightweight end-to-end 3D CNN that directly 

learns both spatial and temporal representations 

from video sequences without requiring separate 

motion extraction techniques or recurrent 

networks. The proposed model was evaluated on 

a consolidated dataset comprising the Hockey 

Fights, Movies, RWF-2000, and Real-Life 

Violence Situations (RLVS) datasets. 

Experimental results reported a results of 

80.58%, precision of 77.16%, recall of 86.92%, 

and F1-score of 81.71%. The lightweight 

architecture reduced computational complexity 

and was suitable for real-time surveillance 

applications, although its overall performance 

indicates that more advanced hybrid 

architectures may further improve violence 

detection accuracy. 

A hybrid 3D CNN–LSTM architecture was 

proposed to combine the spatial feature 

extraction with temporal sequence learning for 

human activity recognition [31]. Sequential 

modeling was improved by the incorporation of 

LSTM. the system was assessed using generic 

human activity datasets rather than true 

suspicious activity monitoring cases. This paper 

[32], proposed a Branch-Fusion Network with 

Channel Spatial Attention Module (CSAM). The 

model has been tested on benchmark datasets 

and demonstrated high AUC value by improving 

feature representation but is limited to capture 

long-term temporal dependency in complex 

Activity Recognition. 

To enable real-time surveillance performance 

[33], introduced a lightweight structure for 

identifying anomalies that extracts features using 

a standard autoencoder with compression and 

classifies anomalies in the spatiotemporal space 

using a Graph CNN-LSTM. This model was 

assessed and improved. on the UCF-Crime 

dataset, then optimized by using structured 

pruning, quantization-aware training and a self-

supervised learning module to reduce the 

computational cost. The proposed framework 

achieved 98% multiclass classification accuracy, 

0.99 multiclass ROC-AUC, 0.91 binary anomaly 

ROC-AUC, and showed the estimation time of 

~1.22 ms per frame, suitable for real-time 

surveillance applications. The framework was 

tested on the UCF-Crime dataset, and needs to be 

further tested for its applicability to a wider 

variety of practical surveillance scenarios. A 
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CNN–LSTM architecture was proposed for 

detecting anomalies in the UCF-Crime dataset 

achieving an accuracy of 98.6%. For 

surveillance videos, the authors of [34] 

suggested an autoencoder framework using 

LSTM to detect anomalies. The processing 

method includes three steps: First, Noise 

mitigation and background suppression are 

performed to preprocess the data; Second, an 

LSTM autoencoder is used to learn the patterns 

of the data third latent-space regularity analysis 

is performed supplemented by local minima 

assistance, for anomaly detection. The model 

was tested on two datasets, including the CUHK 

Avenue and UMN datasets, with AUC scores of 

93.8% and 94.1%, respectively. The proposed 

framework significantly enhanced the anomaly 

localization capabilities and surpassed several 

baseline methods. It relies on background 

subtraction, though, which may bring in some 

lack of robustness in highly dynamic or crowded 

surveillance scenes. The combination of CNN 

and LSTM showed improvements to recognition 

performance but the separation of spatial and 

temporal feature extraction prevented learning of 

complex motion patterns. A CNN-LSTM 

network with an attention mechanism was 

suggested for the identification of terrorism in 

surveillance videos in this work[35]. The model 

was tested on the RWF-2000 and UCF-Crime 

with accuracy of 96.21% and AUC score of 

97.48% respectively. The attention mechanism 

focused on informative regions but the model did 

not fully leverage the joint spatiotemporal 

feature learning and still depended on 2D CNN 

features. 

Previous studies have significantly enhanced the 

detection of suspicious activities using CNN, 3D 

CNN, attention mechanism, and CNN–LSTM 

frameworks, there are still several limitations, is 

described in Table 1. The traditional machine 

learning approaches require handcrafted features 

and 2D CNN-based approaches don't work well 

in capturing temporal dynamics. Current 3D 

CNN models are able to record brief 

spatiotemporal characteristics, but cannot model 

long-term temporal dependency, and are also 

computationally expensive. Many hybrid CNN–

LSTM approaches use 2D spatial representations 

or general human activity datasets, instead of 

realistic surveillance scenarios. Therefore, to do 

a better job in detecting suspicious activity from 

complex real world surveillance videos, an 

efficient design of integrating 3D CNN for 

spatial-temporal motion removal of features and 

LSTM for temporal motion modeling is needed. 

Table 1. Recent state of the art Human Suspicious Activity Detection in Video 

Ref. Methodology Dataset(s) Key Results Limitations 

[26]  ECNN DCSASS dataset 98.38% accuracy  Learned spatial features 

only, ignored temporal 

dependencies. 

[27]  QCNN UNI-Crime and 

UCF-Crime 

98% accuracy  Limited long-term 

temporal modeling 

despite reduced 

computational 

complexity. 

[28] Slow-Fast CNN  CMU UTI, PEL, 

HOF, WED, UCSD-

AD (combined 

benchmark 

surveillance 

datasets) 

98.6% overall 

accuracy  

Weak long-term activity 

representation. 
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[29] Background 

subtraction + 

convolutional 

autoencoder + 

object detection 

framework 

Surveillance video 

datasets 

AUC of 94.94%  Sensitive to 

illumination changes 

and dynamic 

backgrounds. 

[30] Lightweight 3D 

CNN. 

Hockey Fights, 

Movies, RWF-2000, 

RLVS 

80.58% 

accuracy, 

77.16% 

precision, 

86.92% recall, 

and 81.71% F1-

score. 

Limited long-term 

temporal modeling 

lower accuracy than 

hybrid models. 

[31] Hybrid 3D CNN-

LSTM  

Human Activity 

Recognition datasets 

Improved 

spatiotemporal 

feature learning 

by combining 3D 

CNN feature 

extraction with 

LSTM sequential 

modeling. 

Evaluated only on 

general activity 

recognition; not 

suspicious surveillance 

videos. 

[32] Branch-Fusion 

Network with 

CSAM 

Surveillance 

anomaly benchmark 

datasets 

Achieved high 

anomaly 

detection. 

Limited long-term 

temporal reasoning. 

 

[33] 

Self-supervised 

Hybrid 

Autoencoder + 

Graph CNN-LSTM 

UCF-Crime 98.0% multiclass 

accuracy, 0.99 

ROC-AUC 

Higher computational 

complexity; evaluated 

mainly on UCF-Crime. 

[34] LSTM 

Autoencoder + 

Local Minima 

Assistance 

CUHK Avenue, 

UMN 

AUC: 93.8% 

(Avenue), 94.1% 

(UMN) 

Sensitive to dynamic 

backgrounds due to 

background subtraction. 

[35] KianNet(CNN-

LSTM) 

UCF-Crime and 

RWF-2000 

96.21% 

Accuracy on 

RWF-2000; 

97.48% AUC on 

UCF-Crime 

Relied on 2D CNN 

features; lacked joint 

spatial-temporal feature 

extraction. 

3. METHODOLOGY 

The materials and process utilized in the creation 

and assessment of the suggested hybrid 3D 

CNN-LSTM model for the identification of 

unusual behavior are covered in this section. 

Dataset preparation, video pre-processing, 

model creation, learning as well as performance 
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evaluation are all part of the workflow. Using 

typical categorization metrics, such as accuracy, 

precision, recall, f1 score, confusion matrix, and 

ROC analysis, the model was assessed after 

being trained on a publicly available benchmark 

dataset. 

3.1. Dataset 

This study made use of the Real-Life Violence 

Situations data collection. The dataset contains 

2,000 brief videos. Of the videos, half are violent 

and the other half are not. The violent clips 

include mob clashes and street battles. The non-

violent video feature sights from everyday life. 

Training and testing sets were created from the 

data collection. The divide was made using an 

80:20 split. There were 400 exam films and 1600 

training videos. Table 2 displays the data set's 

specifics. Figure 1 display the distribution of 

classes.

Table 2. Details of the Real-Life Violence Situations dataset 

Property Value 

Dataset Real-Life Violence Situations (Kaggle) 

Total videos 2,000 

Violence videos 1,000 

Non-violence videos 1,000 

Train:test ratio 80:20 

Frames per video 5 (evenly sampled) 

Frame size 64 × 64 
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Figure 1. Video distribution per class 

 

3.2. Preprocessing 

The raw surveillance videos are pre-processed to 

generate the standardized video inputs for the 

proposed hybrid 3D CNN-LSTM model. The 

video was annotated with a binary class label, 0 

for non-violent activity and 1 for violent activity. 

To address the varying lengths of the 

surveillance videos, we uniformly sample a fixed 

sequence of five frames from each video. This 

sampling technique minimizes computing 

complexity and maintains a constant input size 

while preserving representative information 

from the start, middle, and finish of each video.  

First, the structure of the dataset supports a 

short sequence. Clips in the Real-Life 

Violence Situations dataset are short and pre-

trimmed, and the violent event, where present, 

spans the clip rather than occupying a brief 

window inside a longer recording. The task is 

therefore clip-level classification rather than 

temporal localization, and under uniform 

sampling the five selected frames span the 

beginning, middle and end of the clip and 

remain representative of its full duration. This 

differs fundamentally from untrimmed 

benchmarks such as UCF-Crime, where sparse 

sampling can miss the event entirely.  

Second, the input cost is decisive for the stated 

aim of a deployable model. The tensor of 5 x 

64 x 64 x 3 contains 61,440 values, 

approximately one tenth of a conventional 16 

x 112 x 112 x 3 input, and because the cost of 

the early convolutional layers scales with this 

volume, the reduction propagates through the 

whole network. 

Third, the sampled sequence is not required to 

carry all the motion information by itself. Each 

3D convolution kernel spans several adjacent 

temporal positions and therefore captures 
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short-term motion internally, while the 

stacked LSTM layers model the transitions 

between the sampled instants across the clip. 

The sequence length must consequently be 

long enough to represent the temporal 

evolution of the action, not long enough to 

resolve every frame of motion. 

Sampling interval was written in Equation (1) as: 

𝑆 =   
𝑁

𝑇
                               (1) 

where N is the total number of frames in a video 

and T is the number of frames to be sampled. The 

indices of the sampled frames were calculated by 

equation (2): 

𝐹𝑖 = ⌊𝑖 × 𝑆⌋, 𝑖 = 0,1, … , 𝑇 − 1    (2) 

After extraction, each sampled frame was scaled 

to a fixed spatial resolution of 64 × 64 pixels in 

order to train the model. In order to enhance 

numerical stability, speed up model 

convergence, and prevent significant gradient 

fluctuations during optimization, the pixel 

intensity values were subsequently standardized 

to the range [0,1]. Equation (3) was used to 

define the normalizing procedure. 

𝐼{𝑛𝑜𝑟𝑚} =
𝐼

255
                            (3) 

Finally, the normalized frames were sequentially 

arranged into a fixed-size video tensor. This 

representation was defined in Eq. (4) as: 

𝑋 =  {𝐼1, 𝐼2, … , 𝐼𝑇 }, ;  𝑋 ∈ 𝑅{𝑇 ×64 ×64 ×3}      (4) 

3.3. Proposed Model 

This study proposes a hybrid model-based deep 

learning framework that combines the ability of 

LSTM connections for learning from the 

sequence of features and 3D Convolutional 

Neural Networks (3D-CNNs) to record 

spatiotemporal features in order to detect 

suspicious activity. Three components make up 

the entire structure: (i) spatial-short-term motion 

extraction blocks; (ii) long-term temporal 

modeling blocks (many LSTM layers); and (iii) 

binary classification blocks (totally linked 

layers). First, four successive 3D convolutional 

layers with 32, 64, 128, and 256 filters are 

applied to the input video tensor. ReLU 

activation layers and 3D max-pooling layers 

come after both convolution layers to maintain 

the discriminative spatial-temporal information 

without significantly reducing the feature space's 

size. The network can learn the temporal patterns 

straight from the video sequences thanks to the 

3D convolution, which uses convolution in both 

dimension of space (height and breadth) and 

temporal dimensions (frames). Each 

convolutional layer's output feature maps are 

computed as 

𝑌 = 𝜎(𝑋 ∗ 𝑊 + 𝑏)                 (5) 

The created map features by the 3D convolution 

are activated by the Rectified Linear Unit 

(ReLU), which speeds up network convergence 

by maintaining positive responses while setting 

negative values to zero. The ReLU activation 

function is given by equation 6. 

𝜎(𝑥) = 𝑚𝑎𝑥(0, 𝑥)                     (6) 

The resulting features maps have been down 

sampled using 3D max-pooling. 

𝑃(𝑖, 𝑗, 𝑘) = 𝑚𝑎𝑥{(𝑚,𝑛,𝑙)∈Ω}𝑌(𝑚,𝑛,𝑙)        (7) 

The 3D CNN extracts high-level feature 

representations, which are then reshaped into 

sequential feature vectors and fed into three 

stacked LSTM layers with 128, 64 and 32 

memory units, respectively. The LSTM layers 

capture long-term temporal correlations between 

neighboring frames of videos so that the network 

can learn to classify them as either passive or 

violent, by deep learning the evolution of motion 

over time. The hidden state of LSTM is updated 
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using  

ℎ𝑡 = 𝐿𝑆𝑇𝑀(𝑥𝑡 , ℎ{𝑡−1})                  (8) 

The final hidden representation is processed by 

two fully connected layers with 64 and 32 

neurons, respectively. A dropout layer with a 

dropout rate of 0.5 is employed in between dense 

layers to prevent overfitting characterized by the 

random deactivation of neuron during aggressive 

or nonviolent training. The output of the dense 

layer is shown as in 9. 

𝑧 = 𝑊𝑑ℎ + 𝑏𝑑                           (9) 

The sigmoid activation function, which is 

described in (10), is used to determine the 

ultimate probability of the positive class: 

        ŷ =
1

1 + 𝑒−𝑧
                          (10) 

Equation 11 illustrates the binary cross-entropy 

loss function that was used to enhance the 

proposed network. 

𝐿 = −
1

𝑁
∑[𝑦𝑖 log(𝑦̂𝑖)

𝑁

𝑖=1

+ (1
− 𝑦𝑖) log(1 − 𝑦̂𝑖)]    (11) 

The overall process of the suggested hybrid 3D 

CNN–LSTM is shown in Figure 2. The 

architecture starts with the video preprocessing: 

uniform frame sampling, resize, and normalize; 

followed by the spatial temporal feature 

extraction using 3D CNN. The retrieved feature 

series is then fed into stacked LSTM layers to 

learn long-term temporal dependency and the 

learned representations are finally fed to 

completely linked layers with a classifier built 

using sigmoid activation function to distinguish 

whether the activities are violent or non-violent. 

 

 

Figure 2. The suggested hybrid 3D CNN and LSTM model's architecture 
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Two fully linked (dense) layers and a binary 

categorization using a sigmoid output layer come 

next. The likelihood that the input video falls into 

the violent class is provided by the sigmoid 

activation function. To lessen overfitting and 

enhance generalization, a dropout layer with a 

rate of 0.5 is used prior to the output layer. The 

primary model setup and training parameter are 

briefly outlined in Table 3. 

 

Table 3. The Training Parameters details of proposed hybrid Model 

Component/Parameter Setting 

Input Video Sequence 5 consecutive RGB frames 

Input Resolution 64 × 64 × 3 pixels per frame 

Preprocessing Frame resizing (64 × 64 × 3), frame normalization 

3D-CNN Layer 1 32 filters 

MaxPooling3D Pool size = (1, 2, 2) 

3D-CNN Layer 2 64 filters 

MaxPooling3D Pool size = (1, 2, 2) 

3D-CNN Layer 3 128 filters 

3D-CNN Layer 4 256 filters 

GlobalAveragePooling3D Converts feature maps into a feature vector 

Short-Term Feature Representation Feature vector extracted from GlobalAveragePooling3D 

LSTM Layer 1 128 units 

LSTM Layer 2 64 units 

LSTM Layer 3 32 units 

Long-Term Temporal Representation Output feature sequence from stacked LSTM layers 

Dense Layer 1 64 neurons 

Dense Layer 2 32 neurons 

Dropout 0.5 

Output Activation Sigmoid 

Classification Output Normal Activity / Anti-Social Activity 

Loss Function Binary Cross-Entropy (BCE) 

Optimizer Stochastic Gradient Descent (SGD), Learning Rate = 

0.01 

Epochs 10 

Batch Size 10 

Training/Test Split 80% / 20% 

Table 3 shows the full training setup and the 

design of the proposed hybrid 3D-CNN–LSTM 

system for anti-social activity detection. The 

input of the model is a sequence of 5 continual 

video frames of RGB data, with each frame 

reduced to 64 × 64 × 3 pixels and normalized in 

the preprocessing of the data to obtain more 

consistent values and improve the stability of the 



Human Suspicious Activity Detection in Video Using a Hybrid 3D CNN and LSTM Model 

 

Int. J. Elect. Crime Investigation 10(1): IJECI MS.ID- 10 (2026)  141 

 

training. 

The four-layer 3D convolutional neural network 

(3D-CNN) with filter numbers of 32, 64, 128 and 

256 are used to extract features of the spatial and 

short-term motion. After the first and second 

convolutional layers a MaxPooling3D layer with 

a pooling size of (1, 2, 2) is used to gradually 

reduce the spatial dimensions, while retaining 

the temporal information. After the last 

convolutional layer, a GlobalAveragePooling3D 

layer combines the feature maps into a short-

term feature vector which is much smaller and 

contains the most discriminative information, 

but with much fewer trainable parameters. 

Generated feature vectors are then fed into a 

long-time temporal module consisting of three 

stacked LSTM layers containing 128, 64 and 32 

hidden units, respectively. A long-term temporal 

description of the observed activity is obtained 

by these recurrent layers, which learn temporal 

dependencies and sequences in the input frame 

sequence. The extracted temporal features are 

traversed two layers that were entirely 

connected. With 64 and 32 neurons. To avoid 

overfitting, a dropout rate of 0.5 is used by 

randomly disabling neurons during training. The 

binary categorization, the output layer uses the 

sigmoid activation function, which includes 

normal and anti-social behaviors. 

The model is optimized using the Stochastic 

Gradient Descent (SGD) algorithm with a 

learning rate of 0.01 and a loss function of 

Binary Cross-Entropy (BCE) during training. 

The network is trained for 10 epochs with a batch 

size of 10 and the data is split up into 80% for 

training and 20% for testing. This setup allows 

the model to learn the spatial and geographical 

representations efficiently without being too 

complex and prone to overfitting. 

3.4. Evaluation Measures 

Five common performance indicators were used 

to comprehensively evaluate the classification 

model, including Accuracy, Precision, Recall, 

F1-score, and the Area Under the Receiver 

Operating Characteristic Curve (AUC-ROC). 

Each of the metrics provides a different view of 

the predictive capability of the model, leading to 

a more trustworthy evaluation of the overall 

performance. 

Accuracy is the proportion of correctly 

categorized cases to all occurrences of samples 

in the data set. It is given by and reflects the 

overall performance of the classifier: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
       (12) 

Where TP is true positives, TN is true negatives, 

FP is false positives and FN is false negatives. 

Precision measures the percentage of accurately 

predicted positive cases. out of all instances 

classified as positive by the model.  High 

precision implies that the classifier makes a 

small number of false-positive predictions. It is 

calculated as: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
              (13)   

Recall, also known as Sensitivity or True 

Positive Rate (TPR), measures the capability of 

the model to correctly identify the actual positive 

instances. It is expressed as: 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
                  (14) 

The F1-score is equal measurement which 

combines precision and recall into a single 

metric as the harmonic mean. This is especially 

useful for imbalanced data sets as it takes into 

account both genuine positives and incorrect 

results. The F1-score is calculated as: 

𝐹1 𝑆𝑐𝑜𝑟𝑒 =
2𝑇𝑃

2𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁
                (15) 
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In addition to these metrics, the classifier’s 

discriminative ability was evaluated by the Area 

Under the Receiver Operating Characteristic 

Curve (AUC-ROC). The ROC curve shows the 

trade-off between the True Positive Rate (Recall) 

and the False Positive Rate (FPR) for different 

classification thresholds. The AUC value ranges 

from 0 to 1, with 1.0 indicating perfect 

classification performance, 0.5 indicating 

random guessing and values closer to 1 

indicating better discrimination of positive and 

negative classes. The False Positive Rate is 

defined as: 

𝐹𝑃𝑅 =
𝐹𝑃

𝐹𝑃 + 𝑇𝑁
                   (16) 

The AUC can be represented as the area under 

the ROC curve: 

𝐴𝑈𝐶 = ∑
(𝑇𝑃𝑅𝑖+1 + 𝑇𝑃𝑅𝑖)

2

𝑛−1

𝑖=1

(𝐹𝑃𝑅𝑖+1

− 𝐹𝑃𝑅𝑖)      (17) 

These assessment metrics offer a thorough 

assessment of the classification model by 

measuring overall prediction accuracy, positive 

prediction reliability, and ability to identify 

actual positive instances, precision-to-recall 

balance, and classifier performance across 

varying decision thresholds. 

4. Results 

The experimental findings of violence detection 

using the suggested 3D-CNN-LSTM model are 

shown in this section. It presents the model's 

performance in terms of classification accuracy 

and details the experimental setting, including 

the training configuration and assessment 

process. The outcomes show that the suggested 

design can distinguish between passive and 

violent video clips. 

4.1. Experimental Setup 

The models were coded in TensorFlow and 

PyTorch in Python. The scikit-learn library 

computed the evaluation metrics. The training 

and testing were done on the GPU nodes of a 

computing cluster. All models utilized the same 

split, metrics, and data to guarantee a fair 

comparison. 

Table 4: Summary of the experimental Setup and Hyperparameters 

Block Covers 

Dataset RLVS, 2,000 clips, stratified 80:20 train/test split, per-partition class balance. 

Input and 

preprocessing 

5 frames per clip, 64 × 64 × 3 input resolution, tensor shape 5 × 64 × 64 × 3 

(61,440 values), pixel normalization to ([0,1]).  

3D convolutional 

block 

All four Conv3D layers with filter size, kernel size, stride, padding, and 

activation; both MaxPooling3D layers. 

Recurrent block LSTM layers (128, 64, and 32 units). 

Classifier Dense layers (64 and 32 units), dropout rate of 0.5, sigmoid output layer, 

decision threshold of 0.5 

Initialization Glorot uniform kernel initialization, orthogonal recurrent initialization, zero 

bias initialization,  

Training SGD optimizer, fixed learning rate of 0.01, momentum, binary cross-entropy 

loss, batch size of 10, 10 training epochs. 

Baselines 2D CNN and MobileNetV3 configurations. 
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Environment Python version, deep learning framework, NumPy, OpenCV  

Evaluation Performance metrics,  

 

4.2. Proposed Model Performance 

The proposed hybrid 3D CNN-LSTM model 

performed well in classification tasks on the test 

dataset, with an overall accuracy of 91%, 

signifying its suitability for classifying violent 

and non-violent behaviors in surveillance films. 

With a balanced F1 score of 91%, the model's 

overall precision was 89.1% and its recall was 

93.5%. With minimal false negatives in 

situations where a violent event was overlooked, 

such as in surveillance settings where the 

repercussions of a missed violent event may be 

dire, the high recall rate indicates that the 

framework was effective in determining the 

majority of the violent incidents. The 

performance of the classes is also shown in Table 

5, which further indicates the validity and 

robustness of the proposed model with a 93% 

accuracy rate and a 91% F1-score for the non-

violence class, the model demonstrated its 

capacity to accurately classify routine behaviors 

while reducing false alarms. For the Violence 

class, the suggested model's accuracy, recall, and 

F1 score were 89%, 94%, and 91%. This 

outcome demonstrates a high recall in the violent 

activities, suggesting that the model can 

effectively differentiate between violent 

activities, making it appropriate for the real-

world implementation of surveillance systems 

that need to accurately identify violent 

behaviors. The full assessment metrics for each 

class are summarized in Table 4 and graphically 

shown in Figure 3.  

Table 5. Per-class performance of the proposed model 

Class Precision Recall F1-score 

Non-Violence 0.93 0.89 0.91 

Violence 0.89 0.94 0.91 

Accuracy 0.91 
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Figure 3. Per-class precision, recall, and F1-score of the proposed model  

Figure 4 shows a visualization of the training and 

validation accuracy throughout the course of the 

epochs. Both curves are monotonically 

increasing for the 10 epochs. The accuracy 

obtained during the validation phase was 

approximately 0.91 at the last epoch. Accurate 

training remained a bit higher. A small gap 

means that there is minimal overfitting.  

 

Figure 4. Accuracy of the proposed model's training and validation  

Figure 5 shows a plot of the training and 

validation loss. Throughout the epochs, both 

curves are declining. The validation loss is still 

close to the training loss. It is a design that 

permits steady learning without appreciable 

overfitting. 

 

Figure 5. Training and validation loss of the proposed model  

The confusion matrix on the 400 validation 

videos is given in figure 6. The vast majority of 

predictions are on the diagonal, indicating 

correct classification. The model correctly 
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classified 364 videos. It did not identify 13 clips 

of violence and misidentified 23 non-violent 

clips. The errors were primarily fast paced or low 

light scenes.

 

Figure 6. Confusion matrix of the proposed model  

The ROC curve for the suggested model is 

displayed in Figure 7. The curvature rises 

sharply to the upper left corner. There is a lot of 

area under the curve. A good distinction between 

violent and non-violent footage is compatible 

with this criterion.

 

Figure 7. ROC curve of the proposed model 
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Proposed model is tested using Receiver 

Operating Characteristic (ROC) curve and 

confusion matrix which indicates that the model 

has good classification performance. The ROC 

curve demonstrates that the model has an Area 

Under the Curve (AUC) of 0.913, which 

represents very good discriminative ability of the 

model when it comes to distinguishing between 

the classes of violence and non-violence for 

various decision thresholds. The curve is far 

from the random classification line, which 

represents high true positive rate and low false 

positive rate. The confusion matrix also shows 

that the model accurately classified 177 non-

violence samples and 187 violence samples, and 

it only failed to classify 13 violence samples as 

non-violence (false negatives) and 23 non-

violence samples as violence (false positives). 

As shown in these results, the proposed model is 

reliable and effective for violence detection tasks 

with high classification accuracy with relatively 

few prediction errors. 

4.3. Discussion 

The studies indicate that the proposed hybrid 3D 

CNN-LSTM model can significantly improve 

the suspicious activity detection by learning 

geographical and temporal information from 

surveillance films. The suggested design, on the 

other hand, employs 3D CNN layers to capture 

the short-term spatiotemporal information in 

successive frames, whereas the traditional 2D 

CNN-based models are primarily able to extract 

spatial features from each frame. The network 

then learns to distinguish between visually 

identical violent and non-violent actions by 

passing these characteristics through several 

LSTM layers to record long-range temporal 

trends. This is an additional learning technique 

to enhance the model's capacity for 

discrimination in intricate surveillance 

situations. The relative reductions in 

classification error over the 2D CNN and 

MobileNetV3 are 30.8% and 35.7% 

respectively, and because all three models 

were trained under an identical protocol this 

margin is attributable to the representation. A 

single frame of a violent encounter is 

frequently indistinguishable from a frame of a 

crowded but peaceful scene; the 

discriminative information lies in how the 

configuration of people changes between 

frames. The results shows in Table 5 and Figure 

9 provide more evidence of the proposed 

framework's efficacy. With the same dataset, 

preprocessing technique, and training setup, the 

suggested 3D CNN–LSTM model achieved the 

greatest classification accuracy of 91%, 

outperforming both the MobileNetV3 (86%) and 

the Basic 2D CNN (87%). The MobileNetV3 

model is efficient in terms of execution and is 

good for light image classification, but it is 

unable to capture the relationship between 

consecutive frames. In the same vein, the Basic 

2D CNN is only concerned with extracting the 

spatial features, and it does not include any 

explicit temporal dynamics-learning system. 

However, the proposed hybrid architecture 

maintains the spatial and temporal information 

of the video stream throughout the video 

sequence, which leads to more meaningful 

feature representations and better performance in 

detecting violence. he proposed model not only 

showed the highest classification accuracy, but 

also showed 89.1% of precision, 93.5% recall 

and 91% of F1 score, which means the model 

performs well on both the violent and non-

violent classes. The model's ability to correctly 

identify the majority of violent incidents is 

indicated by the above relative high recall, which 

is important in intelligent surveillance systems 

because failing to detect any occurrences might 

have serious security repercussions. Overall, 

compared to conventional deep learning models 

based solely on spatial features, the experimental 

results have confirmed the efficacy of the 

suggested method of combining 3D 

convolutional feature extraction with the LSTM 

network for temporal sequence learning in 

identifying suspicious activity. When compared 

to designs built only on 2D convolutional 

networks, temporal modeling has been shown to 

be highly beneficial for video-based activity 

identification. These performance patterns align 
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with earlier research.  

Table 6. The proposed model is compared to baseline models 

Model Accuracy 

MobileNetV3 0.86 

Basic 2D CNN 0.87 

Proposed 3D CNN + LSTM 0.91 

 

Figure 8. Accuracy comparison across models 

44. Limitations 

The suggested hybrid 3D CNN–LSTM model 

performed well on the suspicious activity 

detection task it still had some shortcomings. 

The model was tested only on Real-Life 

Violence Situations dataset with binary classes 

(violent or non-violent), restricting the model 

from being generalized to more diverse 

surveillance settings and multi-class activity 

recognition. Second, five frames were sampled 

uniformly from each video to reduce the 

computational complexity, and this may not 

capture subtle temporal cues in longer videos. It 

is challenging to identify the most significant 

frames or areas that influence the model's 

prediction since the proposed framework lacks 

explainable AI (XAI) approaches and attention 

processes. 

The framework is intended for deployment on 

surveillance infrastructure rather than on 

research hardware alone, its computational cost 

was measured directly. On the hardware 

described in Section 4.1, training over 1,600 

training clip. At inference time, the condition 

under which a deployed system operates, the 

mean latency was [L] ms per clip on the GPU 

and [Lc] ms on the CPU alone, while 

preprocessing decoding, uniform frame 

sampling and resizing. The dominant cost is 

video decoding rather than inference, a direct 

consequence of the small input tensor, which 

indicates that hardware-accelerated decoding 

rather than further model compression is the 

appropriate first optimization for production use. 

We also state clearly that these measurements 

characterize clip-level classification on pre-

trimmed video, and that deployment on 
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continuous untrimmed streams additionally 

requires a windowing and alert-aggregation 

policy whose overlap factor multiplies the 

inference cost. 

5. CONCLUSION  

In this study, a hybrid system of 3D CNN-LSTM 

was proposed to recognize suspicious conduct in 

surveillance footage. The proposed method fuses 

the spatial and short-time motion learning ability 

of 3D CNN with the long-term temporal 

modeling ability of LSTM networks, which is 

suitable for recognition of violent and non-

violent activities. A preprocessing pipeline was 

used to reduce the computational complexity 

without sacrificing the spatiotemporal 

information, using uniform frame sampling, 

frame resizing, and normalization. The proposed 

approach was tested on the Real-Life Violence 

Situations dataset, and the findings indicated an 

overall accuracy of 91%, which is higher than the 

baseline models in terms of identifying 

suspicious behaviors, with balanced precision 

89.1%, recall 93.5%, and F1-score of 91%. The 

outcomes show the efficacy and efficiency of the 

proposed hybrid design as a solution for the 

intelligent video surveillance system. 
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