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Abstract—This work presents a hybrid quantum-classical ma-
chine learning approach for automated violence detection in
surveillance videos. The proposed pipeline integrates a deep
neural network for visual feature extraction, a classical pre-
processing module to prepare data for quantum input, a quantum
autoencoder for feature compression and transformation, and
a final classical classifier for decision-making. Experimental
evaluations demonstrate that the hybrid approach outperforms
conventional PCA-based dimensionality reduction, achieving su-
perior accuracy, efficient compression, and enhanced robustness.
These results highlight the framework’s potential for scalable,
real-time surveillance systems aimed at improving public safety.

I. INTRODUCTION

Violence detection is an important problem in applications
such as intelligent surveillance, public safety monitoring, and
automated video analysis. Conventional methods often rely on
handcrafted motion features or purely deep learning (DL).
However, these methods tend to generate high-dimensional
feature spaces that demand substantial memory and compu-
tational resources, making real-time deployment challenging.
In addition, handcrafted approaches often fail to capture
complex spatio-temporal dependencies, while traditional DL
architectures can struggle with scalability and robustness when
exposed to diverse environments or low-quality video streams.
Quantum computing, particularly quantum machine learning
(QML), offers a compelling path forward for efficient pro-
cessing of such data by exploiting quantum parallelism and
entanglement to reduce computational overheads and enhance
representational power [1], [2]. Recent studies have also
shown the potential of quantum-inspired feature processing
and clustering for efficient pattern recognition [3], [4]. This
emerging paradigm has the potential to bridge the gap between
accuracy and efficiency, paving the way for next-generation
intelligent surveillance systems. Furthermore, quantum autoen-
coder (QAE) provide an effective mechanism for compressing
redundant features while retaining critical information, thereby
improving both storage efficiency and downstream classifi-
cation performance [5]. The synergy between DL feature
extractors and quantum-enhanced representations also opens
possibilities for improved generalization, noise resilience, and
adaptability to real-world surveillance scenarios.

II. PROPOSED METHODOLOGY

We propose a hybrid quantum-classical (HQC) framework
for violence detection in continuous video frames, integrating

pretrained convolutional neural network (CNN) feature extrac-
tion with quantum encoding and classical classification. The
pipeline consists of four stages.

A. Classical Feature Extraction

High-level classical features are extracted from custom
built video dataset, using a pretrained ResNet50 convolutional
layers and the network is truncated before the fully connected
layers. Each input video frame is transformed into a 2048-
dimensional feature vector which is the output of convolutional
block of ResNet50:

fCNN ∈ R2048 (1)

B. Classical Preprocessing

To interface with the quantum layer, the 2048-dimensional
feature vectors are reduced to a length of 2nqubits via a feedfor-
ward neural network (NN) [2]:

fclassical = NN(fCNN) ∈ R2
nqubits (2)

This network has layer sizes 2048 → 512 → 64 → 2nqubits ,
with ReLU activations applied between hidden layers.

C. Quantum Feature Encoding

The vector output from the NN is encoded into the quantum
state using amplitude embedding :

|ψ⟩ =
2
nqubits−1∑
i=0

fclassical[i]|i⟩ (3)

Quantum embedding has a potential advantage over classical
methods like PCA by enabling representation in a Hilbert
space that captures richer feature interactions through entan-
glement and superposition [5]. Unlike PCA, which performs
linear dimensionality reduction, quantum embeddings can en-
code non-linear correlations more compactly and with fewer
parameters, which enhances expressivity and generalization.

A parameterized quantum circuit, constructed with basic
entangled layers, applies trainable rotations and entanglement
operations to the encoded state |ψ⟩. The quantum autoencoder
(QAE) achieves a compression ratio of 2n : (n/2), which
scales exponentially with the number of features. In practice,
this is realized by measuring the Pauli-Z expectation values
on the first nqubits/2 qubits, thereby producing a compressed
quantum feature vector [6].



This parameterized quantum circuit is implemented in the
QAE as:

U(θ) =

L∏
i=1

 4∏
j=1

Rj(θi,j)

 · CNOTentangling (4)

where Rj are rotation gates and L is the number of layers.

D. Classical Postprocessing and Classification

The quantum output vector is passed to a classical post-
processing layer for binary classification of Violence vs Non-
violence actions.
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Figure 1. Loss and accuracy trends of the proposed model.

III. RESULTS

The proposed HQC framework was implemented for binary
classification of violent and non-violent actions. ResNet50 was
employed as a feature extractor to generate 2048-dimensional
embeddings, which were subsequently reduced to 16 dimen-
sions for a 4-qubit system, and the model was trained and
evaluated on a custom dataset of recorded surveillance videos
captured under varying lighting conditions. These compressed
features were encoded via amplitude embedding into a quan-
tum layer, followed by entangling operations and classical
post-processing for final classification.

The training and validation curves (Fig. 1) demonstrate sta-
ble and consistent convergence of the hybrid framework. The
training accuracy rapidly improved, surpassing 90% within the
first 10 epochs and converging towards 98–99% by epoch
50. Validation accuracy followed a similar trend, stabilizing
around 95–96% with only minor fluctuations, indicating strong
generalization capability. On the other hand, the training loss
decreased steadily from an initial value above 0.5 to below
0.05, while the validation loss converged near 0.15, further
confirming robust convergence.

These results verify that the integration of quantum feature
embedding and entanglement operations preserves classifica-
tion performance while providing efficient compression of
high-dimensional CNN features. The hybrid model consis-
tently achieved validation accuracy comparable to the original
ResNet50 backbone while requiring significantly fewer dimen-
sions for downstream classification, as summarized in Table I.
This indicates that HQC models can exploit both classical

feature hierarchies and quantum representational power to
achieve high accuracy, robustness, and scalability for real-time
surveillance applications.

Table I
COMPARATIVE EVALUATION OF CLASSICAL AND QUANTUM-CLASSICAL

MODELS FOR VIOLENCE DETECTION

Model Training Acc. Validation Acc. Compression

Original ResNet50 99.6% 97.3% 1:1
Classical PCA 85.5% 84.3% 512:2
Quantum-Classical 99.03% 96.29% 512:2

IV. CONCLUSION

This work demonstrates the successful integration of a DL
backbone (ResNet50) with a quantum-enhanced classifier for
image-based violence detection. Beyond performance gains,
the proposed HQC design highlights the potential of quantum-
assisted compression to reduce computational load without
compromising accuracy, which is critical for real-time surveil-
lance. These findings indicate that HQC approaches can move
beyond proof-of-concept and towards scalable, deployable sys-
tems in intelligent monitoring. Future extensions may consider
larger qubit systems, temporal modeling of video sequences,
and deployment on near-term quantum hardware to further
validate the practical benefits of this paradigm.
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