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ABSTRACT

In this work, we address the problem of violent event detection and classification in video streams under realistic computational
constraints. Many safety-critical events, such as violent interactions or abnormal behavior, are characterized by short-term and
spatially localized motion patterns, while the majority of video content remains static or irrelevant. Conventional deep learning
approaches typically process full video frames or dense spatio-temporal representations, which leads to high computational cost and
inefficient use of computational resources. We propose a fragment-based spatio-temporal video analysis method inspired by
principles of video coding. Each video frame is divided into fragments, and motion activity is estimated using dense optical flow
between consecutive frames. Only fragments exhibiting significant temporal changes are selected for further processing, while static
regions are suppressed at an early stage. The fragment size is adaptively adjusted according to local motion intensity, allowing finer
spatial resolution in dynamic regions and coarser representation in static areas. The selected fragments form a compact representation
that is subsequently used for event classification via lightweight temporal aggregation. By reducing spatio-temporal redundancy prior
to feature extraction, the proposed method significantly lowers computational complexity while preserving discriminative motion
cues. The proposed method is evaluated on the UBI-Fights dataset, with additional training data augmentation using the Video Fight
Detection (VFD2000) dataset. Experimental results demonstrate that the method achieves competitive performance with area under
the receiver operating characteristic curve up to 0.72, area under the precision-recall curve up to 0.63, and binary F1-score up to 0.60,
while maintaining efficient inference speed. These results indicate a favorable trade-off between accuracy and efficiency compared to
dense frame-based baselines, making the method suitable for real-time and resource-constrained video analysis systems.

Keywords: video analysis; spatio-temporal video processing; event detection; anomalous behavior detection; violent event
detection; fragment-based representation; adaptive fragmentation; motion-based analysis; video anomaly detection.
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Violent interactions differ from many
conventional actions in that they are typically short,
highly localized in space and time, and characterized

INTRODUCTION

Video-based recognition of violent and

aggressive interactions has become an increasingly
important problem in modern computer vision and
intelligent  surveillance systems. Physical
altercations, fights, and other forms of violent
behavior often emerge suddenly and evolve rapidly,
posing serious risks to public safety. Early and
reliable detection of such events enables timely
intervention by security personnel, law enforcement,
or emergency services, potentially preventing
escalation and reducing harm.

Automatic detection of violent events is
particularly relevant in public and semi-public
environments, such as transportation hubs, stadiums,
shopping centers, schools, hospitals, and urban
surveillance networks. In these settings, continuous
human monitoring of multiple camera feeds is
impractical, while delayed response to aggressive
incidents can lead to severe consequences.
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by abrupt, irregular motion patterns. In real-world
surveillance footage, violent events often occupy
only a small portion of the frame, while the
surrounding background remains static or irrelevant.

In practical surveillance systems, the majority
of frames depict normal behavior, and violent
interactions occur rarely and unpredictably. This
class imbalance further complicates model training
and evaluation, increasing the importance of
efficient data representation and robust motion
modeling. Therefore, there is a strong need for
methods that can suppress redundant spatial
information early, while preserving sensitivity to
short and localized violent events.

In this work, we propose a fragment-based
spatial-temporal video analysis method for detecting
anomalous violent events. Inspired by principles of
video coding, the method performs early motion-
guided fragment selection, allocating finer spatial
resolution to regions with intensive activity and
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coarser representation to static areas. By reducing
spatial-temporal redundancy prior to feature
extraction, the proposed framework enables efficient
and scalable fight detection while maintaining high
sensitivity to abrupt motion patterns characteristic of
violent interactions.

1. RELATED WORKS

There are several approaches for violence
recognition in video streams, which can be grouped
as follows:

— action recognition-based approaches: early
approaches to violent event and fight detection often
formulate the problem as a supervised action
recognition  task.  Classical  spatio-temporal
convolutional  architectures such as C3D
(Convolutional 3D Network) [1], [2], [3], 13D
(Inflated 3D Convolutional Network) [4], [5], and
R(2+1)D (Factorized Spatio-Temporal
Convolutional Network) [6], [7] learn motion-aware
features by applying 3D convolutions over short
video clips. These models have demonstrated strong
performance on multiple benchmarks for action and
violence recognition. More recently, transformer-
based models for video understanding have been
proposed to improve long-range temporal modeling.
Architectures such as ViVIT (Video Vision
Transformer) [8] process videos as sequences of
patch tokens and apply self-attention across spatial
and temporal dimensions. While these methods
provide flexible representations, they rely on dense
frame-level tokenization, which leads to high
computational cost when applied to long
surveillance videos;

— motion-based representations and optical flow:

motion cues play a central role in recognizing
violent interactions, as such events are typically
characterized by abrupt and irregular movement
patterns. Optical flow estimation has therefore been
widely adopted in video analysis pipelines. Classical
two-stream approaches combine RGB appearance
with motion features extracted using optical flow
networks such as PWC-Net (Pyramid, Warping,
and Cost Volume Network) [9] and RAFT
(Recurrent All-Pairs Field Transforms) [10].
More recent violence detection frameworks integrate
dense motion representations extracted using
GMFlow (Global Matching Flow) [11] together with
3D convolutional backbones to enhance sensitivity
to aggressive motion patterns;

— attention mechanisms and adaptive focus: to
alleviate the cost of dense spatio-temporal
processing, several works incorporate attention
mechanisms and adaptive focus strategies. CBAM

(Convolutional Block Attention Module) [12]
enhances feature representations by applying
channel-wise and spatial attention to emphasize
informative regions related to violent interactions.
Recent two-stage violence detection frameworks
combine dense motion representations with CBAM-
enhanced 3D convolutional networks [13] to
improve classification accuracy under weak
supervision. Such attention mechanisms improve
performance but operate on already extracted dense
feature maps. Adaptive spatial resolution methods
aim to further reduce unnecessary computation.
AdaFocus (Adaptive Focusing for Efficient Video
Recognition) [14], [15], [16] dynamically adjusts the
spatial resolution of video regions, but still relies on
an initial dense analysis stage;

— video anomaly detection and weakly
supervised frameworks: An alternative formulation
treats fight detection as a video anomaly detection
problem, where violent interactions are considered
rare abnormal events within predominantly normal
video streams. Weakly supervised frameworks
methods such as RTFM (Robust Temporal Feature
Magnitude) [17], [18] treat violence detection as
anomaly  detection and improve temporal
localization without frame-level labels.

Positioning of the proposed method: in dense
feature extraction followed by attention-based
reweighting or adaptive focusing, the proposed
method performs motion-guided fragment selection
prior to feature extraction. By dividing frames into
fragments and selecting only motion-salient regions
with adaptive spatial resolution, spatial-temporal
redundancy is reduced at the input level.

2. PROBLEM STATEMENT

Detection of rare and safety-critical events in
long video streams remains a challenging problem
due to the high dimensionality of video data and the
localized nature of target events. In many real-world
scenarios, such events are characterized by short-
term and spatially confined motion patterns, while
the majority of video content depicts normal
behavior and static background regions.

Although traffic incidents and violent
interactions belong to different application domains,
they share common properties from the perspective
of video analysis. Both types of events occur
infrequently, exhibit abrupt motion changes, and
occupy only a small fraction of the spatial-temporal
video volume. This makes them representative
examples of motion-driven anomalies in video
streams.
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Existing video analysis methods typically rely
on dense frame-level processing and extract spatio-
temporal features from entire video frames. Such
approaches lead to high computational cost and limit
scalability, particularly in long-duration surveillance
scenarios. While attention mechanisms and anomaly
detection frameworks partially address temporal
redundancy, spatial redundancy is often handled
only after feature extraction.

A fragment-based spatial-temporal video
analysis method was previously developed to
address these challenges in the context of traffic
event classification. The method employs motion-
guided adaptive fragmentation to reduce spatial-
temporal redundancy at an early stage and has
demonstrated effectiveness in detecting traffic
incidents under computational constraints.

The aim of this work is to investigate the
applicability of the same fragment-based spatial-
temporal analysis framework originally built for
traffic event analysis [19] to the problem of violent
event detection that prioritizes motion-salient
regions while maintaining competitive classification
quality under real-world resource constraints.

The main tasks of the study are as follows.

1. Use the developed architecture for training
and evaluating the proposed method on a violence
datasets (UBI-Fights [20] and VFD2000 [21]) and
assess the impact of additional training
augmentation data, using a fixed validation/test
protocol to prevent leakage.

2. Compare the proposed method against other
methods in terms of both effectiveness
(classification metrics) and efficiency/complexity.

3. Provide qualitative validation of the
proposed method by analyzing temporal stability of
window-level predictions and the alignment between
motion activity and adaptive patch allocation,
including threshold-sensitivity analysis.

The proposed method is expected to achieve
reliable  violent event classification  while
maintaining efficient inference speed, providing an
explicit accuracy-efficiency trade-off relative to
dense baselines. Qualitative analysis should confirm
stable temporal confidence and motion-aligned
adaptive patch allocation, supporting interpretability
of the model’s decisions.

3. PROPOSED METHOD

This work builds upon our previously
introduced adaptive sparse video representation
framework, originally developed for traffic accident
analysis, and extends it to the task of violence
detection in video sequences. While the core idea of

motion-driven fragment selection is preserved, the
proposed method is adapted to handle the distinct
spatio-temporal characteristics of human violent
interactions.

Overview. Given an input video clip, the
method processes a short temporal window of
frames and represents each frame as a sparse set of
adaptive patches selected according to local motion
activity. The extracted patches are embedded and
aggregated using transformer-based attention
mechanisms to model both spatial relationships
within frames and temporal dynamics across frames.
The resulting video-level representation is used for
binary classification into violent and non-violent
categories.

Motion-Guided Adaptive Patch Selection.
Unlike traffic scenes, where motion patterns are
often structured and constrained by road geometry,
violent interactions in videos exhibit highly irregular
and localized motion patterns. To capture such
dynamics efficiently, we employ dense optical flow

estimation to measure frame-to-frame motion
intensity.
Each frame is partitioned into candidate

regions, from which patches of varying spatial
resolution are selected:

o smaller patches for regions with high motion
activity,

o larger patches for low-motion or static areas.

This adaptive strategy allows the method to focus
computational resources on regions most relevant to
violent behavior, while suppressing background
motion and irrelevant scene elements.

Spatial Patch Encoding. For each selected
patch, a visual embedding is computed and
augmented with positional information. A spatial
transformer encoder processes the set of patch
embeddings within a frame, enabling the model to
capture contextual relationships between different
motion regions. A frame-level classification token
aggregates spatial information into a compact
representation. This design allows the model to
reason about interactions between multiple moving
actors without requiring full-frame processing.

Temporal Modeling of Video Dynamics. To
capture temporal dependencies characteristic of
violent actions, frame-level representations are
processed by a temporal aggregation module. The
model analyzes the evolution of motion patterns
across time windows, allowing it to distinguish
sustained violent interactions from short, non-violent
movements. Multiple temporal windows are
evaluated, and their predictions are combined using
a robust aggregation strategy to obtain a final video-
level decision.
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Classification  Head. The  aggregated
representation is passed to a lightweight
classification head, producing a probability estimate
for the presence of violent activity in the input
video.

4. POST-PROCESSING

Due to the temporal variability of violent
events, a single video clip may contain both neutral
and aggressive segments. As a result, individual
frame-level or window-level predictions may be
unstable and insufficient for reliable video-level
classification. To address this issue, a post-
processing stage is employed to aggregate
intermediate predictions into a single, robust video-
level decision. This post-processing step plays a
crucial role in violence detection scenarios, where
the positive class is typically underrepresented and
the choice of decision threshold has a significant
impact on the trade-off between false alarms and
missed events. By refining and consolidating the
outputs of the temporal transformer, the proposed
post-processing strategy improves the overall
stability and reliability of the final classification
results.

The input video is divided into overlapping
temporal windows of fixed length. For each
temporal window, the method processes a uniformly
sampled subset of frames and outputs raw prediction
scores that converted to probabilities via softmax.
The wvalue p; €[0,1] denotes the predicted
probability of the violent class for the i-th window.
Each p; is computed independently, resulting in a
sequence of window-level probabilities
{p1, P2, -, DN}

To obtain a robust video-level prediction, an
aggregation strategy is applied to combine the
window-level probabilities produced by the temporal
transformer. Due to the temporal variability of
violent events, a single video may contain both
neutral and aggressive segments, which makes direct
averaging of window scores sensitive to noise,
camera motion, or partial occlusions. Instead of
using a simple mean (1), a trimmed mean
aggregation (2) is employed. Unlike a simple
average, which is sensitive to outliers and short-term
noise, the trimmed mean reduces the influence of
abnormal windows caused by camera motion, partial
occlusions, or brief non-representative segments.
Specifically, the highest and lowest a % of window-
level probabilities are discarded, and the remaining
values are averaged. By suppressing extreme outlier
scores, the trimmed mean reduces the influence of
spurious or noisy windows while preserving

consistent evidence of violent activity across the
clip. This strategy improves the stability and
reliability of the final video-level decision,
particularly in scenarios with rare positive events
and uneven temporal distribution of violence.

Formally, the video-level probability is
computed as

1
Pvideo = ﬁ Zi e S Pi (l)

where S denotes the set of retained window indices
after trimming.

Equivalently, let p; denote the sorted window-
level probabilities, N be the total number of
windows, and k = [aN]. The trimmed mean can then
be expressed as

~ 1 -
P= o L1 Pis )

This formulation explicitly removes the
highest-confidence false positives and lowest-
confidence neutral segments, while preserving the
dominant temporal patterns of violent behavior.

Finally, a threshold-based decision rule (3) is
applied:

~ Lifpvideo =T,
Y= { 0, otherwise @)

where threshold z is selected on the validation set to
maximize the F1-score.

The proposed post-processing scheme improves
the stability of predictions and enables flexible
trade-offs between precision and recall depending on
the application requirements.

5. TRAINING

The proposed method is trained on the UBI-
Fights training split with additional training
augmentation from VFD2000, while all evaluation is
performed exclusively on the fixed UBI-Fights
validation split.

The use of multiple datasets during training
allows the method to learn a broader spectrum of
motion patterns and interaction dynamics, thereby
improving generalization across different scenes,
camera viewpoints, and recording conditions.

UBI-Fights Dataset. The UBI-Fights dataset is
a widely used benchmark for video-based fight
detection. It consists of short video clips depicting
violent (fight) and non-violent (normal) scenes
captured in real-world surveillance-like conditions.
The dataset includes variations in illumination,
crowd density, camera angles, and background
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complexity, making it suitable for evaluating the
robustness of violence detection methods.

Each video is annotated at the clip level with a
binary label indicating the presence or absence of a
fight. Due to the inherent nature of surveillance data,
the dataset exhibits a moderate class imbalance, with
normal scenes being more frequent than fight
scenes.

VFD2000 Dataset. To increase the diversity and
volume of training data, we additionally incorporate
the VFD2000 (Violence Fight Dataset 2000). This
dataset contains approximately 2000 video clips
collected from different sources, including
surveillance footage and staged scenarios, and
covers a wide range of violent interactions such as
punches, kicks, pushes, and group fights, as well as
non-violent activities.

Compared to UBI-Fights, VFD2000 introduces
greater variability in:

e camera motion and resolution;

e scene context (indoor vs. outdoor);

e number of participants;

e duration and temporal structure of violent
events.

The inclusion of VFD2000 enables the
proposed method to better capture diverse motion
dynamics and reduces overfitting to dataset-specific
visual patterns.

Dataset Merging Strategy. The training set is
formed by merging the training split of UBI-Fights
with the full VFD2000 dataset, while the validation
set is kept fixed and identical to the original UBI-
Fights validation split. This strategy ensures a fair
and controlled evaluation protocol while allowing
the model to benefit from additional training data.

Formally:

e Training set:

o UBI-Fights (training split);

« VFD2000 (all available clips).

o Validation set: UBI-Fights (validation split

only).
By keeping the validation data unchanged, all
reported evaluation metrics remain directly

comparable to existing works that rely solely on the
UBI-Fights benchmark.

Preprocessing and Frame Sampling. Each
video clip is uniformly sampled to extract a fixed
number of frames T (in our experiments, Tsample=12).
In our experiments, we set the number of sampled
frames t0 Tsample = 12, which provides a balance
between capturing short-term motion bursts typical
for  violent interactions and  maintaining
computational efficiency. Empirically, using fewer
frames (e.g., T = 8) same as for the accidents

detection in traffic videos led to unstable recall,
while larger values (T > 16) did not yield consistent
improvements. Uniform sampling ensures that both
short and long clips are represented consistently,
capturing key temporal ~moments  without
introducing redundancy.

All frames are resized to a spatial resolution of
128x%128 pixels which was found sufficient to
preserve motion cues relevant for violent activity
detection while keeping the computational cost low.
RGB frames are used for patch extraction and
feature embedding, while grayscale versions are
generated for optical flow computation.

Dense optical flow is estimated between
consecutive frames using the Farneb&ck algorithm
[22]. The resulting flow magnitude maps are
normalized and used to guide adaptive patch
selection.

Motion-Guided Patch Generation. For each
pair of consecutive frames, dense optical flow is
computed using the Farnebdck algorithm. The
magnitude of the optical flow serves as a motion
saliency map that guides adaptive patch selection.
For each frame, a base grid with step size b = 8 is
applied. Motion intensity within each grid cell is
estimated using the average magnitude of optical
flow. Based on quantile thresholds of motion
magnitude, each frame is partitioned into non-
overlapping patches of different sizes:

e small patches (8x8 pixels) for regions with
high motion intensity,

e medium patches (16x16 pixels) for moderate
motion,

o large patches (32x32 pixels) for low-motion
or static regions.

To preserve global context, a small number of
fixed grid-based patches is additionally included in
each frame. The selected patches are non-
overlapping, resized to a fixed embedding size, and
converted into feature vectors. This strategy reduces
effective spatial sampling density in low-motion
regions by approximately 30-60% (relative to
uniform dense patching), depending on scene
dynamics.

Model Optimization. The model is trained
from scratch using the AdamW optimizer [23],
which provides stable convergence for transformer-
based architectures with an initial learning rate of
1.5 x 10™* and a cosine learning rate scheduler with
warmup is employed to gradually adjust the learning
rate during training. . Due to the strong class
imbalance in violence detection datasets, class-
weighted binary cross-entropy loss is used. The
positive class (fight) is assigned a higher weight
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proportional to the inverse class frequency.
Additionally, weighted random sampling is applied
during training to ensure balanced mini-batches. The
batch size is selected based on available hardware
resources. Training is performed for a fixed number
of epochs with early stopping based on the best F1-
score on the validation set to prevent overfitting.

Regularization and Training Stability. To
improve generalization, dropout is applied in both
the patch embedding network and the transformer
layers. Gradient clipping is used to stabilize training,
particularly when processing clips with strong
motion bursts. All experiments are conducted with
fixed random seeds to ensure reproducibility. Model
checkpoints corresponding to the best validation F1-
score are saved and used for final evaluation.

Implementation Details. All experiments are
conducted using the PyTorch framework. Training
and inference are performed on both CPU and GPU
environments to evaluate computational efficiency.
The adaptive patch selection and optical flow
computation are optimized to minimize overhead,
allowing the model to operate under realistic
resource constraints.

Post-training Aggregation. During evaluation,
each video is processed using multiple overlapping
temporal windows. The final video-level prediction
is obtained by aggregating  window-level
probabilities using a trimmed mean, which
suppresses outliers and stabilizes predictions for
noisy clips.

Summary. By combining UBI-Fights and
VVFD2000 during training while preserving a fixed
validation protocol, the proposed method benefits
from increased data diversity without compromising
evaluation fairness. This training strategy, together
with motion-guided adaptive patching and factorized
spatial-temporal transformer architecture, enables
the model to achieve a strong balance between
accuracy, robustness, and computational efficiency
for video-based violence detection.

6. EXPERIMENTS

The experimental evaluation is conducted to
assess the  effectiveness, robustness, and
computational efficiency of the proposed method
when transferred from traffic accident analysis to the
task of violence detection in video sequences. All
experiments are performed on publicly available
datasets and follow a consistent evaluation protocol.

The proposed method is trained primarily on
the UBI-Fights dataset, which consists of short video
clips depicting violent (fight) and non-violent
(normal) scenes captured in real-world surveillance

conditions. To improve the diversity of motion
patterns and visual contexts, the training set is
extended with additional samples from the
VFD2000 dataset, which contains videos of violent
and non-violent human interactions recorded in
uncontrolled environments.

All evaluation is performed exclusively on the
fixed validation split of the UBI-Fights dataset,
which is kept unchanged across all experiments to
avoid data leakage and to ensure comparability of
results. All frames are resized to a spatial resolution
of 128 x 128 pixels. Each video is divided into
overlapping temporal windows of length T = 12
frames. Optical flow between consecutive frames is
computed using the Farnebéck algorithm and serves
as a motion saliency map for adaptive patch
selection. For each frame, at most K = 64 patches
are extracted, combining motion-driven adaptive
patches with a small set of fixed grid patches to
preserve global context.

The model is trained using the AdamW
optimizer with a cosine learning rate schedule. Class
imbalance is handled via balanced sampling. The
best model is selected based on the highest F1-score
on the validation split. All experiments are
conducted using fixed random seeds to improve
reproducibility.

For baseline comparison, we reproduced several
representative  methods including Two-Stream
CNN+LSTM, Violence Flow CNN, and 3D CNN
using publicly available implementations. All
models were evaluated on the same datasets. Due to
differences in original implementations and training
pipelines, exact equivalence of training conditions
cannot be fully guaranteed.

To comprehensively assess the performance of
the proposed method, multiple evaluation metrics
are employed, reflecting both threshold-dependent
and threshold-independent aspects of the violence
detection task. Since violent events constitute a
minority class in real-world video streams, relying
solely on accuracy is insufficient and may lead to
overly optimistic conclusions. Since the dataset is
imbalanced we evaluate the proposed method using
Accuracy, Binary Fl-score [24], Macro-F1 [25],
ROC-AUC [26], and PR-AUC [27], which are
commonly used in violence detection tasks. Since
datasets are typically imbalanced, threshold-
independent metrics (ROC-AUC, PR-AUC) and
class-balanced metrics (Macro-F1) are particularly
important.

Binary F1-score is computed as the harmonic
mean of precision and recall. Macro-F1 represents
the unweighted average of class-wise F1 scores.
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ROC-AUC measures the discriminative ability of
the classifier across all decision thresholds, while
PR-AUC better reflects performance on the positive
(violent) class under class imbalance.

In addition to accuracy-related metrics,
computational efficiency is analyzed in terms of
model size, number of processed patches per frame,
and inference speed measured in frames per second
(FPS). These metrics are critical for practical
violence detection systems, which are often
deployed under limited computational resources and
strict latency constraints. Unlike full-frame video
models that process dense spatial representations,
the proposed method operates on a sparse set of
motion-guided  patches, reducing  redundant
background detail and enabling content-adaptive
spatial sampling under a fixed token budget. The
number of processed patches per frame directly
reflects the computational load of the spatial
transformer, while the total number of model
parameters indicates memory consumption and
scalability. Inference speed is measured on both
CPU and GPU to assess the feasibility of real-time
or near real-time deployment in surveillance
scenarios. This comprehensive evaluation allows
analyzing the trade-off between detection
performance and computational efficiency across
different methods.

The proposed method is compared against
representative state-of-the-art approaches for video-
based violence detection (Table 1, and Table 2). For
a fair comparison, all methods are evaluated on the
same fixed UBI-Fights validation split; VFD2000 is
used only as an additional source of training
augmentation where explicitly stated.

VFD2000 datasets. The selected baselines
cover the main methodological directions commonly
used in this domain, including two-stream
convolutional neural networks that process RGB
frames and optical flow separately, optical-flow-
based CNN architectures that explicitly model
motion patterns, 3D convolutional networks that
jointly capture spatial and temporal information, as
well as pretrained spatio-temporal models designed
for action recognition. In particular, the comparison
includes two-stream CNN models with temporal
aggregation via recurrent layers, optical-flow-driven
convolutional approaches focusing on motion
saliency, 3D CNN architectures operating on short
video clips, and pretrained spatio-temporal networks
such as 13D and related variants. These methods
represent widely adopted baselines in the violence
detection literature and provide a meaningful

reference  for evaluating both classification
performance and computational efficiency.

To provide a transparent efficiency assessment,
inference speed is measured as end-to-end
throughput including all processing stages: optical
flow computation, adaptive patch selection,
backbone forward pass, and temporal aggregation.
FPS is defined as the number of raw input frames
processed per second by the full pipeline.

Experiments are conducted on an Intel Xeon @
2.20 GHz (2 vCPUs, 12 GB RAM) and an NVIDIA
Tesla T4 GPU (16 GB). Under this configuration,
the proposed method achieves approximately 12
FPS on CPU and up to 180 FPS on GPU, depending
on video length and window configuration. This
enables near real-time processing for surveillance-
oriented applications.

During inference, each video is processed using
sliding temporal windows of length Twindow = 48
frames with a stride of 8 frames, which corresponds
to approximately 83 % temporal overlap between
consecutive windows. Such dense overlap improves
robustness to temporal misalignment, since violent
events may occur at arbitrary positions within a
video.

The backbone model is trained to operate on
sequences of fixed length Tsampie= 12, each 48-frame
window is uniformly sampled into 12 frames before
adaptive patch extraction and tokenization.

Each temporal window produces an
independent violence probability. To obtain a stable
video-level prediction, we apply trimmed mean
aggregation over window-level probabilities. In the
validation protocol, N =~ 9 windows are sampled per
video, and the highest and lowest predictions are
discarded (trim = 1), which corresponds to removing
approximately 22 % of extreme values (a = 0.22).
The remaining probabilities are then averaged to
obtain the final video-level score. This aggregation
strategy reduces sensitivity to occasional noisy
windows caused by camera motion, abrupt cuts, or
background dynamics, and provides more stable
predictions compared to simple mean or max
pooling.

Despite its lightweight design and reduced
effective spatial sampling density, the proposed
model demonstrates strong discriminative capability.
On the UBI-Fights validation split, the proposed
method achieves 0.856 accuracy, 0.757 Macro-F1,
and 0.626 PR-AUC, showing strong class-balanced
performance (Macro-F1) and a favorable efficiency—
accuracy trade-off compared to representative CNN-
based and two-stream baselines.
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Table 1. Methods classification metrics (part 1)

Method Accuracy | Precision | Recall
Adaptive 0.856 0.759 0.5
Spars ViT (our
method)
Two-Stream 0.89 0.72 0.68
CNN + LSTM
Violence Flow 0.91 0.75 0.71
CNN
3D CNN 0.92 0.78 0.74

Source: compiled by the authors

Table 2. Methods classification metrics (part 2)

Method Binary | Macro | ROC- | PR-
F1 -F1 | AUC | AUC
Adaptive 0.603 | 0.757 | 0.722 | 0.626
Spars ViT
(our method)
Two-Stream 0.69 0.7 0.88 0.68
CNN +
LSTM
Violence 0.73 0.73 0.9 0.71
Flow CNN
3D CNN 0.76 0.76 0.92 0.74

Source: compiled by the authors

These results, summarized in Table 3, confirm
that adaptive patch selection combined with
temporal aggregation provides a favorable trade-off
between accuracy and efficiency for violence
detection in video streams.

Table 3. Methods complexity and efficiency metrics

Method Patches per | Number of | Frames per
frame parametes, | second
(b=8, millions |(CPU/GPU)
input 128x128)
Adaptive |up to 64 patches ~4.2 ~12/~180
Spars ViT per frame
(our method) | (8x8/16x16/32x
32)
Two-Stream Full frame ~45 ~8/~15
CNN +
LSTM
Violence Full frame ~32 ~10/~20
Flow CNN
3D CNN Full frame ~60 ~4/~8

Source: compiled by the authors

Several limitations should be acknowledged.
First, the method relies on classical optical flow
estimation, which introduces additional
preprocessing cost and may limit efficiency on low-
power devices. Second, performance depends on
window length and aggregation parameters, which

are selected on the validation set. Third, reproducing
all baselines under fully identical conditions is
difficult due to differences in published
implementations and training recipes; therefore,
some variation in fairness of comparison may
remain. These factors are reported transparently to
ensure correct interpretation of the experimental
results.

The proposed method includes a motion
estimation stage prior to feature extraction, which
introduces  additional preprocessing  overhead
compared to standard feed-forward architectures.
Based on empirical runtime profiling, optical flow
computation accounts for approximately 20-30 % of
total inference time, while adaptive patch selection
contributes about 10-20 %, with the backbone
forward pass remaining the single most time-
consuming stage. The method operates efficiently on
standard CPUs and GPUs; however, performance
may decrease on low-power or embedded platforms,
such as smart cameras or edge-based CCTV devices
that process video directly on-device without
dedicated acceleration for motion estimation, where
this stage can become the primary bottleneck.

7. RESULTS AND DISCUSSIONS

This section analyzes the qualitative behavior of
the proposed Adaptive-Sparse-ViT model in the

context of video-based violence detection,
emphasizing the role of  motion-driven
representation learning. Visual examples are

provided to demonstrate how motion information,
estimated through optical flow, influences the spatial
sampling strategy of the model. In particular, regions
characterized by pronounced human motion are
represented using a denser set of small patches,
while areas with limited or no motion are covered by
fewer, larger patches. Such a mechanism enables the
model to focus on informative spatial regions while
avoiding unnecessary computation on static
background content.

An example of the optical flow magnitude
visualization is shown in Fig. 1, where motion
intensity is superimposed on the original video
frame.
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Fig. 1. Optical flow visualization for a violence scene
Source: compiled by the authors

Fig. 2 illustrates the result of the adaptive
motion-guided patch selection applied to the same
video frame. The colored rectangular regions
correspond to patches of different spatial resolutions
selected by the model. Smaller patches are densely
concentrated around areas with active human
motion, such as the interacting subjects in the center
of the scene, allowing the model to capture fine-
grained spatial details of potentially violent actions.
In contrast, larger patches are assigned to static
background regions, including walls and corridors,
where detailed spatial modeling is less critical. This
heterogeneous patch allocation demonstrates how
the proposed method dynamically balances spatial
precision and computational efficiency by adjusting
patch granularity according to local motion intensity.

Fig. 2. Adaptive patch grid for a violence scene based

on motion intensity
Source: compiled by the authors

To better understand the decision-making
process of the proposed Adaptive-Sparse-ViT model
and to provide qualitative evidence supporting the
quantitative evaluation results, we analyze the
temporal behavior of window-level predictions
together with the spatial distribution of adaptive
patches. Such an analysis allows us to assess not
only the final classification outcome but also the
stability of model confidence over time and the
correspondence between motion dynamics and patch
allocation.

The Fig. 3 illustrates the temporal evolution of
window-level violence probabilities produced by the
proposed method for a video containing a fight.
Each point corresponds to the predicted probability
p (fight) for an individual temporal window, plotted

as a function of the window start time. As shown in
the figure, the model consistently assigns high
probability values in the range of 0.60-0.67 across
most of the video duration, indicating stable and
confident detection of violent activity.

Window-leve! probabilities over time

0 5 10 15 20 25 k1]
Window start time (s}

Fig. 3. Window-level violence probabilities p(fight)
over time, showing sustained high confidence across

most temporal windows.
Source: compiled by the authors

A brief drop in probability is observed around
the middle of the sequence (approximately 10-12
seconds), where the score temporarily decreases to
about 0.50. This local minimum corresponds to a
short interval in which aggressive motion is partially
occluded or momentarily less pronounced (e.g.,
changes in camera viewpoint, body overlap, or
pauses between actions). Importantly, the model
quickly recovers after this interval and resumes
high-confidence predictions, demonstrating
robustness to short-term ambiguities and temporal
noise.

The Fig. 4 visualizes the effect of different
decision thresholds on the same window-level
predictions. Horizontal dashed lines indicate
commonly used thresholds (r = 0.25, 0.40, and
0.50). For this violent video, the vast majority of
windows remain above all three thresholds,
including the most conservative one (t = 0.50). As a
result, nearly all windows are classified as positive,
and the final video-level decision remains
unchanged across a wide range of threshold values.

Threshold effect on window predictions

=~ plfight) per window
== thr=0.25
08 === thr=040
==+ thr=050

0 5 10 15 20 25 £
Window start time (5)

Fig. 4. Effect of different decision thresholds on
window-level predictions, demonstrating stability of

the model output across a wide threshold range
Source: compiled by the authors
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This  behavior highlights two important
properties of the proposed method. First, the
window-level predictions are temporally consistent,
with limited variance despite local fluctuations in
motion intensity. Second, the model exhibits low
sensitivity to threshold selection in the presence of
sustained violent activity, which is crucial for real-
world surveillance scenarios where fixed thresholds
must operate reliably under varying conditions.

Overall, these results confirm that the proposed
adaptive sparse representation, combined with
temporal aggregation, enables stable violence
detection over time while remaining robust to short-
term motion irregularities and local uncertainty.

Below we illustrate a qualitative example of the
proposed Adaptive-Sparse-ViT model applied to a
video fragment containing a violent interaction. The
visualization corresponds to an explicitly selected
frame (frame index 933), which lies within a
temporal window spanning frames 912-960 and was
used for model inference.

The Fig. 5 shows the original input frame,
where a violent episode is clearly visible as a person
is lying on the ground following an aggressive
action.

Frame 933 (window=114, t=5)
—

> @ e

Fig. 5. Original video frame extracted from the most

confident temporal window
Source: compiled by the authors

The Fig. 6 presents the corresponding token
density heatmap constructed from the spatial
distribution of selected patches. High-density
regions (highlighted in red and yellow) concentrate
around the interacting individuals, indicating that the
model allocates a larger number of tokens to areas
exhibiting strong motion and semantic relevance. In
contrast, static background regions are assigned
fewer tokens, resulting in low-density areas (blue).

Fig. 7 overlays the adaptive patch grid on top of
the input frame together with the token density map.
Motion-adaptive patches of smaller spatial size are
redominantly placed over the actors and regions with
rapid motion, while larger grid-based context
patches cover the surrounding background. This
behavior demonstrates that the proposed patching
strategy  successfully  focuses  computational

resources on dynamically salient regions while
preserving global scene context.

Token density heatmap (K=64)

Fig. 6. Token density heatmap corresponding to the
selected frame, illustrating the spatial distribution of

selected patches
Source: compiled by the authors

Overlay + patch boxes

Fig. 7. Final visualization with adaptive patch boxes,
where smaller patches are concentrated in regions of
intense motion related to the violent interaction, while

larger patches cover static background regions
Source: compiled by the authors

Overall, this example confirms that the model’s
adaptive patch selection mechanism aligns well with
the spatial structure of violent events, providing an
interpretable link between motion cues, token
allocation, and the resulting high window-level
violence probability (p = 0.621) for the selected
temporal segment.

To analyze the behavior of the proposed model in
the absence of violent activity, we consider a video
sequence containing only normal interactions. Fig. 8
presents the window-level fight probabilities
p(fight), where each point corresponds to the model
confidence for a temporal window and values lie in
the range [0,1]. Throughout the entire video, the
predicted probabilities remain low, typically around
0.12-0.20, indicating weak evidence of violent
behavior.

Fig. 9 illustrates the effect of different decision
thresholds applied to the window-level probabilities.
The dashed horizontal lines correspond to threshold
values of 0.25, 0.40, and 0.50. Only a small number
of windows exceed the lowest threshold, while no
windows surpass higher thresholds, demonstrating
that the model does not produce confident false
positives in non-violent scenes.
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Window-level probabilities over time

04

> w

0 10 20 30 40
Window start time (s)

Fig. 8. Window-level fight probability over time,
showing consistently low confidence scores across the

entire video
Source: compiled by the authors

Threshold effect on window predictions

—e— pifight) per window
=== thr=0.25
081 === thr=0.40
=== thr=0.50

[ 10 20 30 40
Window start time (s}

Fig. 9. Effect of different decision thresholds on
window-level predictions, illustrating the suppression

of false positives in normal scenes
Source: compiled by the authors

The selected input frame Fig. 10 corresponds to
a non-violence action. The token density heatmap on
Fig. 11 shows that motion-adaptive tokens are
distributed over regions with moderate motion, such
as walking or hand gestures, while static background
areas receive little attention.

Frame 296 (window=34, t=6)

Fig. 10. Example input frame extracted from a

representative window without violent activity
Source: compiled by the authors

Token density heatmap (K=64)

Fig. 11. Token density heatmap highlighting the spatial
distribution of motion-adaptive tokens, with attention

focused on moderate human movement regions
Source: compiled by the authors

The overlay visualization on Fig. 12 confirms
that fine-grained patches are sparsely allocated and
do not form concentrated clusters, reflecting the
absence of violent dynamics.

Overlay + patch boxes

Fig. 12. Overlay of adaptive patch boxes on the input
frame, where fine-grained patches are sparsely
assigned to moving subjects and coarse patches cover

static background areas
Source: compiled by the authors

Thus, these results demonstrate that the
proposed adaptive patching strategy not only
enhances sensitivity to violent interactions but also
preserves stability and precision in non-violent
scenarios, which is crucial for real-world
deployment.

CONCLUSIONS AND PROSPECTS OF
FURTHER RESEARCH

This work extends the study of adaptive
fragment-based video analysis previously introduced
for traffic accident detection to a new application
domain - violence detection in video sequences. The
experiments confirm that the proposed motion-
guided sparse tokenization strategy is not limited to
a specific task, but represents a more general
approach to efficient video understanding in
scenarios where critical events are temporally sparse
and spatially localized.

The proposed method combines motion-driven
adaptive patch selection with a lightweight spatio-
temporal transformer architecture, enabling the
model to focus computational resources on
semantically meaningful regions while avoiding
redundant processing of static background areas.
The use of optical flow-based motion estimation
allows dynamic adjustment of patch sizes,
preserving fine details in regions of intense activity
and applying coarser representations in low-motion
regions. Experimental evaluation on the UBI-Fights
dataset and the merged UBI-Fights + VFD2000
dataset demonstrates that the method achieves a
favorable balance between recognition quality and
computational efficiency, with stable ROC-AUC
and PR-AUC scores and near real-time inference
performance.
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An important outcome of this research is the
demonstration of the method’s generalization
capability across domains. While the original study
focused on traffic video analysis, the current work
confirms that the same methodological principles
remain effective for detecting violent behavior in
unconstrained surveillance videos. This supports the
interpretation of the proposed method as a domain-
agnostic  framework for sparse-event video
understanding.

Despite these advantages, several limitations
remain. The current implementation relies on
heuristic motion estimation based on classical
optical flow algorithms and manually defined
guantile thresholds for patch selection. Although
effective, this design introduces additional
preprocessing overhead and limits the adaptability of
the model in scenes with subtle or ambiguous
motion patterns. Furthermore, the patch selection
mechanism is not learned jointly with the classifier,
which  restricts the potential  performance
improvements that could be achieved through end-
to-end optimization.

Future research will therefore focus primarily
on advancing the method itself rather than further
extending it to additional application domains. A
promising direction is the development of fully

learnable adaptive tokenization mechanisms, where
the model automatically learns to allocate
computational resources through attention-based or
differentiable patch selection modules. Another
important direction is the integration of faster and
more robust motion representations, including
modern neural optical flow models or learned
motion encoders trained jointly with the
classification network. Additional improvements
may involve exploring reinforcement learning-based
token budget control, incorporating multi-scale
temporal attention mechanisms, and performing a
more formal analysis of the trade-off between
computational efficiency and recognition accuracy.

Overall, the conducted studies suggest that
adaptive motion-guided tokenization represents a
promising foundation for building efficient and
generalizable video understanding systems, and the
presented work forms a solid basis for further
development toward fully learnable, resource-aware
video transformers.
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AHOTANIA

V wiit po6oTi Mu po3risiIaEMo MpodIeMy BUSBICHHS Ta Kiacu]ikalil HaCHIBHUIBKUX O/ Y BiZICOMIOTOKAX 3a PealiCTUIHUX
00YHCITIOBATBHUX O0MEXeHb. bararo KpUTUYHO BaXKIMBUX Ui O€3MEeKH MOJil, TAKUX SK HACWJIBHHUIbKI B3aeMonii a00 aHOMaJbHA
MOBEIHKA, XapaKTEPU3YIOTHCS KOPOTKOYACHUMH Ta MPOCTOPOBO JIOKATI30BaHHMMH MOJCISIMH pPYXy, TOHNI SK OUIBIIICTH
BiJICOKOHTEHTY 3QJIMIIAETHCS CTATUYHUM a00 HEpeNeBaHTHUM. TpaguiiiiHi MiAXOAW TMHOOKOTO HAaBYAHHS 3a3BHYall 0OpOOIISIOTH
MOBHI BifeOKaJpyu abo LIIIBHI NMPOCTOPOBO-YACOBI NMPEACTABICHHS, IO HPHU3BOMUTH IO BHCOKHX OOYMCIIOBANTBFHHX BHUTPAT Ta
Hee()eKTUBHOTO BUKOPHCTAHHS OOYHCITIOBAIBHUX pecypciB. Mu mporoHyeMo ¢parMeHTapHHI IPOCTOPOBO-YacOBUIT METO/ aHawi3y
BiZleo, HATXHEHHY IIPUHIUIIAMH BifieokoqyBaHHs. KojXeH Bineokaap po3niiseTscs Ha GPparMeHTH, a aKTUBHICTD PyXy OLHIOETHCS 3a
JIOTIOMOTO0 LIIJIBHOTO ONTHUYHOTO MOTOKY. [l monanbiioi oOpoOku BHOMpAroThCs jumie (GparMeHTH, IO JEMOHCTPYIOTh 3HA4HI
4acoBi 3MiHH, TOJI K CTaTH4YHI 00JIacTi MPUTHIYYIOThCA Ha paHHii cTanii. Po3mip dparMeHTa afanTUBHO PETYITIOETHCS BiAMOBITHO
IO JIOKaJIbHOT IHTEHCUBHOCTI PYXY, IO J03BOJISIE OTPUMATH TOYHIIIY IPOCTOPOBY PO3AUIbHY 34AaTHICTh Y JHHAMIUYHUX 00NacTsIX Ta
rpy0ime mpeAcTaBleHHS y CTaTHYHHX oOnacTsx. BuOpani ¢parMeHTH YTBOPIOIOTH KOMIIAKTHE IPECTABJICHHS, SKE 3T0J0M
BUKOPUCTOBYEThCS Uil Kinacudikamii TOAId 3a IOMOMOTOI0 JIETKOI YacoBOi arperamii. 3MEHIIYIOYH MPOCTOPOBO-YACOBY
HaJUTHIIKOBICTh Nepe]] BIUTyYeHHSM O3HAaK, 3allPOIIOHOBAHHH ITi/IXiJ 3HAYHO 3HIDKYE OOUHCIIIOBAJIBHY CKIIAIHICTB, 30epiratoun mpu
OMY PO3pPI3HIOBAJbHI O3HAKH pyXy. 3almpOINOHOBAaHMN METOJ OIHIOEThCs Ha Habopi manux UBI-Fights 3 nomatkoBum
JIOTIOBHEHHSIM HAaBYAJIBHHX JIaHUX 3a J0MOMOro Habopy manux VFD2000. UBI-Fights. ExkcriepuMeHTasbHi pe3yibTaTu MOKa3yroTh,
0 METOJ] JOCATAa€ KOHKYPEHTOCIPOMOXKHOI TIPOIYKTHBHOCTI 3 METPHKOIO, 110 BUMIPIOE ILIONLY IMiJ KpHBOo moMmiok go 0,72, ta
METPHKOIO, 10 BUMIPIOE IUIOUIY MiJ KPUBOIO, KA BiIOOpakae 3aJieKHICTh Mk TouHIicTIO (Precision) ta moBHoTOIO (Recall) mpu
pi3aux moporax mo 0,63, ta 6inapaum F1-Score no 0,60, 36epiratouu npu 1bomMy eeKTUBHY WIBHAKICTh BUBeaeHH:. L{i pe3yabratu
BKa3YIOTh Ha CIPHUATIMBUN KOMIIPOMIC MiX TOYHICTIO Ta €(EKTUBHICTIO MOPIBHAHO 3 IIIIBHIMHU KaAPOBUMH 0a30BUMHU JIiHISIMH, IO
PpOOHUTH METOI MPUIATHUM IJIsl CHCTEM aHAIi3y BiJleo B pealbHOMY 4aci Ta 3 0OMEKEHHMH pecypcaMu.
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