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Abstract — Detecting suspicious activity in video surveillance is critical for public safety. Early identification of pre-incident behaviors,
such as "looking around' nervously, can prevent crimes before they occur. However, traditional surveillance relies on continuous human
monitoring, which is prone to error and resource-intensive. Existing automated methods struggle with real-time stability and produce
flickering predictions. We present a two-stage pose-based detection system: YOLOv12n detects humans in each frame, and MediaPipe
BlazePose extracts pose features. A Support Vector Classifier (SVC) and Neural Network (NN) then classify 15-frame temporal segments
as either "'still" or "looking around.” On our custom dataset, SVC achieves 97.35% accuracy while NN achieves 97.00%. Temporal
smoothing eliminates prediction flickering, enabling stable real-time deployment. SVC provides better precision-recall balance; NN offers

greater adaptability to complex pose variations.
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L INTRODUCTION

The exponential growth of Closed Circuit Television
(CCTV) infrastructure has transformed security paradigms in
public and private spaces. However, conventional
surveillance systems that rely on human operators face
fundamental challenges related to cognitive limitations. One
well-documented phenomenon is inattentional blindness, the
inability of operators to notice unexpected stimuli due to
prolonged engagement in intensive visual monitoring tasks.
Studies [1] reveal that operator attention declines after short
monitoring sessions, causing failures in detecting critical
activities. This challenge is compounded by operator fatigue,
which degrades situational awareness and increases overall
cognitive load [2], [3], [4].

In security contexts, early detection of suspicious activity
holds strategic value, particularly for identifying pre-crime
behaviors. One important indicator is "looking around"
behavior, active environmental scanning by potential
offenders. According to ecological criminology theories such
as Routine Activity Theory and Rational Choice Theory, this
scanning or environmental hypervigilance represents both an
anxiety response and a risk-evaluation strategy that offenders
use to assess situational readiness before committing a crime
[5], [6], [7]- Real-time identification of such movement
patterns is an urgent requirement for developing intelligent
surveillance systems.

Unfortunately, automatic detection of subtle, rapid
suspicious behaviors like "looking around" remains
technically challenging. Current solutions typically employ
appearance-based approaches, such as activity recognition
from raw RGB image features. These methods struggle in
real-world environments with varying lighting conditions,
backgrounds, and visual attributes of subjects [8], [9]. As an
alternative, pose-based methods, which represent the human
body skeleton through keypoints, offer greater invariance to
external conditions and individual differences [10], [11].

1L LITERATURE REVIEW

Recent literature demonstrates that pose-based systems,
such as skeleton-based action recognition, achieve excellent
performance in detecting human behavior within complex
environments. Architectures like Graph Convolutional
Networks (GCN) efficiently capture spatial relationships
between body joints [11], while multi-scale attention
mechanisms improve system accuracy for detecting specific
movements in real-time [9]. For embedded surveillance
systems operating on resource-constrained devices,
lightweight approaches such as MediaPipe, MobileNet, and
recent YOLO variants like YOLOv12n are preferred for their
balance between accuracy and computational efficiency [12],
[13].

MediaPipe BlazePose enables real-time 3D pose
estimation with 33 keypoints, providing rich spatial and body
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orientation representations that are particularly relevant for
distinguishing gestures such as "still" versus "looking
around." This framework operates efficiently through a two-
stage inference strategy: ROI detection followed by keypoint
tracking with optimal performance on mobile devices [12].
For object detection, YOLOV12n, as the first attention-based
model in the YOLO family, successfully integrates CNN
efficiency with the global representation power of
transformers, enabling high-resolution human detection with
fast inference speeds [13].

For classifying suspicious activity, commonly used
models include Support Vector Classifier (SVC) and Neural
Networks (NN). SVC, based on Structural Risk Minimization
principles, efficiently separates classes with maximum
margin in high-dimensional feature spaces and avoids
overfitting on small-to-medium datasets [14], [15]. Neural
Networks, particularly Multilayer Perceptron (MLP)
architectures, offer high flexibility in modeling non-linear
relationships and adapt to greater data complexity when
paired with proper architectural design and regularization
[16].

The literature also shows that temporal smoothing
mechanisms improve prediction stability in real-time
detection contexts by reducing flickering effects that lead to
short-term classification errors. These approaches typically
use probability thresholds and temporal consistency
requirements as filters to validate predictions before system
acceptance [17], [18].

Despite these advances, a gap remains in developing
intelligent surveillance systems that are computationally
efficient yet accurate in detecting "looking around" behavior
in real-time. Previous studies tend to focus on explicit, long-
duration human activities, while suspicious behaviors like
"looking around" are characterized by short duration, small
amplitude, and difficulty distinguishing from normal gestures.
Therefore, an approach that combines efficiency,
spatiotemporal precision, and -classification capability is
needed to produce a reliable detection system.

This research develops a two-stage framework integrating
object detection using YOLOV12n and pose estimation using
MediaPipe, processed through SVC and NN models for
classifying "still" and "looking around" activities. Our main
contributions are: (1) Design of 345-dimensional
spatiotemporal features based on 15-frame segments; (2)
Integration of additional semantic features, including face
orientation and hand visibility; (3) Performance comparison
of SVC and NN on a structured dataset; and (4) Application
of temporal smoothing to improve detection stability in real-
time scenarios. This study provides practical and theoretical
contributions to intelligent surveillance, particularly in
detecting pre-crime behaviors that are difficult to define
explicitly in visual monitoring environments.

III. METHODOLOGY

This research presents a two-stage framework for
detecting suspicious "looking around" behavior from human
pose in surveillance video. First, YOLOv12n detects humans
in each frame. Second, MediaPipe BlazePose extracts body
pose keypoints. The resulting spatiotemporal features feed
into Support Vector Classifier (SVC) and Neural Network
(NN) models, which classify each segment as either "still" or
"looking around" in real-time. We evaluate video data
recorded in semi-naturalistic conditions at a limited scale.
Figure 1 shows the overall architecture of the proposed real-
time suspicious behavior detection system.

A. Object Detection Using YOLOV12n

The first stage detects humans in each video frame using
YOLOvI2n. This lightweight model combines CNN
efficiency with transformer-based global attention, enabling
fast and accurate inference on resource-constrained edge
devices [13]. The detector outputs bounding boxes, which
serve as input to the pose estimation stage.

B. Pose Estimation Using MediaPipe BlazePose

Given detected bounding boxes, the second stage
estimates 33 body keypoints in 3D using MediaPipe
BlazePose. BlazePose operates in two sub-stages: ROI
estimation from the detected body region, followed by
landmark regression via a lightweight CNN. This enables
real-time pose extraction with sufficient precision to capture
subtle posture cues, head orientation, hand position, and fine-
grained movement patterns [12].

C. Spatio-Temporal Feature Extraction and Reduction

The output from BlazePose consists of 33 keypoints in
spatial coordinates. The five landmarks used are: nose, left
eye, right eye, left wrist, and right wrist. Each sample in the
dataset is represented by a time window containing 15
consecutive video frames. Each landmark has 4 attributes: X,
Y, Z coordinates, and visibility. This produces a total of 20
features per time frame, which are then converted into a
300-dimensional vector by taking the mean value per
landmark for each attribute within the time window.
Additional semantic features, such as head orientation and
hand visibility, are added to improve classification
performance.

D. Classification Models: SVC and Neural Network

The reduced spatiotemporal features are used as input for
two classification models: Support Vector Classifier (SVC)
and Neural Network (NN). The SVC model uses a Radial
Basis Function (RBF) kernel and is known to be superior for
small to medium datasets and capable of separating two
classes with maximum margin in high-dimensional feature
space [15], [16]. As a comparison, a Multilayer Perceptron
(MLP) architecture with two hidden layers containing 256 and
128 neurons is used. Dropout and Adam optimizer are also
applied to prevent overfitting [19], [20].
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Figure 1.Architecture of a pose-based suspicious behavior detection system.

E. Temporal Smoothing for Real-Time Detection

To stabilize predictions in real-time, we apply temporal
smoothing, which filters noisy frame-to-frame pose estimates.
The system updates the output label only when two conditions
hold: (1) prediction confidence exceeds 75%, and (2) the
predicted label remains consistent for 10 consecutive frames
[17], [21], [22].

F. Data Collection and Performance Evaluation

The dataset consists of 26 videos, all recorded with a
single person in an indoor scenario simulating a CCTV
viewing angle. Each video has a duration between 10 and 25
seconds, with room lighting kept constant and a uniform color
tone, ensuring no disturbances or changes in illumination
throughout the recording to minimize environmental
variability. The camera is mounted at a high position with a
downward tilt of approximately 30°—45°, mimicking typical
CCTV installation, with viewpoint variations from the
subject’s right side, left side, and from behind when the
subject is facing away from the camera. The videos are
recorded at 30 fps and monitored continuously, while data
capture is performed manually using an input button; each
button press stores the most recent 15 frames, and for each
frame the selected landmarks are extracted so that the 15
frames together form a single labeled record. Labeling is
carried out concurrently with feature extraction, yielding a
total of 400 records with a balanced 50:50 distribution
between the “still” and “looking around” classes. The dataset
is then randomly split at the segment level into training and
testing sets with an 80:20 ratio to ensure fair evaluation and
prevent data leakage between segments originating from the
same video. Evaluation was performed using accuracy,
precision, recall, and F1-score metrics.

G. System Architecture

The complete system architecture encompasses the
following stages: object detection (YOLOvI12n), pose
estimation (BlazePose), feature extraction and reduction,
classification (SVC/NN), and stabilization through temporal
smoothing. In the training process, the SVC is configured
with C set to 1.0, using a Radial Basis Function (RBF) kernel
and gamma set to scale. This system is designed for

efficiency, accuracy, and stability in detecting suspicious
behavior in real-time.

Figure 1 illustrates the system workflow starting from
frame acquisition, human object detection, to image cropping
and resizing. The process continues with body keypoint
extraction and additional features, where data from a number
of consecutive frames is collected and then classified to
produce the final behavior prediction.

IV. RESULTS AND DISCUSSION

The results of this research are presented based on the
main stages in the developed system, covering the object
detection and feature extraction process, performance
evaluation of Support Vector Classifier (SVC) and Neural
Network (NN) models, and system stability analysis in real-
time scenarios. The results are explained systematically
following the methodology subsection structure described
previously, to ensure continuity and coherence between the
experimental design and the obtained outputs.

A. Detection and Feature Extraction Results

The initial stage of the developed system is human object
detection in video using YOLOv12n. This model was chosen
due to its ability to perform detection efficiently on devices
with computational limitations. Experimental results show
that YOLOvI12n is capable of detecting humans with high
precision, including in low-light conditions or complex
backgrounds. All detected human objects are then cropped
and normalized to 640x640 pixel resolution using the
INTER _AREA interpolation method. To keep the human
body aspect ratio consistent, the letterbox padding technique
is applied, which wraps the object in a white frame, ensuring
body proportions remain accurate.

The feature extraction process is performed using
MediaPipe BlazePose with a focus on five main landmarks:
nose, right and left ear, and right and left wrists. Each
landmark is extracted in the form of X, y, z coordinates and
visibility value (v). Additionally, supplementary features such
as face direction (facing right, left, or center), face status
(looking down or upright), and hand visibility (visible or not)

E-ISSN: 2797-9016



37 Journal of Internet and Software Engineering (JISE), Vol. 7, No. 1, Mei 2026

cropped each frame
get landmarks

x,y,2 keypoint landmarks of 15 frames

Figure 3. Feature extraction

are calculated using heuristic rules. All these features are then
arranged into a 345-dimensional vector, representing
information from 15 consecutive video frames. This temporal
representation proves effective in capturing subtle motion
patterns between the two target poses: "still" and "looking
around.”

Figure 2 visualizes the data transformation process from
visual input to structured numerical data. The flow begins
with video frame sequence acquisition, where detected human
objects are cropped and processed for body landmark
detection. The coordinates (x, y, z) from these landmarks are
then extracted and arranged from 15 consecutive frames,
producing a temporal data matrix representing motion
features as input for the classification model.

B. Support Vector Classifier (SVC) Performance Evaluation

The SVC model was trained using a Radial Basis Function
(RBF) kernel and configured to produce prediction
probabilities. Before training, all feature data were
normalized using StandardScaler to balance the distribution
of each feature. Evaluation of this model shows highly
satisfactory results. Based on the confusion matrix, the SVC
model achieves an accuracy of 97.35% on the test data, with
a precision of 97.53%, a recall of 97.31%, and an F1-score of
97.35%. These results indicate excellent and balanced
classification performance between precision and recall.

Further analysis of SVC performance shows that this
model is capable of distinguishing two pose classes with a
clear decision margin. This capability stems from the margin
maximization principle that forms the foundation of SVM
theory [15], [23], which enables better generalization,
especially in high-dimensional domains such as those
produced by the combination of spatiotemporal features. The

model also shows resistance to overfitting, as evidenced by
similar performance between training and testing data.

C. Neural Network Performance Evaluation

The Neural Network (NN) model used in this research
consists of two hidden layers with sizes of 256 and 128
neurons, respectively. ReLU activation is applied at each
hidden layer, and dropout with a ratio of 0.3 is used to prevent
overfitting. The output layer uses Softmax activation to
produce classification probabilities.

Training and testing results show that NN provides
competitive performance. Accuracy on test data reaches
97.00%, with precision of 97.56%, recall of 96.67%, and F1-
score of 97.01%. Although slightly lower than SVC, the NN
model shows a stable and convergent learning curve, with
consistent loss decrease trends on training and validation data.
This indicates that model parameters have been optimally
configured and are capable of learning from data without
overfitting tendencies.

The NN model also shows greater adaptability for more
complex data variations. This aligns with previous studies
showing that Multi-Layer Perceptron (MLP) architectures
have high generalization capability in pose-based
classification [16], [24], especially when combined with
temporal feature representation.

Table 1. Comparison of Classification Methods

Evaluation Matrix

Model
Accuracy Precision Recall F1- Score
SvC 97.35 97.53 97.31 97.35
Neural
Network 97.00 97.56 96.67 97.01
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Table 1 shows that both models provide very high
performance, but SVC is slightly superior in accuracy and
balance between precision and recall. Nevertheless, NN
shows the highest precision value, indicating reliability in
positive classification.

Table 2. Computational Performance Evaluation

Processing Stage Support Vector Neural Network
Classifier

YOLOVI12n 34.10 ms 42.82 ms
Latency

MediaPipe Pose 19.16 ms 38.00 ms
Latency

Classifier Latency 0.88 ms 87.28 ms

Total Inference 61.74 ms 177.16 ms

Time
System Througut 16.20 FPS 5.64 FPS

Table 2 presents a comparative analysis of the
computational performance between the Support Vector
Classifier (SVC) and Neural Network (NN) models. The
evaluation reveals that the SVC pipeline is significantly more
efficient, achieving a total inference time of 61.74 ms and a
processing throughput of 16.20 FPS. The classification stage
in the SVC model introduces a negligible latency of only 0.88
ms. In contrast, the NN model exhibits a substantial
computational  bottleneck, requiring 87.28 ms for
classification alone. This results in a much higher total
inference time of 177.16 ms (5.64 FPS). These findings
indicate that the SVC model is vastly superior in terms of
computational speed and is better suited for real-time
deployment.

D. Real-Time Detection Stability Analysis

To test system stability in real-time scenarios, a temporal
smoothing mechanism is used. This mechanism requires
predictions to have a minimum probability of 75% and remain
consistent for 10 consecutive frames before the classification
decision can be updated. Without this mechanism, inference
results show significant flickering, especially when the
subject changes position rapidly.

After implementing the smoothing mechanism, detection
results become much more stable. The system is capable of

Closs: celinguk | Confidence: 93.16%

Figure 4. Test video and detection results.
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maintaining consistent classification decisions, even when the
subject makes small movements or is in non-ideal lighting
conditions. Tests on real-time video show that the system is
capable of working with an adequate average frame rate for
direct applications, without significant performance
degradation.

This stability is important for real-world implementation,
as it prevents momentary detection errors that could cause
false alarms or misinterpretation by security systems. The
combination of rich feature representation, reliable
classification models, and appropriate post-processing
strategies proves capable of producing a robust suspicious
activity detection system suitable for deployment in
automated surveillance environments.

Overall, these results demonstrate the effectiveness of the
proposed two-stage framework in detecting and classifying
suspicious activity based on human pose. With both models
achieving accuracy above 97%, this system can serve as a
foundation for the development of future smart security
systems.

Figure 3 displays system testing results on real-time video
as well as a visualization of the data processing flow. The
main display shows activity detection with class labels and
confidence levels generated at that moment. The right side of
the figure specifically visualizes 15 consecutive frames
(frame sequence) captured by the system as a unified temporal
input. This frame sequence is processed together to extract
landmark features, allowing the model to analyze movement
patterns within that time span to determine activity
classification.

E. Interpretation of Detection and Feature Extraction
Results

The use of YOLOvI2n as an object detection model
proves effective in detecting human presence in video frames.
YOLOVI2n is a nano version of the YOLO series specifically
designed for edge computing applications with computational
limitations, without sacrificing detection precision [13]. The
effectiveness of YOLOv12n in this research is reflected in its
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ability to maintain the shape and proportions of human
objects, even in varying lighting conditions.

Feature extraction wusing MediaPipe BlazePose
successfully produces stable and representative body
landmarks. The selection of five body keypoints—nose, left
and right ears, and left and right wrists—represents head and
hand movements that serve as the main visual indicators of
the "looking around" pose. The addition of heuristic features
such as face direction and hand visibility enriches the
semantic pose information, in line with findings in [12] that
demonstrate the importance of integrating direction and depth
predictions for reliable three-dimensional pose estimation.

F. Classification Model Performance and Generalization

The Support Vector Classifier (SVC) model shows the
best performance in classifying the two main classes "still"
and "looking around" with an accuracy and F1-Score of
97.35%. This advantage is consistent with literature showing
that SVM excels in high-dimensional data situations with
limited sample sizes, as well as minimal overfitting risk [14],
[15]. In the context of this research, SVC is capable of finding
the optimal hyperplane that separates the two classes based on
the combination of spatial and temporal features generated
from MediaPipe.

Conversely, the Neural Network (NN) model used,
namely the Multi-Layer Perceptron (MLP) architecture,
shows highly competitive performance with an accuracy of
97.00% and an F1-Score of 97.01%. This architecture adopts
two hidden layers and a dropout mechanism, which aligns
with best practices in neural network design to reduce
overfitting and ensure stable convergence [24]. NN
performance is slightly below SVC in this experiment, but
shows great potential for further development, especially if
the number of classes is expanded and pose variations are
increased.

G. Real-Time Stability and Temporal Smoothing Evaluation

One important contribution of this research is the
application of a temporal smoothing strategy to improve
prediction stability in real-time implementation. The system
only updates the label if two conditions are met: prediction
probability above 75% and label consistency for 10
consecutive frames. This approach is effective in reducing
flickering, namely, prediction changes that occur too rapidly
between frames, which can confuse real-world applications
such as early warning systems.

In testing on real-time video sequences, the temporal
stabilization mechanism successfully maintains label
continuity without losing sensitivity to pose changes. This
strategy supports findings from [25], [28] that emphasize the
importance of detection stability in suspicious activity-based
surveillance. This mechanism also strengthens system
reliability for use in real-world environments without
dependence on human operators.

H. Comparison with Previous Studies

This research extends previous results in the field of
Human Activity Recognition (HAR) using skeleton data. The
study in [26] by Cao and Li shows that SVM is highly
effective  in  recognizing skeleton-based activities.
Additionally, the 15-frame consecutive sequence
representation approach used in this research strengthens the
temporal modeling approach as proposed in [17], where
spatial information alone is often insufficient to distinguish
activities with short duration and minimal movement
expression.

Compared to texture-based methods such as Gray Level
Co-occurrence  Matrices (GLCM), the skeleton-based
approach used in this research has advantages in terms of
robustness to lighting changes and camera orientation [12].
Skeleton-based feature representation is more compact and
easier to process in real-time.

I. Implications for Intelligent Surveillance Systems

The findings in this research have broad implications for
the development of Al-based surveillance systems, especially
in the context of resource-constrained environments such as
edge devices. The proposed system can be integrated into
modern CCTV architectures that adopt the Object-Based
Surveillance paradigm, where physical entities are
individually identified and tracked [27].

Implementation of this system also supports the natural
surveillance principle from CPTED (Crime Prevention
Through Environmental Design) theory, where early
detection of suspicious activity can activate automatic
warning systems or signal operators to focus on specific
points.

Additionally, the compact model architecture and system
pipeline open opportunities for deployment on mobile or
embedded systems in computationally constrained
environments, without sacrificing detection performance.
This aligns with current computer vision trends toward
lightweight and efficient models for real-time applications.

J. Limitations and Recommendations for Further

Development

Although the system shows high performance, this
research has several limitations that need to be noted. First,
the dataset used is still limited to two main classes. This
simplifies the classification task and potentially increases
accuracy artificially. Testing on more complex and diverse
datasets is needed to assess model robustness to real
variations in human activity.

Second, the temporal approach used is still static, in the
sense that it considers a fixed time window (15 frames). More
adaptive approaches, such as Long Short-Term Memory
(LSTM) or Transformer, can be used in the future to capture
long-term temporal dynamics and more complex movement
patterns.
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Third, no analysis has been conducted on system
robustness to extreme conditions such as low lighting, angled
camera positions, or the presence of multiple individuals in a
single frame. Further research can expand the scope of
experiments to these conditions to improve system robustness
in real-world scenarios.

Overall, this discussion confirms that the two-stage
approach combining YOLOv12n and MediaPipe, with
support from classification models and temporal stabilization
strategies, offers a promising and reliable solution for
intelligent surveillance systems. Going forward, adaptation to
more complex environments and integration with broader
decision-making systems will be important directions for
further development.

V. CONCLUSION

This research has successfully developed a suspicious
activity detection system based on human pose with an
efficient and accurate two-stage approach. By combining
object detection using YOLOvVI12n, pose extraction through
MediaPipe BlazePose, and classification using Support
Vector Classifier (SVC) and Neural Network (NN), this
system is capable of achieving classification accuracy above
97% in distinguishing between "still" and "looking around"
poses. The temporal smoothing mechanism applied also
successfully improves prediction stability in real-time
scenarios, making this system suitable for implementation on
resource-constrained automated surveillance devices. The
main contribution of this study lies in the optimization of a
lightweight detection pipeline while maintaining high
performance, as well as in the formulation of spatiotemporal
feature representation capable of capturing subtle differences
in movement patterns. This enriches the body of research in
the field of Human Activity Recognition (HAR), particularly
in the context of Al-based surveillance systems. The
implications of these findings include potential
implementation in public security systems, early detection of
suspicious behavior, and integration with automatic warning
systems. For future research, testing on more complex
datasets, the use of adaptive temporal model architectures
such as LSTM or Transformer, and testing in more varied
real-world conditions are recommended.
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