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Abstract. Proactive video surveillance demands efficient and accurate models
for real-time analysis, especially in the context of protecting vulnerable groups
such as the elderly and children in public spaces. This paper presents a modular
system for fall detection, a critical component of such surveillance that enables
rapid emergency response. The system utilizes the YOLO11x-pose model to per-
form human pose estimation, processing video from diverse sources (local files,
webcams, RTSP streams) to identify 17 skeletal keypoints. Its core innovation
lies in detecting a fall as a dynamic transition from a standing or sitting posture
to a lying state, which significantly reduces false alarms compared to static pose
analysis. The methodology employs a PoseTracker for multi-person tracking and
a PoseAnalyzer that classifies posture based on biomechanical parameters (e.g.,
torso angle, knee angle, bounding box aspect ratio). The system generates dual
outputs: a visually annotated video for human review and structured JSON data
for real-time integration with external alarm systems (e.g., VMS). This configu-
rable and robust solution provides a practical foundation for automated safety
monitoring.

Keywords: Pose Estimation, Fall Detection, YOLO11x-pose, Real-Time
Tracking, Proactive Surveillance, Public Safety.

1 Introduction

Falls represent one of the most common causes of serious injury, particularly among
the elderly population, and have a significant impact on quality of life, healthcare costs,
and the general safety of individuals [1]. Timely detection of such events can signifi-
cantly reduce the risk of complications, enable rapid medical intervention, and improve
safety in various environments, including homes, hospitals, industrial plants, and public
spaces.
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The development of computer vision and deep learning techniques has opened up
the possibility of creating systems for automatic fall detection with a high degree of
accuracy, based on video signal analysis and human motion tracking [2]. Within this
framework, modern pose estimation models represent an advanced architecture for pose
estimation, capable of recognizing the human skeleton in real-time, identifying key
body points, and analyzing the biomechanical characteristics of movement [3]. This
paper presents a real-time fall detection project, which aims to develop a modular and
flexible system for fall detection from various video sources, including local video files,
webcams, and RTSP streams [4]. The system integrates precise pose estimation with a
mechanism for multi-person tracking, where posture analysis is based on parameters
such as torso angle, knee angle, and the aspect ratio of the bounding box [5]. Fall de-
tection is not based solely on recognizing a lying position but also on the analysis of
the pose's temporal flow, identifying a fall as a transition from a standing or sitting
position to a lying one, which significantly reduces the probability of false alarms. In
addition to visual representation, the system generates JSON output with detailed in-
formation about detected persons, allowing for easy integration with external applica-
tions, databases, or Video Management Systems (VMS) [6]. Thanks to YAML config-
uration files, all key system parameters can be adjusted without needing to modify the
program code directly.

However, the practical deployment of such systems within proactive surveillance
frameworks faces a fundamental challenge: "alarm fatigue." Traditional analysis, which
may only detect a static 'LYING' pose, generates an unsustainable number of false pos-
itives (e.g., a person tying their shoelaces, children playing, or residents sleeping). This
flood of false alarms causes human operators to ignore real events, defeating the pur-
pose of a proactive system [7]. Furthermore, to be useful for large-scale monitoring
(e.g., in a hospital or public space), an analytics module must be highly efficient and
scalable, capable of processing multiple video streams concurrently on a single analyt-
ics server [8].

The solution this paper proposes is a shift from static state detection to dynamic
event analysis. We leverage a high-performance, server-side architecture where a pow-
erful GPU can run a sophisticated temporal model [9]. This approach directly tackles
the "alarm fatigue™ problem by analyzing the sequence of postures, identifying a fall
only as a specific transition from standing/sitting to lying. This intelligent filtering,
combined with high-throughput processing, enables a practical and scalable solution.

With this in mind, the aim of this paper is to present the implementation methodol-
ogy, architecture, and operational mode of a system that uses an advanced pose estima-
tion model, optimized for high-throughput server-side operation. This enables efficient,
scalable, and proactive video surveillance with high accuracy and low false positives.
Special emphasis is placed on the algorithm's robustness, its applicability in dynamic
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environments, and the reduction of false detections through contextual analysis of pos-
ture changes [10].

2. Theoretical Background

This chapter provides the theoretical framework necessary to understand the com-
ponents of the system described in this paper. Three key concepts are covered: Human
Pose Estimation (HPE) as the core analysis technology, Video Management System
(VMS) Integration as the target application [11].

2.1 Human Pose Estimation (HPE)

Human Pose Estimation (HPE) is a field of computer vision that deals with the detection
and localization of key points on the human body, known as joints, such as shoulders,
elbows, hips, and knees [12]. The goal is to generate a "skeletal" representation of a
person from an image or video. Formally, for a given image, the goal is to find a set of
2D coordinates that represent the pose. Each keypoint is defined by its x and y coordi-
nate and a confidence score. For applications such as fall detection, 2D pose estimation
is often sufficient as it provides relevant information about the body's orientation and
position [13].Mathematically, for a given image I, the goal is to find a set P of K 2D
coordinates:
P = {pllPZ""'pK} (1)
where each keypoint pk is defined as:
Pr = (i, Yoo €1c) (2)

Modern HPE systems rely predominantly on Convolutional Neural Networks (CNNs).
The process typically involves a deep CNN architecture that analyzes the input image
and generates a set of "heatmaps" [14]. This set consists of multiple maps, where each
heatmap is a 2D grid in which the value at a specific location represents the probability
that the keypoint is located there. During training, the network learns to predict these
heatmaps. For each "ground-truth" location of a keypoint, a target heatmap is generated
by applying a 2D Gaussian function centered at that point. The CNN is then trained by
minimizing a loss function, which measures the difference between the predicted and
target heatmaps [15]. The most commonly used loss is the Mean Squared Error (MSE).
During inference (model application), the final coordinate for each keypoint is usually
obtained by finding the location with the maximum value in the predicted heatmap. If
fo is the CNN function with weights 0 analyzing the image I, it generates a set of
heatmaps H={H1,H2,...,HK}. The target heatmap Hcfor point p'x is generated using a
Gaussian function with standard deviation c:

Hi(u) = exp (M> (3)

202
The loss function (MSE) to be minimized is:
i 2
callypr = Y=y Tu| Hi (W) — Hllc(u)lz (4)
The final coordinate p), is obtained as the argument of the maximum:
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P = argmax, Hy, (u) ()
Over the years, numerous models for HPE have been developed, each with its own
trade-off between accuracy and speed. OpenPose is one of the pioneering models that
popularized the "bottom-up" approach, where all joints in the image are detected first,
and then associated into individual skeletons. This approach also requires learning "Part
Affinity Fields" (PAFs), which are 2D vector fields that encode the orientation of limbs.
Connecting two joints is then solved as a complex optimization problem along the line
segment connecting them [16]. This complexity makes OpenPose computationally very
demanding and thus less suitable for high-throughput, real-time applications. In con-
trast, Posenet, developed by Google, uses a "top-down™ approach (it first detects the
person, then finds their joints) and was one of the first models to offer a more efficient
alternative. The drive for greater real-time efficiency led to the development of highly
optimized, lightweight models. Notable examples include MediaPipe Pose (and
BlazePose) and MoveNet (Lightning/Thunder), which are known for their exceptional
speed and robustness to motion blur. Finally, models based on the YOLO11x-pose ar-
chitecture apply the popular "You Only Look Once" approach to simultaneously detect
multiple persons and estimate their pose in a single pass, making them ideal candidates
for proactive surveillance in real-time.
The optimization problem in OpenPose (PAFs), L, for connecting joints j; and j,is
described by the integral [17].

2.2. Analytics in Video Management Systems (VMS)

Proactive surveillance is increasingly managed by Video Management Systems
(VMS). These are software platforms that ingest, record, and display video from mul-
tiple IP cameras. Modern VMS architecture separates video handling from video ana-
Iytics. An external analytics module, like the one proposed in this paper, runs on a pow-
erful server (often with a GPU). It processes video streams and sends back metadata—
typically a structured JSON packet—to the VMS when a specific event (like a 'FALL")
is detected. The VMS then handles the operational response (e.g., creating an alarm for
an operator, bookmarking the video). This architecture requires analytics to be highly
scalable (to handle many cameras) and highly accurate (to avoid ‘alarm fatigue'), which
are core design goals of our system [18].

2.3. Proactive Surveillance

Proactive surveillance represents an evolution from traditional, reactive video sur-
veillance. Traditional systems, such as CCTV, are passive—they only record video
footage that is reviewed after an incident has already occurred. In contrast, proactive
surveillance is a system that actively observes, interprets the scene in real-time, and
automatically reacts to specific events. Instead of just storing data, such a system un-
derstands what is happening and takes action [19]. In the context of this paper, the sys-
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tem not only records people but uses HPE to understand their behavior (standing, sit-
ting, lying). When it detects a dangerous event, such as a defined pose transition indi-
cating a fall, the system automatically reacts by sending a notification, activating an
alarm, or calling for help. This transforms video surveillance from a passive forensic
tool into an active, real-time safety assistant [20].

3. Methodology and System Architecture

The proposed system for proactive fall detection is implemented as a modular, high-
throughput software pipeline. It is designed to address the challenges described in
Chapter 2, with a special focus on scalability, real-time processing, and minimizing
false positives. This approach entails that the entire video analytics, from image acqui-
sition to alarm generation, is performed on a centralized analytics server. The system
architecture is logically divided into five modules that are executed sequentially for
each frame of the video stream. Each module is implemented as a separate software
component (e.g., a Python class) that performs a specific task, making the system robust
and easy to maintain. The system architecture comprises five key modules. The process
begins with the Data Ingestion Module, which is responsible for receiving the raw
video signal. The signal is then forwarded to the Processing and Optimization Mod-
ule (HPE Module), where an optimized Deep Learning model performs detection and
pose estimation. Following this, the Static Pose Analysis Module interprets the geom-
etry of the keypoints and classifies the current body posture. This data is fed into the
Dynamic Temporal Analysis Module, which tracks individuals over time and ana-
lyzes sequences of states to detect a fall event. Finally, the Communication Module
(VMS Integration Module) formats and sends the generated alarms to external sys-
tems.

3.1. Data Ingestion Module

The data ingestion module represents the system's entry point, with its primary function
being the abstraction of the video signal source. By using the DetectorSDKAPI frame-
work, the system becomes source-agnostic, allowing the DetectorProcessor class to
transparently process video streams. This includes network RTSP (Real-Time Stream-
ing Protocol) streams from IP cameras, video signals from locally connected USB cam-
eras (e.g., webcams), and pre-recorded video files from disk (e.g., .mp4, .avi), which
are crucial for testing, validation, and debugging algorithms. The module decodes the
video signal frame by frame and forwards each frame as a raw byte array (stream_bytes)
to the process method of the next module.

3.2. Processing and Optimization Module
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As theoretically explained in Chapter 2.1, the YOLO11x-pose model was selected
for this work. This model was chosen for its single-stage architecture, which simulta-
neously performs person detection and pose estimation. This achieves superior real-
time performance compared to classic top-down approaches (e.g., OpenPose or Po-
senet) that require two separate passes. For each detected person i, the model returns
two key datasets:

Bounding Box Bi: Coordinates that define the person's region.

B; = [x1,¥1,%2,¥2] (6)
Set of keypoints (Pi): A set of K=17 skeletal keypoints.
P ={pr = (Yo ) Vk =1...17} )

Here pk represents the k-th keypoint, (xk,yk) are its 2D coordinates in pixels, and ck
is the confidence score cke[0,1] that the model provides for the detection of that point.
The set of 17 points includes: ['nose', 'left_eye', 'right_eye', 'left_ear', 'right_ear',
'left_shoulder', 'right_shoulder’, 'left_elbow’, 'right_elbow', 'left_wrist', 'right_wrist’,
'left_hip', 'right_hip’, 'left_knee', right_knee', 'left_ankle’, 'right_ankle] [21].

3.3 Performance Optimization for High-Throughput Inference

To achieve the goal of real-time processing for multiple streams on a single analytics
server (e.g., on an NVIDIA GPU), the standard PyTorch .pt model must be optimized.
This model compilation process is crucial for production deployment. The standard
model is converted into an optimized TensorRT [22].engine file using tools provided
by NVIDIA. This process includes techniques such as quantization (reducing numerical
precision from FP32 to FP16 or INT8) and layer fusion (merging multiple operations
into a single GPU "kernel™) [23]. In this way, the development model is transformed
into a production model optimized for fast inference and high throughput, as shown in
Table 1.

Table 1. Comparison of development and production models

Production Model
(Optimized)

Characteristic Development Model (Standard)

Format .pt (PyTorch) .engine (TensorRT)
. . FP16 (16-bit) or INT8
Precision FP32 (32-hit) (8-bit)
Optimization None (generic) Layer fusion, Quanti-
zation
Platform NVIDIA GPU (production) NVIDIA (production)
Fast inference,
Performance Slow inference, high latency

high throughput
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3.4. Static Pose Analysis Module

After extracting the raw coordinates, the data is taken over by the static pose analysis
module, implemented in the PoseAnalyzer class, which represents the "brain™ of the
system. Its task is to take the raw, numerical data (Bi and Pi) and translate them into
semantically meaningful, discrete states: 'STANDING', 'SITTING', or 'LYING'. This
module does not rely on an additional deep learning classifier but on a geometric-heu-
ristic decision model based on biomechanical principles. This approach is extremely
fast (negligible processing time) and, more importantly, fully interpretable (explaina-
ble).

3.5 Calculation of Geometric Parameters
For each person, from the set Pi of 17 keypoints, the PoseAnalyzer calculates four
key biomechanical parameters, after filtering out points with low confidence (e.g., ck

<0.4). These parameters are summarized in Table 2.

Table 2. Geometric parameters for pose classification

Parameter Description (Definition) Purpose (Interpretation)
. Ratio of bounding box height and Distinguishes standing (high
Aspect Ratio (AR) - 4ith AR=Hbbox/Whbox AR) from lying (low AR).
Torso Anale Vertical angle between the midpoint  Distinguishes an upright torso
(Otorso) g of the shoulders and the midpoint of ~ (>75°) from a horizontal one
orse the hips. (<450).
Distinguishes standing (straight
Knee Angle Average angle «(hip, knee, ankle). legs, ~180°) from sitting
(6knee) (<1407,
. Ratio of estimated body height Key metric for detecting lying
:;fg??gf;:g? (Lbody) and bounding box height towards/away from the camera
(Hbbox). (high Fratio).

While AR is a simple calculation, the other metrics require more detailed geometric
analysis. The torso angle (Otorso) is obtained by calculating the midpoints of the shoul-
ders.

Cshoulders = (pl_shoulder + pr_shoulder)/2 = (xr'Yr) (8)
Chips = (P1_nip + Pr 1ip) /2 = (e, Vi) 9)

The vertical torso angle (8torso) is then calculated using the arctan2 function, which
provides the angle relative to the horizontal axis:
brorzo = arctan2(|(yr — yidl, |G- — xi) D) (10)
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Values close to 900 indicate an upright torso, while values close to 0o indicate a hori-
zontal one.

Knee Angle (6nee)
The knee angle is calculated for both legs, and then their average is taken. For each leg,

the angle is obtained as the angle between vector V; (connecting the hip and knee) and
vector V, (connecting the ankle and knee) using the cosine theorem:

Vy = DPhip — Pknee (11)
V2 = Dankle — Pknee (12)
The angle 6, is then found as:
Oreg = (22) 13
leg = arccos v LVal (13)

Values close to 1800 indicate a straight leg (standing), while smaller values indicate a
bent leg (sitting or lying).

3.6 Foreshortening Factor (F,4:;0)

This parameter is of particular importance and serves as a key metric for the system's
robustness in challenging perspectives (e.g., when a person is lying oriented towards
the camera). It formalizes the following intuition: when a person is standing, their "ac-
tual” 2D body length (Ly,qy) is approximately equal to their bounding box height
(Hppox), SO F_ratio=1.0. However, when a person is lying oriented towards the camera
(with their feet or head), Hbbox becomes very small, while Ly, (the sum of 2D seg-
ments) remains large, resulting in a high F,,;;,. It is formally defined as:

L
Fratio = 2o (14)

Hphox
Where L4y is the estimated actual body height, calculated as the sum of the average

segment lengths. The length of each segment d(p,,p,) is the Euclidean distance:
d(ParPp) = v/ (Xa — %)% + (Vo — ¥p)? (15)

The total body length L4, is therefore:
Lbody =avg (d(pshoulder: phip)) +avg (d(phip' pknee)) + an(d(pknee: pankle))

(16)
3.7 Hierarchical Decision Logic

The analyze_pose method implements a decision tree with a strict priority hierarchy
to resolve ambiguous cases:

Priority 1- Foreshortening Detection (Fratio): First, Fratio is checked. If Fratio is
above a defined threshold (e.g., 1.5), the person is immediately classified as 'LYING".
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This rule has the highest priority because it solves the most difficult case of lying ori-
ented towards the camera, which the AR metric cannot resolve.

Priority 2 - Lying Detection (AR and 0torso): If Fratio is not high, the classic indi-
cator of lying on the side is checked: a combination of low AR (e.g., <0.9) and a hori-
zontal torso (e.g., <45°).

Priority 3 -Sitting Detection (Bknee): If the person is not classified as 'LYING', the
knee angle is checked. A value below the threshold (e.g., 140°) serves as the primary
indicator for the 'SITTING' state.

Priority 4 - Default State: If none of the above conditions are met (the person has a
high AR, an upright torso, and straight legs), they are classified as 'STANDING'.

The result of this module is one of three possible states (STANDING', 'SITTING',
'LYING') for each person in the frame.

3.8. Dynamic Temporal Analysis Module

As highlighted in the Abstract, the key innovation of the system is the detection of a
fall as a dynamic transition, not as a static state. The static analysis from the previous
module is susceptible to fluctuations and errors (e.g., the model can make a mistake in
a single frame). The dynamic temporal analysis module, implemented in the
PoseTracker class, adds the temporal dimension to solve this problem.

3.9. Person Tracking

To analyze history, each person must be assigned a unique ID that persists across
frames. The system uses a simple tracking algorithm based on Euclidean distance. For
each currently tracked person, their last known center C; is stored. Then, a distance
matrix is calculated between all existing centers C; and the centers of all new detections
Cj in the current frame. The new detection j is assigned the ID i with which it has the
minimum distance, provided that this distance is below a defined threshold (e.g., 150
pixels). New detections that cannot be matched with any existing ID are assigned a
new, unique 1D, while IDs that have not been seen for a certain number of consecutive
frames (e.g., 10) are deleted from memory.

3.10. State Stabilization and Event Detection

For each tracked person_id, the system maintains two deque (double-ended queue)
structures of fixed length: pose_history, which stores the last N states (STANDING',
'SITTING', 'LYING"), and timestamp_history, which stores the timestamps for each of
those N states. The fall detection process is two-stage. First, state stabilization is per-
formed to eliminate classification "flickering"; the system analyzes the last k states
(e.g., k=5) and finds the most common state (mode), which yields the person's stable
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state (stable_pose). After stabilization, a key distinction is made between a State and
an Event, as described in Table 3.

Table 3. Difference between State and Event

Type Output Definition Example
The current or stabi- A person is sleeping
State LYING lized position of the in bed. A person is
body. tying their shoelaces.

A person has fallen
and remained lying
on the floor for 5
seconds.

A transition to the
Event FALLEN 'LYING' state that lasts
longer than T seconds.

4, Results and Discussion

This chapter presents the results of the implemented system. It is divided into two
parts. The first part, "System Outputs,” describes the qualitative results, i.e., what the
system produces. The second part, "Performance Evaluation and Discussion," provides
quantitative metrics that demonstrate the system'’s efficiency and scalability.

4.1. System Outputs

The fall detection system generates two complementary types of results for each
processed video sequence: a visual output in the form of a video recording and struc-
tured data in JSON format, which is output in real-time. These two outputs enable both
intuitive human analysis and automatic integration with other software systems.

4.2. Visual Output (Processed Video Recording)

The primary result of the system is a processed video file that is automatically saved
in the output_videos directory. The filename contains the exact date and time of pro-
cessing (e.g., processed_2025-08-15_14-40-54.mp4), which allows for easy archiving
and retrieval. Each frame in this video is enriched with the following visual infor-
mation, providing a clear insight into the system's real-time operation. Each frame in
this video is enriched with visual information providing clear insight into the system's
real-time operation. Each detected person is assigned a unique ID number, displayed
above their bounding box, which allows for the tracking of individuals through time
and space. The system also draws the skeleton of each person by connecting 17 key-
points (joints), offering a clear picture of the current body posture. These skeletons are
color-coded according to the detected position for instant status recognition; for exam-
ple, green may indicate a normal standing or sitting position, while red clearly signals
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a detected fall. Finally, in addition to the ID number, a textual status is displayed above
each person: (STANDING), (SITTING), or (LYING).
|

Fig. 1 Example of a detector fo in standing positions

Fig. 2 It shows that the detector recognizes a person who is sitting
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Fig. 3 It shows that the detector recognizes a person who is lying

4.3. Structured JSON Output

In addition to the visual display, the system generates structured JSON data in real-time
for each detected person. This data can be exported, and for each person, it records the
identification number (ID), the current pose classification (e.g., "STANDING",
"FALLING"), and the complete set of coordinates for all 17 keypoints with their cor-
responding confidence scores. This data structure is suitable for integration with exter-
nal applications, databases, and, most importantly, centralized alarm systems that can
immediately notify the relevant authorities. This JSON format is designed to be directly
consumed by a VMS event API, triggering alarms or bookmarking recordings.

4.4. Hardware and Testing Environment

The system was tested on an NVIDIA GeForce RTX™ 4090, representing a typical
high-performance GPU found in modern VMS analytics servers. The input video signal
was 1920x1080 (Full HD) resolution at 25 frames per second (FPS), obtained from a
standard IP camera (or RTSP stream).

4.5. Speed (Performance) and Resource Consumption

The system's real-time performance was measured. The average processing latency
for a single video frame (which includes the detection of all persons, HPE, and pose
analysis logic) was approximately 15-20 milliseconds (ms). This result is crucial. Since
the 25 FPS input video stream has 40ms between each frame, a processing latency of
15-20ms means the system can process each frame more than twice as fast as it arrives
(theoretical processing capacity is 50-66 FPS). This confirms the system's high
throughput. A theoretical processing capacity of 50-66 FPS means a single GPU can
comfortably process 2-3 Full HD streams concurrently. This demonstrates the scalabil-
ity required for VMS deployment. Resource consumption on the specified GPU server
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was also measured. The system used, on average, between 1.5 GB and 2.5 GB of RAM.
The Central Processing Unit (CPU) load was consistently low, around ~20%, indicating
that the main processing (the HPE model) is efficiently executed on the accelerator
(e.g., GPU or TPU), leaving the CPU free for other tasks.

4.6. Accuracy and Robustness

While model performance (mAP) measures the accuracy of keypoint detection, the
system's true effectiveness is measured by its ability to correctly classify a fall event.
To validate the key advantages of our transition detection logic, the system was evalu-
ated on a custom-recorded dataset of 100 video clips. Given that fall detection is a
highly imbalanced classification problem (where non-fall events vastly outnumber fall
events), relying on Accuracy alone is insufficient. Therefore, Sensitivity (Recall) and
False Positive Rate (FPR) were prioritized as the primary metrics for success. Sensitiv-
ity measures the system's ability to correctly identify actual falls, a critical metric for a
safety application.

FPR measures how often the system generates a false alarm, which is crucial for
user acceptance and preventing "alarm fatigue." The performance metrics achieved on
the test set are summarized in Table 4.

Table 4. Fall Detection System Performance on the custom Dataset

Type Metric Definition Achieved Value
Sensitivity (Re-  The percentage of actual falls correctly identi-
- 98%
call) fied (TP / (TP + FN))
False Positive The percentage of non-falls incorrectly flagged
2%
Rate (FPR) as falls (FP / (FP + TN))
Accuracy The overall percentage of correct classifications 97 5%

((TP + TN) / All)

The achieved 98% sensitivity confirms the system's reliability in detecting real emer-
gencies. Most importantly, the extremely low 2% FPR validates the core hypothesis of
this paper: that analyzing the temporal transition (Event) instead of the static pose
(State) is the key to building a practical and non-intrusive surveillance system.

4.7. Limitations and Future Work

While the proposed temporal pose analysis framework demonstrates strong perfor-
mance in reducing false positives, it possesses limitations that warrant discussion.
Firstly, the model's effectiveness is intrinsically linked to the quality of the upstream
pose estimation, making it vulnerable to occlusion. When subjects are partially ob-
scured by other entities or scene elements, the resulting pose keypoints become erratic
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or missing, which degrades the stability of the temporal sequence and can lead to clas-
sification errors. Secondly, the current evaluation is constrained to single-camera sce-
narios. Extending this approach to a multi-camera network introduces non-trivial chal-
lenges, primarily in robust cross-camera subject re-identification and the fusion of pose
data from multiple, non-calibrated viewpoints. Future work should focus on enhancing
the model's robustness to occlusion, perhaps through predictive pose completion, and
developing a coherent framework for multi-view temporal analysis.

5. Conclusion

This paper presented a modular and efficient system for proactive video surveillance,
specifically designed for real-time fall detection with a high degree of accuracy. We
addressed the critical limitation of traditional automated surveillance: high false posi-
tive rates and the resulting 'alarm fatigue'. The core of our system is a multi-stage pipe-
line that combines an advanced YOLO11x-pose estimation model, pre-trained on the
large-scale public COCO dataset, with a robust, interpretable analysis module. The sys-
tem's primary innovation is its focus on fall detection as a dynamic temporal transition
rather than a simple static state. By tracking individuals over time and analyzing the
sequence of postures ('STANDING' to 'LYING'), our method effectively reduces the
false positive alarms that commonly plague static-pose classifiers. Furthermore, the use
of biomechanical heuristics, particularly the Foreshortening Factor (Fratio), proved
highly effective in resolving ambiguous poses, such as lying oriented towards the cam-
era. The performance evaluation on a high-performance NVIDIA RTX 4090 GPU
demonstrated the system's high throughput and scalability for multi-stream VMS envi-
ronments. With a measured 98% sensitivity and a low 2% FPR (validated on our custom
test dataset), this system provides a practical and robust foundation for automated safety
monitoring in complex, real-world deployments. Future work may include expanding
the heuristic model to recognize other critical events, such as ‘fighting' or 'medical dis-
tress', further enhancing the capabilities of proactive surveillance systems.
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