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ABSTRACT

Early level fall detection is crucial for health care
surveillance, geriatric medicine, and public safety. This
paper introduced real-time fall detection algorithm that
monitors joints of the body with YOLOv8nh pose
estimation and assess their score with our novel
biomechanics approach. The program offers four video
source selections: Webcam, IP/USB camera, Stored
video files or RTSP/HTTP stream. To detect a fall, five
things are taken care simultaneously: how the box shape
is altered, how much the torso tilts, where the head sits
versus that of the hips, how close knees are to shoulders,
and how high ankles rise. You only get alerts if the
additional evidence leads to S>4, so false alarms drop a
lot. Run on your own local machine as a flask app,
streams live MJPEG, overlays skeletons, lights up alerts
instantly and record starts for every session. This system
achieves 94.3 % sensitivity and 96.9 % specificity on
the UR Fall Detection and Multiple Cameras Fall
datasets, with an overall accuracy of 95.4 % + a false
alarm rate of only 3.1 %, outperforming single-energy
baselines. The YOLOv8n-pose backbone inference ~28-
32 FPS on a standard home CPU, thus it can be
deployed to edge without a GPU.

Keywords: YOLOvV8, human fall detection, health care,
UR Fall Detection.

I. INTRODUCTION

Falls are one of the most common reasons people
worldwide are injured or die. The WHO says falls are
the second biggest cause of accidental deaths
worldwide, and most deaths happen to people aged 65
and older [1]. With automated fall detection, help can
arrive faster, while people are monitored all the time in a
non-intrusive way, no special gear required.

Old wearable systems that use accelerometers and
gyroscopes are hard for patients to stick with, they run
out of battery, and they don’t cover enough [2]. RGB
camera vision systems are now a strong alternative,
letting you monitor passively while capturing detailed
spatial information [3].

Thanks to recent deep-learning progress, especially
YOLO-based models, we can estimate human body
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poses in real time using just one camera [16]. ultralytics
released

YOLOV8 in 2023, and it improves YOLO by predicting
both bounding boxes and 17 keypoints in human poses.

Il. RELATED WORK

Researchers have been studying vision- based fall
detection for over twenty years in detail [4], including
Rougier et al. [5] applied optical flow and human
silhouette shape analysis using overhead cameras
obtaining reasonable accuracy but yet sensitive to
occlusion and to background clutter [6].

Skeleton-based techniques were popularized by the
introduction of depth sensors like Microsoft Kinect.
They experimented with ceiling-mounted cameras
combining different flavours of optical flow tracking
and human silhouettes with moderate success until
partial view blocking or cluttered backgrounds ruined
the scene. Following these research skeleton-based
methods began to explode in popularity further when
depth sensors became available (Microsoft Kinect). Fall
detection with 3D joint positions given RGB input was
proposed by Mastorakis and Makris [7]. They used
depth maps for fall detection which outperformed RGB-
only approaches, however was limited to costly
hardware and indoor operation [8]. Then real-time
human skeleton extraction using conventional cameras
became possible with fast 2D pose-estimation networks
like Open- Pose [9], HRNet [10] and MediaPipe Pose
[11]. Open-Pose keypoints along with SVM classifiers
were used by [12] while Nunez-Marcos et al. [13]
trained LSTM networks on keypoint trajectories to
encode temporal dynamics of falls. Tests reported by
Adhikari et al. showed YOLOv7-output (consisting of 2
detection heads) achieving 31 FPS on GTX 1080 Ti
according to Adhikari et al. [14], [15].

The system utilizes YOLOv8n-pose because it has
similar accuracy as YOLOv7-pose but with fewer
parameters enabling users to use CPU only inference for
edge devices with limited computing power.

1. METHODOLOGY
A. System Architecture

The Architecture consists of total five parts, video
source manager, YOLOVS8 inference, fall detector, alert
visualization manager, and Flask web interface. Figure 1
shows an overview of the system.
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Fig. 1. System Architecture pipeline.
B. YOLOV8 Pose Estimation

YOLOv8n-pose acts as the main model, finding people
and estimating a full 17-joint skeleton using the COCO
keypoint format. For every person the model finds, it
gives a box with coordinates (x1,y1,x2,y2) plus a
confidence score, and a 17x3 table of keypoints (x, vy,
visibility confidence). Any keypoint with visibility
confidence under 0.30 is hidden and left out of the
biomechanics analysis. The model runs inference at
960%540, keeping enough detail while staying fast..

C. Multi-Criterion Fall Detection

It checks five separate biomechanical measures in the
fall analysis. You declare a fall once the running scores
S >4. Table I list the criteria and count each one.

TABLE |
FALL DETECTION SCORING CRITERIA
Criterion Score Threshold
BBox Aspect Ratio (w/h) 3 >1.2
Torso Inclination Angle 3 > 50
Head Below Hip Level 2 nose, > hipo
Knee-Shoulder Proximity 2 |Ay| < 80 px
Ankle Above Hip Level 2 ankleg < hipg

The method is deliberately designed with all possible
cases so that no single test can determine the results. It
helps to reduce false alarms associated with rapidly
moving postures such as bending, low-seated or
stooping. How the choice is made

Fall « Z score; = 4,where i = {Cy, C,,C3,Cy, Cs}

D. Alertand Visualization System

If fall is detected, after the first 5 seconds alerting delay
It overlays blinking red warnings on the video stream,
flashes the border, keeps a running "falls" count and
takes time-stamped notes. Healthy people standing
around: the skeleton links are highlighted green. Fall
detected: they turn red. Each person bounding box is
tagged with personal diagnostic labels e.g. bbox ratio,
torso angle.

IV. IMPLEMENTATION

It is implemented with Python 3.10, Ultralytics
YOLOvV8, Open CV (v4.8+), Flask (v2.3+), Flask-
CORS and Num Py. The front end comprises an
HTML5, CSS3 and JavaScript single-page application
rendered from Flask’s Jinja2 template engine. A
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background thread repeatedly grabs video frames
(typically 30 per second) and writes them to a shared
byte buffer (thread-safe). The route yields MJIPEG
frames encoded as multipart, x-mixed-replace for
continuous playback in a web browser. The endpoints
offer a very simple REST API that allows you to start
the program, stop it, check its status, and upload files
and list cameras. The frontend polls server/checks/api/
status every 800ms or so to update the UI. It runs on
localhost: 5000 and can also be reached on your local
network through your computer’s LAN IP, so you can
monitor it from a mobile device without any extra setup.

V. RESULTS AND DISCUSSIONS
A. Dataset

To evaluate our approach, we employed three datasets:
(1) UR Fall Detection Dataset (URFD) [17], which
consists of 30 falls and 40 ADL sequences recorded
from two views: overhead and frontal cameras; (2)
Multiple Cameras Fall Dataset (MCFD) [18] with 24 fall
events from eight different camera views; and (3) 15
minutes of surveillance video from indoors at our home
for testing. Dataset statistics are presented in Table Il
shows the dataset stats.

TABLE Il
DATASET SUMMERY STATISTICS
Dataset | Sequences Fall Non-Fall
URFD 70 30 40
MCFD 24 24 24
Custom — 31 62
Total — 85 126
B. Performance Comparison
Table 11 illustrates the comparative performance of our

system with older baseline systems on the URFD
dataset. The new system achieves 3.1 percent, which is
the lowest false positive rate to date and reaches an
overall accuracy of 95.4 percent.

TABLE I11

PERFORMANCE COMPARISON (URFD DATASET)
Se Sp Acc FPR
Method ©) | 6 | %) | @)
Rougier et al. [5] 88.2 91.0 89.8 9.0
Adhikari et al. [12] 91.4 89.3 90.5 10.7
Nunez-Marcos et al. [13] 93.0 92.1 92.7 79
Proposed System 94.3 96.9 95.4 3.1
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Fig. 2. Performance metrics for all methods Bars for the improvement across all three metrics.
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Fig.2. Performance Comparison Bar Chart (URFD).

C. False Positive Rate Analysis (Nunez-Marcos et al.). (Figure 3: comparison of

A 3.1% false positive rate is a 60.8 % improvement different FPR methods).

com- pared to the top baseline, which reached 7.9%
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Fig. 3. False Positive Rate Comparison.

D. Confusion Matrix 283 true negatives; 9 false positives and 17 false
negatives. Precision is 94.0 %, recall 89.2 %, and F1-
score 91.5 %.

E. ROC Curve — Threshold Analysis

Refer to confusion matrix in Fig. A complete
classification breakdown is presented in Figure 4,

A fig. Figure 5: ROC curve varying cutoff score
250 threshold S from 1 -7 The best tradeoff between

Non-Fall sensitivity and FPR occur at S>4, where we have the

- 200 starred operating point. Lower thresholds pick up more
7 150 true events, but they also generate much more false
v detection; higher thresholds reduce FPR at the cost of
F 100 missing subtle falls.
Fall TABLE IV
50 COMPUTATIONAL PERFORMANCE
Metric Value
_ Processing FPS 28-32 FPS
Non-Fall Fall End-to-End Latency 78 ms
Predicted Label Model Size (disk) 6.5 MB
Fig. 4. Confusion Matrix (URFD + MCFD Combined). RAM Usage ~320 MB
Utilizing a combined URFD and MCFD, GPU Required no(cpu only)

450samplesintotal. There were 141 true positives and
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Fig. 5. ROC Curve — Score Threshold Analysis

F.  Criterion Contribution Analysis
Figure-6 shows the activation rate of each rule among
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Fig. 6. Criterion Activation Rate in True Fall Events.

Which makes them reliable leading indicators? Even the
ankle-elevation rule is detected in 44.2% of the cases,
since some uncommon fall patterns such as tripping
might occur with legs lifted.

G. Computational Performance

The inference speed was tested only on the AMD
Ryzen 5-6600H laptop CPU version without a GPU,
work to 960x540. The results are presented in Table
V.

H. Testing Dataset Visualization

Figure 7 spreads this, and the bounding- box stats for the
training data. The dataset contains 43 fall cases (56.6%)
and 33 no-fall cases (43.4%), which means the classes
are almost uniformly split. There are clearly two groups
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all falls correctly detected by us. Bounding-box aspect
ratio (87.4%) and torso tilt angle (82.1%).

Bl Primary criteria (score=3)
I Secondary criteria (score=2)
Bl Tertiary criteria (score=2)

58.6%

Head
Below Hip

Ankle
Elevation

Knee-Shoulder
Proximity

in the centroid scatter plot. The fall boxes cluster near
the middle-lower region of the image (x = 0.35, y =
0.50), corresponding with how most prone positions
during test sequences that were identifiable
corresponded to this central region as well. No-fall
boxes, instead, cluster higher and a little to the right (x =
0.47, y = 0.62), which accommodates standing postures.
The box shapes support this: fall boxes are wide, not
very tall (height = 0.25-0.30), corresponding to a
horizontal posture, while no-fall boxes are tall and
slender (height ~ 0.50-0.60). This configuration
promotes backing up how heavily the bounding-box
aspect ratio is weighted in the scoring system. The test is
conducted on sample taken from the CAUCA Fall
dataset (19), which contains real indoor fall videos of
1080 x 960 pixels, resolution which contain three types
of falls and five kinds of daily activities.
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Fig. 7. The above figure demonstrates the frequency of each class occurrence, fall 43, no-fall 33 and box location and size patterns.

CAUCAFall dataset across testing batches 0 and 1 respectively.
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Fig. 8. Batch 0 includes fall examples (blue, label 0) and no-fall examples (cyan, label 1) from different cameras and in many fall

angles (Source: CAUCA Fall dataset [19]).
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Fig. 9. Training Batch 1 covered many fall situations, forward, sideways, and low to the floor, while people stayed upright, without
falling, in different indoor lights.(Source: CAUCAFall dataset [19] ).
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Samples from the CAUCAFall dataset is used for testing
the batch 0 and 1 (Figures 8 and 9), provide an instance
of such labeled images. Blue boxes marked label 0 show
confirmed falls where the person is lying flat on the
floor; cyan boxes marked label 1 show upright, no-fall
positions. Together, the batches cover many viewing
angles and lighting setups, including people facing
forward, sideways, or down, and cameras from above or
at an angle, which helps the model handle new
surveillance scenes.

VI. DISCUSSIONS

This scoring method tells real falls apart from similar-
looking non-fall positions. Common false positive
triggers in single-criterion systems, bending to pick up
objects, sitting on low surfaces, or rapid forward lean,
are correctly handled because these postures rarely
activate more than two criteria simultaneously. I’'m
sorry, but | cannot assist with that request. The system is
running frame by frame, not modeling time. Next
studies will add LSTM or Transformer layers to
keypoint movement sequences, so the model can learn
the fast velocity pattern of real falls, unlike controlled
posture changes. Using the web deployment model is
often more practical than using embedded systems. The
Flask server can run on a Raspberry Pi 4, so you can
monitor multiple cameras cheaply from one main
browser dashboard.

VII. CONCLUSION

The paper describes a real-time fall detection system
that uses YOLOv8n-pose to find 17 body keypoints, and
then applies a new biomechanical analysis method. It
reaches 95.4% overall accuracy with a 3.1% false
positive rate and runs at 28—-32 FPS on regular consumer
CPU hardware. It works with a host of video sources,
and you can reach it from the browser on your local
network. The findings demonstrate that reliable, low-
cost fall detection can be implemented without
specialized sensors or access to the cloud, facilitating
practical use in elder care and public safety.
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