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Abstract: 3D Time-of-flight (ToF) sensors are increasingly utilized for human pose and gesture
recognition. This paper explores the application of low-resolution 3D ToF sensors for detecting fall
events in indoor environments. We present a novel retrospective fall confirmation approach based
on XGBoost that integrates fall postures data from distance snapshots and suspected fall trajectories.
Our experiment results demonstrate strong detection performance, including accuracy and re-
sponse time compared to traditional methods, highlighting the efficacy of leveraging history pos-
ture change process from stored sensor data alongside real-time ranging data judgement.
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1. Introduction

Falls among the elderly population represent a significant public health concern. A
substantial percentage of elderly people experience falls annually, a lot of these incidents
resulting in severe injuries, including fractures and head trauma [1-3].

The critical nature of these statistics underscores the importance of prompt fall de-
tection, particularly for elderly individuals and those with medical conditions that in-
crease fall risk. While various fall detection systems exist, automated detection mecha-
nisms have emerged as essential components of contemporary elderly care solutions [4—
6]. Although wearable device-based fall detection systems have been widely imple-
mented, contactless fall detection utilizing remote sensors offers distinct advantages and
has increasingly become the preferred approach [7,8].

3D Time-of-Flight (ToF) sensors present a promising solution for real-time monitor-
ing of spatial positioning and postural changes [9-12]. These sensors can effectively dif-
ferentiate between various human postures, such as standing, sitting, and lying positions.
Asiillustrated in Figure 1, when viewed through a low-resolution (8 x 8 zones) ToF sensor
[13], a standing person appears as a vertical rectangular pattern (shown in left), while a
fallen person presents as a horizontal pattern (shown in right).

Figure 1. Posture detection using an 8x8 multi-zone ToF sensor.
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However, low-resolution ToF sensors face significant challenges in distinguishing
between genuine fall events and other scenarios where a person might intentionally as-
sume a horizontal position, such as during maintenance activities. These situations can
trigger false alarms, potentially compromising the system's reliability.

This paper presents a novel approach to differentiate between actual fall events and
intentional horizontal positioning, thereby reducing false-positive rates in low-resolution
ToF sensor-based fall detection systems.

2. Methods
2.1. System Configuration and Data Acquisition

The proposed system utilizes a ceiling-mounted Multi-zone Time-of-Flight (ToF)
sensor configured to monitor human motion and posture within an enclosed space (e.g.,
bathroom) while preserving privacy. The sensor's positioning enables comprehensive spa-
tial monitoring. Upon detecting human presence, the system initiates a continuous rolling
measurement buffer, e.g., 20-s. Concurrent with this temporal recording, the system ac-
tively monitors for potential fall events by identifying person-sized objects at floor level.
When such an object is detected, the system activates a sophisticated fall confirmation
process. The complete system workflow is illustrated in Figure 2.
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Figure 2. Workflow of fall detection system using ToF sensor.

2.2. Fall Detection Algorithm

The fall confirmation process comprises several sequential analytical stages:

2.2.1. Head Trajectory Analysis

The system first extracts head position data from the recorded measurements to gen-
erate a comprehensive trajectory. Head position is determined through a dual-criteria ap-
proach:

e  When the highest moving point exceeds a specific height, e.g., 1 meter, it is designated
as the head position

e Below the specific height threshold, the system identifies the head as the point furthest
from the detected foot position (defined as the lowest body-contact point with the
floor)

The resultant trajectory is analyzed from its apex (highest head position) to its nadir
(lowest head position).
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2.2.2. Trajectory Segmentation

The complete trajectory is systematically divided into several distinct stages based
on head height variations, e.g., 5 stages. This segmentation enables detailed analysis of
the falling motion's characteristics at different phases.

2.2.3. Feature Extraction

For each identified stage, the system calculates three key biomechanical features, as
illustrated in Figure 3:

e  Vertical Velocity (Vv): The head's vertical velocity at stage termination

e Horizontal Displacement (Dh): The cumulative horizontal distance traversed during
each stage

e Cross-sectional Occupation (Co): The number of sensor zones occupied by the subject
at stage conclusion

These parameters were selected based on their high correlation with human postural
dynamics and activity patterns.
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Figure 3. Feature extraction for each identified stage in fall detection.

2.3. Classification System

The extracted features are processed through an ensemble-based artificial intelli-
gence classifier, as illustrated in Figure 4. The system employs a hybrid approach combin-
ing:

e Tree-based models (XGBoost/LightGBM) for decision boundary optimization
e Neural network components for logistic regression analysis

This complementary architecture leverages the strengths of both approaches, partic-
ularly suitable for spatial-temporal data that doesn't conform to traditional time series
patterns.
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Figure 4. Hybrid Al Classifier Architecture.

2.4. Experimental Validation
2.4.1. Experimental Setup

The experimental apparatus consisted of a multi-zone Time-of-Flight (ToF) sensor
mounted on the bathroom ceiling in a downward-facing orientation, as illustrated in Fig-
ure 5a. The sensor features an 8x8 array configuration, capable of simultaneously captur-
ing 64 discrete ranging measurements per frame. The system operates at a temporal reso-
lution of 10 Hz (10 frames per second), providing continuous spatial monitoring of the
environment.

Figure 5b demonstrates a representative single-frame output from the sensor, where
each cell value represents the measured distance in millimeters from the sensor to the
detected floor. This high-precision ranging data enables detailed spatial mapping of the
monitored area.
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Figure 5. (a) Experimental setup with ceiling-mounted ToF Sensor; (b) A representative single-frame
output of ToF the sensor.

2.4.2. Experimental Protocol

The experimental validation was conducted using a comprehensive dataset with the
following specifications:
Data Composition:

Total Sample Size: 80 events
Distribution: 40 genuine fall incidents, 40 intentional lying-down events

Validation Methodology:

Data Partitioning: 80% training set, 20% test set
Cross-validation: Multiple randomized partitioning iterations to ensure statistical ro-
bustness and generalizability of results

This experimental protocol was designed to ensure thorough validation of the sys-
tem's fall detection capabilities while minimizing potential biases in the dataset.
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3. Results and Discussions
3.1. Results
3.1.1. Overall Performance Metrics
The system achieved the following performance metrics:

e  Opverall accuracy: 98.41%
e Error rate: 1.59%

3.1.2. Detailed Performance Analysis

The classification results can be broken down as follows:

Table 1. Classification Performance Matrix.

Actual/Predicted Fall Non-Fall
Fall 7.88 0.12
Non-Fall 0.13 7.87

* Values represent average numbers across test sets (out of 8 samples per category).

The achieved accuracy of 98.41% was obtained after parameter optimization, with
key adjustments mainly including feature weighting modifications.

e Increased weights for vertical velocity in stages 4 and 5.
e Enhanced emphasis on horizontal cross-sectional occupation patterns

3.2. Discussions
3.2.1. System Performance and Advantages

The experimental results demonstrate several significant advantages of our proposed
system. Achieved 98.41% accuracy in distinguishing between falls and intentional lying-
down events demonstrates robust performance across varied scenarios.

On the other hand, this method triggered by detecting people that have fallen to the
ground is unlike traditional velocity-based detection methods, which is less affected by
speed. This particularly valuable for elderly individuals who may experience gradual falls
due to weakness.

This system also eliminates traditional waiting period for fall confirmation, and it
enables immediate classification upon floor-level people presence detection.

3.2.2. Product Implementation: Smart Fall Detection Panel Lamp

Based on our architecture, we developed an integrated monitoring solution in the
form of a panel lamp with a ToF sensor integrated, illustrated in Figure 6. Such a lighting
product further addresses the need for fall detection at home while maintaining privacy.

Compared with standalone sensors, this dual-function approach allows for effort-
less integration into existing room infrastructure: no need to install and power the sensor
separately. The ToF sensor's placement within the lighting fixture provides optimal cov-
erage of the indoor area.
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Figure 6. (a) A panel lamp integrated with a ToF Sensor; (b) An example application scenario of the
panel lamp with the ToF sensor.

3.2.3. Limitations and Future Work

While the system shows promising results, several areas warrant further investiga-
tion: in terms of environmental factors, this includes performance in varying room con-
figurations, and effects of obstacles in the monitoring area. Future work could focus on
addressing these limitations and expanding the system's capabilities for broader applica-
tions in healthcare settings.

4. Conclusions

This paper presents a novel fall detection system utilizing low-resolution ToF sensors
and a retrospective confirmation approach. Our experimental results demonstrate excep-
tional accuracy (98.41%) in distinguishing between genuine falls and intentional lying-
down events, addressing a critical challenge in elderly care monitoring systems. The pro-
posed method's key innovation lies in its retrospective analysis of fall trajectories and pos-
ture data, enabling more reliable detection compared to traditional velocity-based ap-
proaches. This is particularly valuable for detecting gradual falls common among elderly
individuals.

While the current implementation shows robust performance, future research should
address environmental variables such as room configurations. The success of this system
suggests significant potential for improving elderly care monitoring while maintaining
privacy, potentially reducing the severity of fall-related injuries through prompt detection
and response.
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