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Abstract 
Object fall detection is one of the significant applications in pose estimation. Traditional approaches heavily 

rely on fully mature neural networks, which may be complex to implement and resource-intensive. In this paper, 

we suggest a simple approach to detect Human fall on a single object using a mathematical comparison 

mechanism from 3D pose estimation landmarks lifted from 2D landmarks, suitable for low-specification 

systems. Our research focuses on dimensional lifting in 2D to 3D pose estimation based on object tracking—

to adapt mapping 2D toons to 3D toons. For future research, we aim to develop a lightweight neural network 

for enhanced performance from ensemble effects and complex action detection. We also plan on enhancing the 

algorithm for multi-person detection. At this moment, our research extends into 3D toon generation. Our 

method achieves an F1-score of 94.7% (accuracy of 96.7%) with 28.2 FPS in detecting falls from webcam 

footage in a controlled environment. 
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1. Introduction 

Pose estimation is a widely used computer vision neural network technique to analyze movements in 

objects such as humans and animals by denoting and utilizing joints in the body as landmarks—pose 

estimation results [1]. From the arrangement of the landmarks, the actions or statuses of the object can 

be detected. The most conventional way to process the arrangement is to feed the landmarks into a deep-

learning neural network capable of processing spatial and temporal data [2, 3] or to use the image frame 

as an input to a fully mature neural network [4]. However, developing such neural networks requires 

advanced knowledge of conventional convolutional layers for spatial processing, attention/LSTM-based 

layers for temporal processing, and a high-end system to run the network [5, 6]. This paper proposes a 

simple algorithm for single human fall detection without developing a fully mature neural network. 

Instead, relationships among the axial distributions of pose estimation landmarks are analyzed. This 

detection mechanism is done without further machine or deep learning, allowing the detection algorithm 

to run on low-level systems. We will present related works in Section 2, our approach to fall detection in 
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Section 3, the experiment in Section 4, the comparison in Section 5, the application effort of our 

mechanism on 3D toon generation in Section 6, and the conclusion in Section 7. 

 

 

2. Related Works 

Pose estimation can be used to detect driving drowsiness. In the study by Yang et al. [7], pose 

estimation and a simple dense neural network consisting of fully connected layers were used to detect 

drowsy driving. An image frame from a lateral-view webcam was processed by a pose estimation model, 

producing an intermediate output of landmarks of the driver. Then, this set of landmarks entered the 

dense neural network, which classified the pose as normal or drowsy. This process was repeated at finite 

intervals, producing classification results and warning messages every 5 seconds. The detection 

mechanism relied on the assumption that the driver's pose in drowsiness was dangerous at any point and 

that a time window for consecutive poses would not have been necessary for the lateral view of the 

already downward, dozing head. If the frontal view of closing eyes was used instead—as in most 

traditional methods—the composite model would have required cumulative closure counts of the eyes, 

along with the changes in the model subcomponents for eye detection. This cumulative detection is 

necessary because single-frame detections will produce false positives from blinking the eyes in the 

normal driving state [8]. Although there may be tradeoffs, choosing a different set of data from a different 

perspective can help reduce model complexity and use of resources; the traditional way of detecting 

drowsy driving by eye closure requires constant measurements for a final prediction of sleeping eyes or 

normal eyes, but the lateral view requires only a single shot to predict the sleeping posture. 

The performance of state-of-the-art computer vision models for human fall detection increases as they 

develop. Lee et al. [4] used a dynamic vision sensor camera to produce a new fall detection dataset with 

which a temporal network (DVS-TN) was trained. Wang and Deng [9] used a cascade of two random 

forest models—machine learning models—to train from the preprocessed features of landmarks obtained 

from BlazePose to detect human fall. Even on a budget laptop CPU, their work achieved a speed of 29.7 

frame per second (FPS), outperforming many others in speed, albeit with a slightly lower accuracy of 

89.99%. Achieving such scores required only a traditional machine learning model that used lower 

computational resources than major deep learning algorithms. This raises the question of whether a 

learning algorithm is necessary for human fall detection, pointing to research using a simple comparison 

algorithm to achieve the same goal. 

A 3D production technology has been extensively researched for video or image generation. In the task 

Artificial Intelligence-based User Interactive Storytelling 3D Scene Authoring Technology Development 

supported by the Korea Creative Content Agency (KOCCA), the efforts to create reproducible 3D toons 

from natural language analysis are underway. These efforts include using Unified Modeling Language 

(UML) diagrams to model the scene, redefining case grammar to capture important context from 

sentences, and classifying themes using machine learning algorithms [10-12]. Mapping 2D toons to 3D 

toons is also being researched by mapping 2D objects to 3D counterparts in the database and converting 

2D objects to 3D objects, where dimensional lifting is considered. 

 

 

3. Simple Fall Detection Mechanism 

Our object fall detection mechanism is divided into three parts: single-frame pose estimation, single-
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frame fall detection, and multi-frame fall detection. First, a 3D pose estimation model produces 

landmarks of a person in an image frame. An OpenPose-based lightweight model was selected. This 

model predicts 2D landmarks from the image and subsequently 3D landmarks from locations of 2D 

counterparts in the image [13, 14], as shown in Fig. 1. Producing 3D landmarks from 2D landmarks is 

called lifting [15]. Ultimately, this OpenPose-based model produces an output of 3D landmarks of a 

person present in the single image frame. 

 

 

Fig. 1. The 3D pose estimation process with OpenPose-based model. 

 

Secondly, the distributions of 3D axial directions are compared from the detected landmarks. Many 

statistics are used in comparing distributions, but the standard deviation is chosen as the relevant statistic. 

The standard deviation measures the extent of scattering in a set of values [16]; the scattering in width, 

depth, and height can be compared to determine if the records are more dispersed in one direction than 

in the others. The standard deviation is calculated as follows: 
 

𝜎𝑝 = √∑ (𝑝𝑘 − 𝜇𝑝)
2𝑛

𝑘

𝑛
. (1) 

 

where 𝑝, 𝑛, and 𝜇𝑝 are the position in the direction of width 𝑥, depth 𝑦, or height 𝑧; the total number of 

landmarks; and the average position in 𝑝 direction, respectively. If the coordinates are far apart from one 

another, the value of the standard deviation is large. As in inverse, if the coordinates are close together, 

the standard deviation value is small. Since 𝑥 and 𝑦 are coordinates of the horizontal directions, if the 

standard deviation of 𝑧, the height, is less than that of either of the horizontal directions, the person that 

the landmarks correspond to is considered to have fallen in this image frame, explained by the following 

equation: 
 

currentStatus = 𝜎𝑧 < 𝜎𝑥 or 𝜎𝑧 < 𝜎𝑦 (2) 
 

The value of currentStatus can be either 1, representing the state of fall, or 0, representing the state of 

normal. 

Lastly, a series comprising currentStatuses of consecutive temporal sets of landmarks are aggregated. 

This is to ensure that the real state of fall must not change. In other words, there must be no false positives 

in single images, such as “temporarily getting close to the ground to pick up something that was dropped” 

being marked as real fall. For a window of 𝛥𝑡 = 𝑡𝑓 − 𝑡𝑠 seconds from start of 𝑡𝑠 seconds to the final of 

𝑡𝑓  seconds, if the proportion of the series is greater than equal to the threshold, the person is in the 

cumulative state of fall, represented by the following equation: 
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cumulStatus(𝑡𝑠, 𝑡𝑓) = int (
∑ currentStatus(𝑡)

𝑡𝑓

𝑡=𝑡𝑠

#𝑡=𝑡𝑠

𝑡𝑓 𝑡
≥ threshold). (3) 

 

As with currentStatus, the values of cumulStatus are 1 for cumulative-fall and 0 for cumulative-

normal.  

And the overall process of our fall detection mechanism is shown in Fig. 2. 

 

 

Fig. 2. The process of our fall detection mechanism. 

 

 

4. Experiment  

Our simple fall detection mechanism was tested on a system with the i7-13700HK, RTX4070, 32 GB 

of RAM, and a Full HD webcam in a light environment. The experiment procedure is as follows: 

1. Set up the computer and webcam system. 

2. Start the simple fall detection program with a window time of 10 seconds and a threshold of 0.8. 

3. One human subject enters the webcam view. All limbs must remain inside the view. 

4. The subject lays on the ground for 10 seconds. 

5. Record the detection result. 

6. Repeat Steps 4 and 5 with the subject laying on the ground for 5 seconds and standing for 5 seconds 

in series and standing continuously for 10 seconds. 

7. Repeat Steps 4–6 10 times. 

Following the procedure, the results are obtained and accumulated to produce a confusion matrix, 

shown in Fig. 3. 

 

 

Fig. 3. The confusion matrix of fall detection. 
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As seen in Fig. 3, the system achieved 94.7% on the F1-score (96.7% on accuracy) with 28.2 FPS. This 

is possible because only a single person is always present in the webcam view, and all the body limbs are 

clearly visible. The only factor reducing the metric score was the incorrect detection of the limbs in pose 

estimation. This indicates that, for the task of detecting human falls, our mechanism will produce correct 

results at high confidence, given that the single-person pose estimation output quality is high. 

 

 

5. Comparison  

Here, we compare the performance of our algorithm against other notable works with machine- or 

deep-learning algorithms. Table 1 shows their accuracies [17-20]. 

 

Table 1. Comparison of accuracy among fall detection models 

Method Accuracy (%) 

Chang et al. [17] 98.1 

Wang and Deng [9] 89.9 

Wu et al. [18] 99.8 

Osigbesan et al. [19] 80.5 

Zampino et al. [20] 92.4 

Proposed method 96.7 

 

In Table 1, the highest accuracy, at 99.8%, is reported by Wu et al. [18]. The model’s internal structure 

is convolutional layers, which may result in high correctness performance at the cost of low computation 

performance. 

The accuracy of our model is at the median of the models. Although the performance in correctness is 

mild, low-level systems can benefit from the simple calculations for detection against the heavy 

computations of artificial intelligence (AI) algorithms. 

 

 

6. Semi-3D Toon Generation via 2D Object Tracking  

Mapping natural-language-generated 2D toons to 3D toons is ongoing research in the KOCCA project 

[10-12]. An emerging effort is to accomplish this by applying pose estimation and dimensional lifting. A 

toon is a graphic art represented by a sequence of images to tell a story in which many entities, such as 

actors, objects, and the background, interact with one another [21]. One thing to consider for toon 

generation is to track all the entities in the cut. This is to identify the states of the entities being tracked, 

thereby ensuring smooth transitions from the previous cut to the next and allowing reusability of the 

states. 

For tracking objects—specifically for the utilization of the kinematics of these objects in future 3D 

toon development—the CentroidKF tracker is chosen. Fig. 4 shows the schematics of the CentroidKF 

tracker’s tracking process. The CentroidKF tracker assigns a unique ID to the object by applying the 

Kalman filter and using the intermediate results in the centroid tracker [22]. The Kalman filter estimates 

the next position of the object with its respective velocity and acceleration calculated from the previous 
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frames [23]. Then, the centroid tracker selects the minimum distance between the estimated position from 

the previous frame and the current position from the object’s trajectory [22, 24]. 

 
 

 

Fig. 4. The CentroidKF object tracker. 

 

For the actual application of pose estimation, the sets of pose estimation landmarks are grouped and 

enclosed in so-called bounding boxes. Then these bounding boxes are processed by the CentroidKF 

tracker for ID assignment on the bounding boxes, allowing the landmarks to be tracked. 

Fig. 5 shows the identification of a single person tracked by a bounding box enclosing the landmarks. 

Based on the results, three remarks can be made. First, as the Kalman filter estimates the future positions 

of the object from kinematics, the occlusions of the object can be mitigated. This can be helpful in 

detecting an object screened by other objects as well as the object limbs (parts) hidden behind the object’s 

body. Secondly, in addition to tracking a 2D object, tracking in the 3D space may be more suitable for 

representing the movements of the 3D object. Lastly, when applied to fall detection, our simple fall 

detection mechanism can be modified to detect multiple sets of landmarks with different IDs. 

 
 

 

Fig. 5. Tracking the pose estimation landmarks. 
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7. Conclusion 

Detecting actions or statuses from pose estimation has traditionally required a fully mature neural 

network capable of processing spatial and temporal data. In a classification task for which the set of pose 

estimation landmarks shows a direct pattern, a simple mathematical comparison can be used to detect 

such a pattern. We have presented a simple human fall detection mechanism to detect human falls from 

webcam footage and achieved an F1-score of 94.7% (accuracy of 96.7%) at 28.2 FPS. This can be useful 

if the system has low specifications for running—training or monitoring—a fully mature neural network 

or the output data quality of the pose estimation is high. However, if the actions show complex patterns 

in the spatial or temporal space or the intermediate pose estimation output quality is low, our approach 

may have degradation in performance. Nevertheless, this is preliminary work for detecting a broad 

spectrum of emergencies and generating 3D toons. For future work, we aim to design metrics for 

comparing models by performance in correctness and computation; develop a fully mature, lightweight 

neural network to compare with our algorithm; extend our mechanism from single-person detection to 

multi-person detection via object tracking; train the neural network for complex action detection; and lift 

objects from 2D to 3D for 3D toon generation. 
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