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Abstract: This study investigates multitask learning approaches for human motion fore-
casting and fall classification using pose data extracted from video sequences. A custom
dataset, the TelUP HumanFall Forecasting Dataset, was developed, containing annotated
video frames representing fall and non-fall scenarios captured from six participants. Pose
information was extracted using YOLOv11, producing 17 keypoints per frame, which were
normalized and segmented into temporal sequences for training. Three deep learning ar-
chitectures, Multilayer Perceptron (MLP), Recurrent Neural Network (RNN), and Long
Short-Term Memory (LSTM), were implemented and evaluated. The models were assessed
in a subject-independent test set consisting of two participants to ensure generalization.
Quantitative evaluation measured the forecast error using the mean per joint position error
(MPJPE) and classification accuracy. The MLP achieved the lowest MPJPE of 0.2630 (131.5
pixels), while the LSTM obtained the highest classification accuracy of 92.89%. Qualitative
analysis revealed limitations in the capture of complex joint dynamics. Despite fast training
convergence, the results emphasize a trade-off between forecast precision and classification
accuracy. Future work will explore more expressive architectures and improved pose ex-
traction methods to enhance forecast realism.
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1 Introduction

Falls are a common but often underestimated occurrence in daily life, with most people
experiencing unintentional falls at least once in their lifetime. Although falls may seem
trivial, they pose significant risks, particularly among older adults. According to the World
Health Organization (WHO), falls are the second leading cause of unintentional injury
death worldwide, where 68,400 individual deaths are estimated annually, where adults
older than 60 years of age suffer the highest number of fatal falls [1]. In recent years, stud-
ies have shown that the elderly population is growing faster than any other age group,
and by October 2022, 10% percents of the world’s total population will be older than 65
years [2]. The prediction based on related studies suggests that by the end of 2050, there
will be 1.5 billion older adults worldwide [3]. As humans get older, their physical, cog-
nitive, and motor skills will decline with age. Hence, falls become a significant challenge
for them and can significantly reduce life expectancy as older adults [4]. Approximately
35% of adults 65 years and older experience at least one fall per year [5]. In addition to
age, other factors that can contribute fall varies, such as physical activity, the environment,
and cardiovascular disease. It is a major cause of physical harm, which typically requires
hospitalization [6], according to WHO 37.3 million fall accident require medical attention,
while 650,000 falls result in death yearly [1].

Given these alarming statistics, proactive measures to mitigate falls-related injuries are
urgently needed. Research has been done to detect fall so that we can differentiate fall
action with other daily activity living (ADLs) such as utilizing sensor-based system like
accelerometer and gyroscope with machine learning method and algorithm for deciding
the states of fall or using image-based fall detection system to detect fall while doing daily
activities using deep learning methods. Where both methods are highly dependent on the
accuracy of human pose estimation that measures the sensitivity of the system to differeni-
tiate fall state with other state [7]. Although existing research has focused predominantly
on fall detection, merely identifying falls after they occur offers limited preventive value.
A more impactful approach lies in predicting falls before they occur, enabling timely inter-
ventions to prevent injuries altogether. By predicting human motion, it makes biometric
identification possible and offers a safe way to authenticate individuals. Furthermore, the
ability to anticipate human motion makes it easier to create realistic gestures, which can be
useful in various applications, including virtual reality (VR), animation, and human-robot
interaction applications [7]. In addition, in the healthcare field, the use of human motion
prediction can be used to design personalized rehabilitation programs tailored to patients
with movement disorders, which ultimately improves their motor skills and overall quality
of life [8]. Using technology to efficiently evaluate and forecast human movements, motion
prediction models can be used in healthcare to improve patient care, treatment results, and
rehabilitation procedures [9].

Although significant progress has been made in fall detection systems, accurately fore-
casting falls before they occur presents several fundamental challenges. The first indicators
of imminent falls, subtle changes in balance, slight stumbles, or minor gait disturbances
are significantly harder to detect than the dramatic motions characteristic of actual falls.
Current datasets further complicate this challenge, as most focus exclusively on post-fall
detection and are collected in controlled laboratory environments that do not reflect real-
world conditions. Our preliminary experiments clearly revealed these limitations: When
testing conventional image classification approaches in which data was resized, split into
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individual frames, and shuffled, the models struggled to understand the crucial temporal
relationships needed for accurate forecasting. This frame-by-frame processing, while ef-
fective for detection tasks, destroys the sequential motion patterns essential for prediction.
The current research landscape reveals important gaps that our work addresses. Most ex-
isting studies concentrate solely on fall detection after the fact, providing alerts only after a
fall has already occurred. Furthermore, available datasets suffer from notable limitations,
and they often feature scripted falls performed by young, healthy participants rather than
the elderly population most at risk, and labeling tends to be subjective. In our initial dataset
of six subjects performing various fall directions along with non-fall activities, we observed
how these constraints affect model performance and generalizability. To overcome these
challenges, we propose a novel dataset specifically designed for fall motion forecasting.
The dataset includes carefully annotated fall and non-fall scenarios across diverse real-
world environments, moving beyond the artificial constraints of laboratory settings. We
introduce evaluation metrics focused on practical forecasting performance, such as Mean
Per Joint Position Error (MPJPE), which focus on practical forecasting performance, pro-
vide a more realistic assessment of a model’s ability to predict motion trajectories in ad-
vance essential aspect for time-sensitive tasks like fall prevention. By addressing both data
limitations and methodological gaps in current research, this dataset supports meaningful
progress toward truly preventive fall intervention systems.

Despite advances in fall detection, forecasting falls poses unique technical challenges.
First, early pre-fall cues such as subtle imbalances or irregular gait patterns are signifi-
cantly harder to capture than overt falls, requiring high-resolution motion analysis. Sec-
ond, existing datasets predominantly focus on post-fall detection, lacking annotated pre-
fall sequences or non-fall scenarios. Many are also collected in controlled lab environments,
limiting their applicability to real-world settings. Third, unlike detection, forecasting de-
mands temporal modeling over extended windows (e.g., >500ms), which existing methods
struggle to achieve due to their reliance on short-term features. Current approaches remain
overwhelmingly detection-centric. For instance, widely used datasets like URFD [10] and
SisFall [11] provide labeled fall events but omit the critical pre-fall phase, rendering them
unsuitable for forecasting. In addition, these data sets often suffer from selection biases,
such as limited elderly participants or scripted falls performed by healthy adults, which do
not represent the diversity of real-world fall scenarios.

To address these gaps, we introduce a new dataset and an experimental study explicitly
designed for falling motion forecasting. Our data set captures data from real-world and
simulated environments, with annotations for falls and non-fall instability across diverse
scenarios. Preliminary testing revealed limitations in earlier versions of our dataset, where
frame-level shuffling and resizing for image classification disrupted temporal coherence,
complicating model training. To mitigate this, we refined the dataset to preserve sequen-
tial integrity and standardized labeling protocols to reduce subjectivity. The current dataset
comprises six subjects, each performing fall actions (forward, backward, left, right, sitting,
and standing falls) and non-fall activities (jumping, laying, walking, picking object, squat-
ting, and stretching), ensuring a balanced representation of motion dynamics. By offering
diverse and temporally annotated data, our dataset supports the development of models
that can anticipate falls rather than simply react to them, marking a crucial advancement
toward proactive healthcare and assistive technologies.
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2 Related Works

2.1 Fall Forecasting System

Research on fall detection systems has advanced significantly, with diverse approaches de-
veloped to address this critical healthcare challenge. In healthcare fields, predicting the
motion of fall can be helped by implementing preventive measures to improve emergency
response and reduce the risk of major repercussions. A notable study designed a smart fall
detection system using a fuzzy adaptive threshold algorithm integrated with a smartwatch
accelerometer. This approach not only detects falls, but also supports indoor positioning,
offering a dual benefit to aging populations while minimizing healthcare costs [12]. An-
other study proposes a low-cost fall detection system for the elderly using pyroelectric
infrared (PIR) sensors, which demonstrates feasibility for elderly monitoring [13].

Beyond wearable devices, IoT-based systems have become versatile tools for predicting
falls. One such system combines accelerometer and gyroscope sensors with deep learning
to classify falls alongside routine activities, enhancing contextual awareness [14]. Another
study uses wearable data of multiple sensors combined with eXplainable AI (XAI) for the
detection of interpretable falls, improving the detection accuracy while maintaining the
interpretability of the model, which is a crucial feature for clinical adoption [15]. Although
sensor-based methods dominate current research, their implementation varies. For exam-
ple, a study applied a deep learning model to wearable sensor data, achieving robust clas-
sification of activity and fall [14]. Another introduced a dual-channel feature integration
method with sliding windows, refining fall detection by distinguishing between "falling-
state" and "fallen-state" perspectives [16]. To address hardware limitations, a 360-degree
camera system was developed, expanding the field of view for more reliable monitoring in
complex environments [17].

While these studies demonstrate significant progress in fall forecasting systems, their
practical implementation still faces challenges related to real-world variability, user com-
pliance, and system integration. The diversity of sensor-based approaches from wearable
devices to ambient IoT systems highlights the need for adaptable solutions tailored to dif-
ferent environments and populations. As research continues to refine these technologies,
the focus must now shift toward optimizing their reliability and accessibility for broader
adoption. This foundation of fall detection methodologies naturally leads to an examina-
tion of human motion analysis, which plays a pivotal role in advancing predictive accuracy,
as discussed in the following subsection.

2.2 Human Motion in Human Activity Analysis

Human motion forecasting analyzes body postures and movements from video data to
predict future actions, with fall detection being one of its most critical applications. By
examining body postures and acceleration patterns in human motion data, Human Fall
Motion Prediction aims to prevent injuries [18]. In order to ascertain whether a fall has
happened, a study created the Human Torso Motion Model (HTMM), which compares
the rates at which the torso angle and centroid height change with predetermined criteria.
Comparing this method to other fall detection techniques, it was discovered to be very
accurate in differentiating between falls [19]. This approach highlights how motion analysis
serves as the foundation for reliable fall prediction systems.
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Since self-attention models are thought to be able to capture intricate spatial-temporal
connections, they have also been applied, building on the advancements made in motion
forecasting by the RNN-based approach. Because these methods can simultaneously ad-
dress the right time sequences and the right portions of the feature space, motion modeling
has improved. For instance, the high-resolution spatial-temporal attention network (HR-
STAN) in Zhang et al.’s work improves the model representation of spatial-temporal rela-
tions by combining attention with spatial-temporal convolutional networks (STConv) [20].
Such innovations have significantly improved short-term motion prediction, particularly
for precise, localized movements. Further progress came with frameworks that integrate
predictions across multiple time steps, using a fusion system to provide a prediction frame-
work for the head, upper arm, and lower arm. Prediction frames created in previous time
steps are combined with the frames created in the present phase in this framework. This
fusion procedure improves the motion’s coherence and lowers prediction errors. The spa-
tiotemporal transformer graph convolutional network (STTG-Net) was created as a result
of this method, and it not only reduces error accumulation but also makes motion predic-
tion considerably more fluid and reliable [21]. Additionally, to overcome the drawbacks of
traditional encoder schemes, peripheral motion had to be encoded in a way that was more
suitable for the situation at hand. The context-sensitive motion recognition method used
by the STTG-Net systematically focuses attention on previous motions. In this procedure,
similar historical subsequences are extracted using a motion-attention model, spatial and
temporal correlations are extracted using a Graph Convolutional Network, and historical
motion patterns are accurately modeled using a representation based on the Discrete Co-
sine Transform [9].

The widespread application of various machine learning architectures, including self-
attention, has led to advances in the field of predicting human motion or falls. New ideas
that employ privacy-preserving sensors and human posture estimation, as well as com-
puter vision-based methods, have also advanced the field by filling in some of the gaps in
its successful application. Models based on self-attention have shown promise in modeling
spatio-temporal scenes and predicting short-range mobility. These advances demonstrate
the potential for developing systems that are more precise, adaptable, and scalable. Future
developments must address computational efficiency, dataset variability, and the integra-
tion of privacy-conscious sensors to create practical, scalable solutions for fall prevention
and other motion analysis applications.

2.3 Challenge in Fall Forecasting

Despite significant advances in fall prediction systems, several key challenges remain in
achieving robust real-world performance. First, environmental and behavioral variabil-
ity complicates accurate detection, as systems must distinguish intentional motions (e.g.
sitting or crouching) from actual falls in diverse settings (e.g. cluttered homes or public
spaces) [9,15]. Second, real-time processing constraints limit the deployment of computa-
tionally intensive models, particularly for wearable devices with limited power resources
[16,22]. Third, data scarcity and bias in existing datasets often reduce generalization, as
models trained in controlled laboratory environments may not adapt to unpredictable real-
world scenarios [23,24]. In addition, privacy concerns arise with vision-based methods,
requiring trade-offs between accuracy and ethical data usage [17,25]. Finally, integrating
multimodal sensor data (e.g. inertial sensors, cameras, and environmental IoT devices)
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Figure 1: Research Workflows

while maintaining user comfort and system reliability remains an open problem [?, 26].
Addressing these challenges requires balancing algorithmic complexity, practical deploya-
bility, and ethical considerations to create inclusive and adaptive solutions.

3 Proposed Method

This section presents the general approach used in this study to perform human motion
forecasting and fall classification. The process begins with raw video data, from which
pose information is extracted using YOLOvV11 to obtain 17 keypoints per frame. These
keypoints are normalized and organized into sequences using a sliding window technique.
The resulting sequences are then split into training and testing sets according to the subject.
Finally, the data are used to train and evaluate multitask deep learning models for simul-
taneous forecasting and classification. The complete workflow is illustrated in Figure 1.

3.1 TelUP HumanFall Forecasting Dataset

The TelUP HumanFall Forecasting Dataset is a curated collection of annotated video se-
quences designed for human movement prediction and fall detection. It consists of 72
videos collected from six participants who performed both fall and non-fall activities with
varied speeds and styles to increase diversity and realism. Each frame is annotated with a
binary label indicating fall (1) or non-fall (0). The fall category includes six types of motion:
backward, forward, left, right, sitting, and standing. The non-fall category covers daily ac-
tivities such as jumping, lying down, picking up objects, squatting, stretching, and walking.
Statistically, the dataset contains video clips ranging from 4.77 to 11.1 seconds in length,
with an average duration of 6.56 seconds, providing a balanced and quantitative overview
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of its composition. These details highlight the structure of the data set and strengthen
its suitability for classification and prediction tasks in human fall motion research. This
structure enhances the generalizability of models trained on the data. Furthermore, the
temporal layout of the data set supports the analysis of motion over time, allowing it to
be used for both classification and prediction tasks to predict future human movements
and assess the probability of falls. The general setup and recording environment used to
capture the data set are illustrated in Figure 2, showing how the placement of the camera
and the positioning of the actors were arranged to ensure consistent data acquisition. In
this experiment, we set the training set with subject numbers 1, 2, 3, and 4. While, subject
number 5 and 6 are for testing set.

Figure 2: Illustration of Data Collection Process

3.2 Data Preprocessing

Data preprocessing plays an essential role in the preparation of raw video inputs for model
training and evaluation. The preprocessing pipeline in this study involves the transforma-
tion of video frames into structured numerical representations suitable for deep learning.
The details of each step in the data preprocessing are described in Sections 3.2.1, 3.2.2,
and 3.2.3, respectively. These steps include pose estimation using YOLOVv11, conversion of
keypoint sequences into time series format, and normalization of keypoint coordinates.

3.2.1 Video to Keypoints Extraction

In the first stage, we use a pose estimation method based on YOLOv11 to extract key human
skeletal points from each frame of the video. The model detects all individuals present in
the scene and estimates 17 body keypoints, with each point represented as two-dimensional

L https:/ /ejournal.ittelkom-pwt.ac.id /index.php/infotel


https://ejournal.ittelkom-pwt.ac.id/index.php/infotel

TELUP HUMAN FALL DATASET - - - 463

(x,y) coordinates. These keypoints capture the essential motion features of the human
body, including joints such as the shoulders, elbows, hips, and knees, and serve as the
fundamental input for subsequent processing and model training.

3.2.2 Keypoints Normalization

After extracting 17 keypoints for each subject in every frame, the (z,y) coordinates are
normalized to ensure spatial consistency in the data set. This normalization minimizes
the effect of variations in frame size or subject position and helps the model learn motion
patterns independent of scale or location. In this study, all frames are resized to a fixed
resolution of 500 x 500 pixels. Normalization is performed using Min-Max scaling to rescale
the keypoints in a fixed range between 0 and 1. Given a keypoint coordinate p = (z,y) in
the original frame, the normalized coordinate p’ = (z’,y’) is computed as follows:
P = Y= M
where W and H denote the width and height of the frame, respectively. Since all frames
are resized to W = 500 and H = 500, the normalized coordinates fall within the range [0, 1].

3.2.3 Sequence Generation with Sliding Window

To prepare the normalized keypoint sequences for training, a sliding window technique is
applied to segment the data into overlapping input-output pairs. Both the input and output
windows consist of 15 consecutive frames, and the window moves forward with a step size
of 5 frames. This means that for each segment, the model receives 15 frames as input and is
tasked with forecasting the following 15 frames. In addition, the classification label for each
output window is determined by analyzing the labels of the frames within that window.
The majority class within the 15-frame output window is selected and encoded to represent
the overall class for that segment.

3.3 Predictive Models

In this study, we propose a multitask learning architecture capable of simultaneously per-
forming two tasks. The first task focuses on classifying types of human motion, with partic-
ular emphasis on falling detection. The second task involves forecasting future sequences
of human poses. By combining these tasks within a unified framework, the model can
learn shared representations that enhance both performance and robustness, as supported
by previous research [27,28]. To evaluate the effectiveness of this approach, we imple-
ment and assess three types of neural network architecture such as Multi-Layer Perceptron
(MLP), Recurrent Neural Network (RNN), and Long-Short-Term Memory (LSTM). Each
model processes sequential input data and generates outputs that include future pose pre-
dictions and motion classification probabilities.

3.3.1 Multi Layer Perceptron

The MLP-based model treats the input sequence as a flattened vector and processes it
through a series of fully connected layers. This architecture learns a shared hidden repre-
sentation that is passed into two branches. One branch is responsible for pose forecasting,
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while the other performs motion classification. Although MLP does not explicitly model
temporal relationships, it can still learn sequential patterns when time-based features are
carefully encoded. However, its performance may be limited for highly dynamic sequence
data compared to temporal models such as RNNs or LSTMs [29].

3.3.2 Recurrent Neural Network

The RNN model is designed to process sequential data by maintaining a hidden state that
evolves over time. At each time step, the model updates its internal representation based
on the current input and the previous state. The hidden state from the final time step is
used for classification, while the outputs of all steps are used for pose forecasting. Despite
its ability to model temporal sequences, standard RNN suffers from the vanishing gradient
problem, which makes it difficult to learn long-term dependencies in sequences [30]. This
limitation reduces its effectiveness for tasks that involve extended motion patterns.

3.3.3 Long Short-Term Memory

LSTM improves on the RNN by introducing memory cells and gating mechanisms to con-
trol information flow. These gates help the model retain important signals across longer
sequences, which is essential for capturing complex human motion over time [31]. In
the proposed method, LSTM processes the input sequence and generates outputs for both
tasks. Forecasting is performed using the outputs at each time step, while classification is
based on the hidden state at the final time step. LSTM is well suited for modeling temporal
dependencies in sequential human pose data [32].

3.3.4 Loss Function

To train the multi-task models effectively, we adopt a joint loss function that combines
two individual loss components: Mean Squared Error (MSE) for the forecasting task and
Cross-Entropy Loss for the classification task. This combination allows the model to simul-
taneously learn the regression of future keypoint positions and the classification of motion
categories, particularly for detecting falls. The total loss used during backpropagation is
formulated as follows:

Liotal = Leorecast + »Cclassify (2)

The forecasting 1oss, Lorecast, is computed using the Mean Squared Error (MSE), which
penalizes the squared differences between the predicted and actual keypoints:

N
1 L2
Lforecast = N Zl Hyz - y1|| (3)

where y; is the ground truth keypoint, g; is the predicted keypoint, and N is the total
number of keypoints in the output window. The classification loss, Lolassify, 1s calculated
using the Cross-Entropy Loss, a standard choice for binary classification problems:

C
Laassity = — Y yilog(fi) (4)
=1
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where C' is the number of classes (in this case, 2), y; represents the true label, and g;
denotes the predicted probability for each class.

3.4 Evaluation Methods

In this research, we separate the model evaluation based on the forecasting task and the
classification task. The predictive model has two tasks which are to forecast the human
motion in 10 frames ahead and then classifying the forecasted motion into fall or non-fall
classes. Performing two different functions at the same time. We formulate the following
proposition. evaluation method to balance performance metrics on forecasting and classi-
fication problems.

3.4.1 Forecasting Task

To measure the accuracy of these predictions, we use the Mean Per Joint Position Error
(MPJPE). This metric calculates the average distance between the predicted keypoints and
the actual keypoints.

N

1
MPJPE = — i, 5
N;Hy Jill2 6)

In this formula, y; is the true position of the keypoint, g; is the predicted position, and N
is the total number of joints. A lower MPJPE value means better forecasting performance.

3.4.2 Classification Task

To evaluate the performance of classification, we use a confusion matrix, which summa-
rizes the number of correct and incorrect predictions for each class. From this we compute
the accuracy, which shows how often the model makes correct predictions.

TP + TN

6
TP + FP + TN + FN (©)

Accuracy =

where TP stands for true positives, TN for true negatives, FP for false positives, and FN
for false negatives. Higher accuracy means that the model performs better in detecting falls
correctly.

4 Experimental Setup

We conducted the experiment running on a machine with AMD Ryzen 7 CPU, NVidia RTX
GeForce 4090. The evaluation included benchmarking the models based on the number of
trainable parameters. Meanwhile, we set the hyperparameter for the training process with
1000 epochs, batch size of 32, trained with Adam optimizer with 1x10~* learning rate.
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Figure 3: Training loss over epochs for the MLP model
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Figure 4: Training loss over epochs for the RNN model

Training Loss Over Epochs (RNN)
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Figure 5: Training loss over epochs for the LSTM model

Figures 3, 4, and 5 illustrate the training loss over 1000 epochs for the MLP, RNN, and
LSTM models, respectively. In the early training phase (approximately epochs 0-200), all
models exhibit a steep decrease in loss, indicating rapid learning and adaptation to the
data. As training progresses, the loss continues to decrease more gradually. Notably, the
loss curves begin to flatten out starting around epoch 600, suggesting that the models are
approaching convergence. This plateau indicates that further improvements in loss are
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minimal and that the models have reached a relatively stable state. Although the LSTM
model shows occasional fluctuations, it still follows an overall downward trend, reflecting
stable training behavior.

5 Experimental Result and Discussion

5.1 Quantitave Evaluation

The results of the experiment of the proposed multitask models are summarized in Table 1.
The evaluation focuses on the Mean Per Joint Position Error (MPJPE), classification accu-
racy, and model complexity in terms of trainable parameters. The MLP model achieves
the most accurate pose prediction with the lowest MPJPE of 0.2630 (131.5 pixels), but it
also records the lowest classification accuracy at 85.08%. It is the most complex model,
with 131,456 trainable parameters. The RNN model, although it has the smallest number
of parameters (25,636), offers a balanced trade-off, achieving an MPJPE of 0.3252 and an
improved classification accuracy of 88.37%. The LSTM model, with 88,612 parameters, de-
livers the highest classification accuracy at 92.89%, although it has a slightly higher MPJPE
of 0.3371 (168.6 pixels). These results demonstrate a trade-off between pose forecasting
precision and motion type classification, with the LSTM model showing the strongest gen-
eralization in recognizing human motion patterns. The evaluation was carried out on a
subject-independent test set comprising two participants excluded from the training, en-
suring that the models were evaluated on previously unseen individuals.

Table 1: Experiment Results with Model Parameters

Model MPJPE Accuracy (%) Params
MLP 0.2630 (131.5 pixels) 85.08 131,456
RNN 0.3252 (162.6 pixels) 88.37 25,636
LSTM  0.3371 (168.6 pixels) 92.89 88,612

5.2 Qualitative Evaluation

To further examine forecast performance, we conducted a qualitative evaluation using the
MLP model, which achieved the lowest Mean Per Joint Position Error (MPJPE) of 0.2630.
This model was selected for visual analysis as it represents the most accurate forecasting
model quantitatively. The motion sequence chosen for visualization is categorized under
forward falls, a dynamic and challenging class that tests the model’s ability to anticipate
rapid, full-body movements.
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Figure 7: Prediction Comparison in Frame of MLP Model

As shown in Figure 6, the MLP model is able to approximate the general body config-
uration at a single point in time. However, some deviations can be observed from the truth
of the ground, particularly in the lower extremities and arm positions. The predicted pose
(red) appears slightly contracted compared to the ground truth (blue), indicating difficulty
in accurately capturing limb extension during the impact phase of the fall.

Figure 7 illustrates the prediction performance in a sequence of frames. Although the
model successfully captures the overall motion trajectory and body orientation as the sub-
ject transitions from standing to falling, notable mismatches are present. For instance, the
predicted leg positions during mid-fall frames lag behind the actual motion, and the upper
body orientation appears overly rigid. This suggests that although the MLP model per-
forms well numerically, it lacks sensitivity to the more subtle joint dynamics required for
accurate prediction of the fall motion.

These visual discrepancies highlight that a low MPJPE does not fully guarantee high
perceptual or physical accuracy, especially in complex temporal contexts. Therefore, qual-
itative analysis remains essential for identifying practical limitations and guiding future
improvements in forecasting models.

6 Conclusion

This research presented a comparative study of three multitask learning models, MLP,
RNN, and LSTM, for simultaneous pose forecasting and motion classification tasks. The
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experimental results show that while the MLP model achieved the lowest Mean Per Joint
Position Error (MPJPE) of 0.2630, it lagged in classification performance. In contrast, the
LSTM model attained the highest classification accuracy of 92.89%, but produced a slightly
higher forecast error. These findings underscore a trade-off between forecast precision and
classification performance, suggesting that no single model excelled universally on both
tasks. A qualitative evaluation using the MLP model revealed that even the most quantita-
tively accurate model struggled to capture certain complex joint dynamics, particularly in
high-velocity motions such as forward falls. Discrepancies in the predictions for the lower
limb and upper body indicate that existing models, despite their low MPJPE scores, still
face challenges in producing perceptually accurate forecasts over time.

In addition, the results suggest that the current forecast pipeline could benefit from fur-
ther refinement. Although the models were trained efficiently and reached convergence
in a short time frame, their accuracy, especially in temporally dynamic sequences, remains
suboptimal. One contributing factor may be the limited expressiveness of the architectures
used and the reliance on raw keypoint sequences obtained via YOLO based pose estima-
tion, which may introduce noise or inconsistencies. To improve forecasting performance,
future work should consider several directions: (1) applying systematic hyperparameter
tuning to optimize learning dynamics, (2) adopting more modern and expressive archi-
tectures such as Transformer-based or graph convolutional networks that better capture
spatio-temporal dependencies, and (3) incorporating more structured and semantically en-
riched keypoint extraction pipelines that do not solely depend on YOLO but integrate body
structure priors or use high-precision pose estimation frameworks.

In conclusion, while this study demonstrates the feasibility of using multitask learning
for joint motion forecasting and classification, it also highlights the current limitations in
motion realism and generalization, emphasizing the need for more robust modeling and
data processing approaches in future research.

Data and Source Code Availability
The data set and the source code are open to the public to ensure the trans-

parency and sustainability of the research. The source code is available on github
https:/ /github.com/AndiDemonLab /HumanFallForecasting/.
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