Journal of Science and Technique - ISSN 1859-0209, June-2023

BK-POSE: A LIGHTWEIGHT MODEL
FOR MULTI-PERSON POSE
ESTIMATION IN THE WILD

Van Giang Nguyen*, Chan Hung Nguyen', Quang Dich Nguyen',
Cong Dong Trinh!
DOI: 10.56651/1qdtu.jst.v12.n1.655.ict

Abstract

Human pose estimation is an essential topic in computer vision research, which has
numerous applications in various fields. In this article, we propose a lightweight deep learning
architecture called BK-Pose for recognizing human keypoints from images and videos that can
be executed on edge computing devices. The main contributions of our work are two folds:
(1) A lightweight bottom-up deep learning model is introduced that can be deployed on edge
devices and can achieve high frames-per-second (FPS) rates while maintaining acceptable
accuracy in suitable environments. (2) The incorporation of a novel focal L2 loss (FL)
technique allows for the effective balancing between “hard” and “easy” keypoints samples
during training.

The performance of the BK-Pose model is evaluated within a classroom environment
for capturing students’ keypoints and demonstrate its efficacy. Our results show promise for
further research in activity recognition using the proposed architecture.

Index terms

Human pose estimation, pose estimation, deep learning, convolutional neural network.

1. Introduction

Human Pose Estimation (HPE) is a significant area of research in computer vision,
which involves the estimation of human body parts configuration using input data from
sensors, such as images and videos [1]. HPE provides geometric and motion information
on the human body, which finds applications in various fields, such as human-computer
interaction, human activity recognition, augmented reality (AR), virtual reality (VR),
violence detection, healthcare, and more. Over the last few years, deep learning solutions
have emerged as a dominant approach, surpassing traditional computer vision methods
in many tasks, such as image classification, semantic segmentation, object detection,
and more.
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Deep learning algorithms have already made significant progress and achieved out-
standing results in HPE workloads. However, issues including occlusion, inadequate
training data, and depth ambiguity remain obstacles to overcome. 2D HPE from pictures
and movies with 2D pose annotations is simple to do, and great performance has been
achieved utilizing deep learning approaches for human pose estimate of a single person.

In recent years, there has been a growing interest among scholars to address the
challenge of highly occluded multi-person HPE in complex environments. However,
obtaining accurate 3D posture annotations in 3D HPE is more intricate than in 2D
HPE. While motion capture devices can obtain 3D posture annotations in controlled
laboratory settings, their use is limited in real-world scenarios. The primary challenge
in 3D HPE from monocular RGB photos and videos is the presence of depth ambiguity.
In addition, multi-view setups present a fundamental issue of viewpoint affiliation. To
tackle these challenges, some studies have explored the use of sensors such as depth
sensors, inertial measurement units (IMUs), and radio frequency devices. Nonetheless,
these methods are often expensive and require specialized equipment.

Despite the ongoing research efforts in the field of HPE, the current models suffer
from significant limitations. One of the primary issues is the high complexity of the
models, which require substantial computing resources, such as Geforce RTX 2080,
RTX 3060Ti, among others. The average HPE models contain a parameter range of 8M
to 70M, which poses challenges in deploying them on a large scale, especially in natural
environments. As a result, there is a need for marginal computing to reduce costs and
ensure real-time processing of requests.

This research article proposes a novel architecture for HPE, named BK-Pose. The
primary objective of BK-Pose is to generate high-resolution and high-quality heatmaps
by incorporating a lightweight architecture, the BK-Pose block, in multiple layers of the
network during the training process. The proposed approach also incorporates a “spatial
attention mechanism” to supervise the network at smaller sizes and gather multi-scale
hidden information for each keypoint and body component. This technique enhances
the network’s ability to refine the location of keypoints in future high-resolution layers
using low-resolution heatmaps, resulting in the generation of heatmaps with increasing
quality and resolution. The main contributions of this article can be summarized as
follows:

« We introduce a lightweight bottom-up deep learning model that can be deployed on
edge devices and can achieve high FPS rates while maintaining acceptable accuracy
in suitable environments.

« We incorporate a novel focal L2 loss technique to balance between “hard” and
“easy” keypoints samples during training.

The rest of the article is organized as follows. Section 2 briefly reviews the previous
works in applying deep learning to HPE problem. Section 3 describes the proposed
method. The tested datasets and experimental configurations are provided in section 4.
Section 5 presents experimental results and the analysis. The conclusions and future
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work are discussed in section 6.

2. Background and related work

Multi-person HPE is considerably more complex than for a single person since it
involves determining the number of individuals present in the image, their locations, and
how to organize the keypoints for each individual. To address these challenges, two main
approaches have been developed for multi-person HPE, namely top-down and bottom-
up methods. Top-down approaches typically employ off-the-shelf person detectors to
extract a collection of bounding boxes (each corresponding to an individual) from the
input images and then apply single-person pose estimators to each individual bounding
box to produce the final multi-person poses.

In contrast to top-down approaches, bottom-up methods detect all body joints in an
image and group them to individuals, while top-down approaches require individual
identification for each person, making bottom-up methods faster.

2.1. Top-down pipeline

The top-down pipeline for multi-person HPE comprises two major components: a
human body detector to generate bounding boxes for individuals and a single-person
pose estimator to predict the positions of keypoints within these bounding boxes. Prior
works such as [2]-[4] have focused on improving the modules in HPE networks. For
instance, Xiao et al. [5] introduced deconvolutional layers to the ResNet backbone
network to create a simple yet effective structure that generates high-resolution heatmaps,
aiming to explore the fundamental question of how effective a basic approach can
be for HPE. Similarly, Sun et al. [4] proposed the High-Resolution Net (HRNet) that
integrates multi-resolution subnetworks and conducts multiple multi-scale fusions to
produce accurate high-resolution representations.

Wang et al. [6] introduced a novel approach called GraphPCNN to enhance the
accuracy of keypoint localization. This method is based on a two-stage graph-based
and model-agnostic process that involves a localization subnet to obtain approximate
keypoint locations and a graph pose refinement module to generate refined keypoint
localization representations. On the other hand, Cai et al. [7] proposed a multi-stage
network, which includes a Residual Steps Network (RSN) module for the efficient fusion
of intra-level features to learn delicate local representations, and a Pose Refine Machine
(PRM) module that aims to balance local and global representations in the features to
attain more precise keypoint localization.

In multi-person scenarios, estimating postures under occlusion and truncation situa-
tions is a common challenge due to the overlapping nature of limbs. The initial phase of
a top-down pipeline using human detectors may fail under such conditions, emphasizing
the significance of occlusion or truncation resistance in multi-person HPE techniques.
To address this issue, Igbal and Gall [8] proposed a posture estimator based on a neural
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pose machine approach that estimates joint candidates with improved robustness under
occlusion or truncation scenarios.

In the realm of HPE, occlusions and complex scenarios present formidable challenges
for existing methodologies. To surmount these hurdles, recent works have introduced
novel techniques for joint-to-person connection and multi-person pose estimation. Fang
et al. [9] propose a regional multi-person pose estimation (RMPE) framework that
partitions the pose estimation process into three key stages. First, a Symmetric Spatial
Transformer Network is utilized to identify single person regions within imprecise
bounding boxes. Second, the Parametric Pose Non-Maximum-Suppression algorithm
addresses the problem of redundant detection. Finally, the Pose-Guided Proposals Gen-
erator augments training data to further enhance the performance of the model. Notably,
the authors employ integer linear programming (ILP) to solve the joint-to-person con-
nection problem, which remains a persistent challenge in HPE. The efficacy of the
proposed RMPE framework is demonstrated through experiments on a diverse range of
challenging datasets.

2.2. Bottom-up pipeline

In the context of HPE, the bottom-up pipeline is composed of two principal stages:
body joint detection, which entails the extraction of local features and prediction of
potential joint candidates, and joint candidate assembling, which involves grouping
these candidates and constructing the final pose representation using part association
strategies. This paradigm has been employed in various state-of-the-art methods, such as
DeepCut [10], DeeperCut [11], and Realtime Multi-Person Pose Estimation [12]. These
works have demonstrated the effectiveness of the bottom-up approach in accurately
estimating the complex and articulated poses of multiple individuals in real-world
scenarios.

Pishchulin et al. [10] proposed DeepCut, a two-step bottom-up approach for HPE,
which relies on a Fast R-CNN based body part detector. In the first stage, DeepCut
employs this detector to recognize all possible body components. The second stage
utilizes an ILP framework to label each component and assemble them into a final
posture representation. DeepCut was among the early bottom-up methods to achieve
state-of-the-art performance in HPE. Its success demonstrates the viability of the two-
step bottom-up approach for accurately estimating complex and articulated poses of
multiple individuals in diverse scenarios.

The DeepCut method, while achieving high accuracy in multi-person HPE, is com-
putationally expensive. To address this limitation, Insafutdinov et al. [11] proposed
DeeperCut, which integrates a more powerful body part detector with an improved
incremental optimization algorithm that leverages image-conditioned pairwise terms to
group body parts. This results in enhanced performance and reduced computational
complexity. Subsequently, Cao et al. [12] introduced the OpenPose framework, which
employs heatmaps to predict the locations of keypoints and Part Affinity Fields (PAFs)
to connect the keypoints to individual people. The use of PAFs facilitates efficient
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multi-person pose estimation, enabling OpenPose to achieve real-time performance. To
further enhance the performance of OpenPose, Zhu et al. [13] incorporated redundant
edges into the PAFs, thereby improving the connections between joints and yielding
even higher accuracy than the baseline OpenPose framework. These advancements have
significantly accelerated the pace of bottom-up multi-person HPE, making it a more
practical and viable solution for diverse applications.

While OpenPose-based approaches have demonstrated excellent performance on high-
resolution images, they face significant challenges in handling low-resolution images
and scenes with occlusions. To address these limitations, Kreiss et al. [14] introduced
PifPaf, a novel bottom-up approach that leverages a Part Intensity Field (PIF) to predict
body part locations and a Part Association Field (PAF) to express joint associations. By
incorporating these fields, PifPaf outperforms previous OpenPose-based techniques in
low-resolution and occluded scenes. These advancements have the potential to signifi-
cantly improve the accuracy and robustness of HPE in challenging real-world scenarios.

Bottom-up HPE techniques have shown promising results in recent years. Multi-task
learning architectures have been increasingly used to integrate different components of
the HPE pipeline. PersonLab, a multi-task model proposed by Papandreou et al. [15],
combines posture estimation and person segmentation modules for keypoint detection
and association. PersonLab employs short-range offsets to improve heatmaps, mid-
range offsets to anticipate keypoints, and long-range offsets to group keypoints into
instances. Another notable example of multi-task learning for HPE is MultiPoseNet, a
model proposed by Kocabas et al. [16]. MultiPoseNet uses a pose residual network to
perform simultaneous tasks of keypoint prediction, person identification, and semantic
segmentation. These approaches show promising results and pave the way for future
research in the field of HPE.

This article proposes a novel model for HPE that differs from previous approaches
in several key aspects. Firstly, our model inherits the Blaze Block architecture [17]
into the BK-Pose Block at multiple layers to achieve a balance between high and low-
level features. To this end, skip connections are employed extensively across all levels
of the network. Additionally, the Blaze Block architecture allows for the reduction of
the network’s parameter count, thereby enabling deployment to resource-constrained
devices with faster computational capabilities. Secondly, the BK-Pose block is utilized
to generate high-resolution and high-quality heatmaps, which provide multi-scale hidden
information on each keypoint and body component by supervising at lesser sizes. The
low-resolution heatmaps can facilitate location refinement in subsequent high-resolution
layers, thus improving the quality and resolution of the generated heatmaps. Thirdly,
we introduce a novel focal L2 loss technique that balances between “hard” and “easy”
keypoints samples. This technique aids in improving the model’s overall performance
in accurately estimating human poses.
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3. The proposed method

3.1. Overall architecture

DATA LOADER
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BK-Pose ‘ > H p Output Loss Functions <——— Heatmap Label
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Fig. 1. BK-Pose Overall Architecture.

The article presents the system architecture, illustrated in Fig.1, which serves to
delineate the training process. The training process incorporates a series of modules, as
explicated below:

o The preprocessing data module: This module is responsible for the preparation of
data for input into the model. Specifically, it performs data preprocessing operations
to generate a tuple in the form (X, Y).

— X is the preprocessed and normalized image.
— Y is the label that includes the keypoint heatmap and the body part heatmap.
« BK-Pose: Operate on image data as input and generate a keypoint heatmap along
with a heatmap corresponding to each body component.
o Loss function module: The loss function will control the error of the prediction
result and the label heatmap.

3.2. Network structure

The BK-Pose architecture (Fig.2) has been constructed using an iterative encoder and
decoder architecture inference to capture the diverse spatial extent of each keypoint in
addition to their associations with other keypoints.

In this study, we adopt the Residual module [18] as the backbone, which is a widely-
used architecture for feature extraction from images prior to inputting them into the
network. The Residual backbone includes two Residual blocks that are simple yet
effective, thereby serving as an ideal candidate for integration with the BK-Pose module.

The green hourglass depicts the design of stack BK-Pose modules. The down-sampling
approach decreases the input feature map’s spatial extent by half while increasing N in
feature map channels C' (C' = 64 and N = 32). As the result, in the last stack of our
BK-Pose module, the feature map has 192 channels.
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Fig. 2. Network structure: The pink dashed box refers to Backbone (Residual Modules). The feature
maps with 5 different scales those surrounded by the orange dashed box are extracted from each (stage)
BK-Pose module (green hourglass). The output heatmaps are also generated by BK-Pose module.

The present work leverages multi-scale supervision [19] to train the two stacked BK-
Pose modules, generating heatmaps across 5 scales during training, with the addition of
a “spatial attention mechanism”. By supervising at lower sizes, the network is compelled
to accumulate multi-scale hidden information for every keypoint and body component.
The low-resolution heatmaps obtained assist in refining the location information in
subsequent high-resolution layers, thus enhancing the quality and resolution of the
heatmaps. Moreover, adaptive average pooling is employed to downsize the ground
truth of keypoint and body part heatmaps to fractional sizes from the full-size base.

As the feature map at a given scale stores pose structural information, it exhibits
strong self-correlation and is employed to train heatmaps at the same scale. This feature
map not only stores pertinent features but also contributes to the 2" stack of BK-Pose.

3.3. BK-Pose block

The necessity to capture information at multiple scales motivates the design of the
BK-Pose architecture. While local features such as limbs are critical for characterizing
body posture, a comprehensive understanding of the entire body is necessary for HPE.
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Fig. 3. The BK-Pose block with 5 scales downsizes image by half
while increasing 32 channels in down-sampling approach.

To achieve this goal, the network must process information across different scales.
One common approach is to use separate pipelines that analyze the image at different
resolutions and subsequently aggregate features [20]. In contrast, we use multi-scale
supervision to infer heatmaps at five different resolutions during training, which enables
the model to capture structural information of each keypoint and body component across
multiple scales.

The BK-Pose architecture is built upon Blaze Block [17], which downsamples the
feature map to a low resolution before applying DepthwiseConv2D and Convolution
2D operations at the original pre-pooled resolution (Fig.3). After reaching the smallest
resolution, the network uses upsampling and feature combining to decode the features.
Specifically, we use the Tompson et al. [17] method to upsample the feature map to
the closest neighbor of the lower resolution, and then we perform elementwise sum to
integrate information from two nearby resolutions.
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To further enhance the network’s ability to capture global and local information, we
stack multiple BK-Pose modules and use the output feature map of one module as
the input to the next. By repeatedly conducting encoding and decoding inference, the
model can reconsider the original predictions and features throughout the entire image.
Crucially, intermediate heatmap predictions are used to guide the optimization process,
which encourages the network to generate accurate predictions at every scale.

The technique of switching between scales is particularly important for structured
tasks like HPE. Preserving the spatial position of features is critical for the final
localization phase, as the precise location of a joint is essential for accurate pose
estimation. By moving back and forth between different scales, the network can retain
local information while examining and rethinking the overall coherence of the features,
which is essential for avoiding contradictory evidence and anatomic impossibility.

3.4. Loss functions

The L2 loss is frequently used to measure the distance between the predicted heatmaps
and the target heatmaps, e.g. Cao et al. 2017 [19]; Ke et al. 2018 [21]. To deal with
“hard” keypoints, the research Chen et al. 2018 [22] suggests L2 loss which makes
online “hard” keypoint extraction. We have suggested a novel loss, that is named focal
L2 loss, under the combined concept of keypoint and body part heatmaps, to address
the two types of sample imbalance problems. The network will generate K keypoint
heatmaps as well as B body connection part heatmaps. They will be created at 5 different
scales at each stage of the stacking model.

In each generated heatmaps, the pixel value represent for the probability of which
category the keypoint or body part belong to. Assume that, at stage n, the predicted

score maps have a size of w; x h; are S™ = (57,55, -+, Sk ), i is the scale order,
n € {1,2,---, N}, where N is the number of stack BK-Pose. Assume that the ground
truth heatmaps has the equal size of S* = (57,55, - -, Sk, ) and G is the Gaussian

peak generation function. We have the ground truth score S7 (p) at the pixel location
p(z,y) € R“>*" in the j — th heatmap, the formula of S¥(p) is expressed as:
* _ G($7y‘R7 O—k7T0)7 1 S] S K
Si(p) = { Glz,y|R, 0y, dy), K <j<K+B M

The expression of Sd7(p):

ne oy S™Mp) —a, S*(p) > thre
Sdj(p) = { 1]_ St (p) — B, otijwrwise @

where o and o, are the standard deviations of Gaussian peaks heatmap: keypoint and
body part. The hyper-parameters 7, and d, determine the boundaries of the ground truth
Gaussian peaks. «a, § are adjustment variables that are used to decrease the penalty of
easy samples (both easy foreground and easy background pixels), allowing us to fully use
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the training data. The threshold for differentiating between foreground and background
heatmap is thre.

The focal L2 loss (IFIL) at stage n, between the predicted heatmaps and target heatmaps
of size w; x h; is calculated as follows:

IFJL;?:Z Y - IG< K)+1-Wp)- 157 (p) — S;0)] - (1 - Sd7(p))” (3)

where W is the binary masking, W (p) = 0 since the annotation is hidden at the position
p. We have the indicator function /, and the hyper-parameter 7 is used to equalize the
keypoint heatmap loss with the body component heatmap loss. The term “scaling factor”
is introduced (1 — Sdj(p))” presupposes two pieces of prior knowledge: The heatmap
score of easy foregrounds are generally high (near to 1, e.g. 0.9); The heatmap score of
easy backgrounds are generally low (typically less than 0.01 in practice). As a result,
it has the potential to make simple samples less effective and contribute less during
training, as focal loss suggests [23].

To make the balance in the gradient between the foreground and background value
of pixels, we have created the parameter setting o, = 9,0, = 7,thre = 0.01 in this
work, and we set 7 = 2 appropriately. Furthermore, we approximately set o = 0.1
and 8 = 0.02. We suggest that they should be put close to 0 and 0 < 3 < «. More
explanations of the main hyper-parameters are provided for a better understanding.

In our experiment creating heatmap, if we set the standard deviations of Gaussian
peaks heatmap: keypoint and body part i.e., o, and o3, too small, the correct positioning
information is retained, but the output heatmap at these peaks are low, giving in more
false negatives. However, if these parameters are too large, the Gaussian peaks stretch
out too much at inference time, the localization knowledge becomes fuzzy, decreasing
localization accuracy (offset regression may help here). We have also used the thre
hyper-parameter and been being set at 0.01 to reduce the loss of numerous simple
backdrop pixels.

The total loss of the stacked BK-Pose across 5 different scales can be written as:

N 5

L=) Y Ar-FL? €))

n=1 =1

in which A7 = 0.1, A\ = 0.2, A7 = 0.4,\] = 1.6 and \} = 6.4 are used to balance
between losses at 5 scales. In experiments, we find that by setting these values achieves
the best performance on COCO dataset. These coefficients were chosen by experiments
with 142 trials. Due to the scope of the article, this data is not presented here.
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4. Experimental settings

This section presents the datasets used in the experiments and the parameter’s setting
for the tested models.

4.1. Datasets

In this article, we use the MS-COCO dataset and our keypoint dataset (BK-SAD) for
training and evaluation.

Over than 200000 pictures as well as 250000 person instances were labeled using
17 keypoints in the COCO which contains train dataset, validation, and test dataset as
described in table 1. Annotations on train and val (with over 150000 people and 1.7
million labeled keypoints) are publicly available. All the experiments in this project are
trained only on the train set. Fig.4 presents some samples of the MS-COCO dataset.

Table 1. Number of image in each type of COCO dataset

Type of Dataset | Number of image
train2017 118287
val2017 5000
test2017 40670

Fig. 4. COCO Dataset example. '

Differ from MS-COCO dataset, which covers all general activities, BK-SAD dataset
focuses on classroom environment. It contains over 48,000 labeled samples of students
raising their hands, over 34,000 labeled samples of students dozing off during class,
and over 170,000 labeled samples of normal activities collected from several schools in
Hanoi city as described in table 2. Fig.5 presents some samples of the BK-SAD dataset.

"https://cocodataset.org/#keypoints-2017
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Table 2. Number of image in each activity type of BK-SAD dataset

Class Label | Train Images | Test Images | % of Total Dataset
Doze 24333 10429 13.62%
Hand-raising | 39920 14537 19.00%
Normal 120358 51582 67.38%
Total 178611 76548 100%

Fig. 5. BK-SAD Dataset example.

4.2. Data preparation
In this article, we perform the data preparation steps with the input image as follows:

« Crop and resize the image to the fixed spatial extent of 512 x 512. The size of the
produced ground truth heatmaps is 128 x 128.

« Return the pixel values to the domain [0, 1] by dividing the pixel values of each
image by 255.

o Online data augmentation.

Online data augmentation is the transformation of the input image directly when the
image is fed into the model training. Some online data augmentations: random rotation
([—40°,40°]), random scale ([0.7,1.3]), random translation ([40, 40]).

4.3. Parameters settings
In training process, the following parameters are used:

« Optimizer Algorithm: Adam

o Learning rate: 1 x le — 3

« Optimizer strategy: We start training the model with L2 loss initially, then with
the focal L2 loss until the performance rejects to increase.

« Batch size: 8

o Number of epoch: 60
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« Input image’s size: 512 x 512 x 3
« Label heatmap’size: 128 x 128 x 50

4.4. Evaluation metrics

The Object Keypoint Similarity (OKS) metric is used for evaluating the performance
of keypoint detection models on the COCO dataset.

The OKS metric takes into account both the localization accuracy of the predicted
keypoints and their semantic similarity to the ground truth keypoints. It computes a
score between 0 and 1 that reflects how well the predicted keypoints match the ground
truth keypoints for a given object instance. The higher the score, the more accurate the
keypoint predictions are.

The use of OKS metric is important because it provides a standardized and quan-
titative way to evaluate the performance of different keypoint detection models on the
same dataset. This allows researchers to compare the accuracy of different models and
to track the progress of the field over time.

Moreover, the OKS metric is a key component in evaluating models for the COCO
Object Detection Challenge, which helps to drive progress in the field by encouraging
researchers to develop more accurate and effective keypoint detection models.

Average Precision (AP):

AP % AP at OKS= .50 : .05 : .95 (primary challenge metric)
AP % AP at OKS= .50 (loose metric)

AP % AP at OKS= .75 (strict metric)

AP Across Scales:

APM % AP for medium objects: 322 < area < 962

AP~ % AP for large objects: area > 962

Where OKS is object keypoint similarity function, that performs the similar function
as IoU. The formulation OKS:

2
232k2)
« d; is the euclidian distance between ground truth keypoint and predicted keypoint.

« s is scale: the square root of the object segment area.
« k is per-keypoint constant that controls fall off.

OKS = exp(— 5)

5. Results and discussion
5.1. Results on the MS-COCO dataset

In table 3, while our model did not achieve state-of-the-art (SOTA) performance like
the bottom-up methods such as HigherHRNet [24], we obtained acceptable results and
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Table 3. Results on the MS-COCO 2017 test-dev set

Method AP | AP" | AP | APM | APF
CMU-Pose 60.5 | 83.4 | 66.4 | 55.1 | 68.1
PersonLab 68.7 89.0 75.4 64.1 75.5

HigherHRNet | 72.1 | 89.5 | 78.4 | 68.1 | 77.5
BK-Pose + L2 | 57.3 | 78.2 | 64.7 | 54.3 | 65.7
BK-Pose + FLL | 60.2 | 81.3 | 66.2 | 54.8 | 67.6

Table 4. Accuracy of localization of different keypoints on the MS-COCO 2017 test-dev set

Method Head | Shoulder | Elbow | Wrist | Hip | Knee | Ankle | Heel | Foot index
BK-Pose + L2 | 89.1 88.7 88.2 856 | 76.1 | 722 60.3 50.2 45.7
BK-Pose + FLL | 91.8 90.1 89.8 874 | 795 | 754 63.0 51.6 46.2

found that it was suitable for application in classroom environments. The reasons lie in
the nature of classroom activities: (1) The students default posture is sitting.

(2) Their type of activities 1s limited, compared to the variety of unusual activities (such
as fighting or other sports). These facts significantly reduce the likelihood of false
positives, thus improve accuracy and reliability of pose estimation. Table 4 presents
the accuracy of localization of different keypoints on the MS-COCO 2017 test-dev.
Due to the characteristic of BK-SAD dataset presented in subsection 4.1, our model
obtains higher accuracy of the upper body detection, makes it particularly well-suited
for classroom environments.

Based on table 3 and 4, we can conclude that the focal L2 loss function outperforms
L2 loss function. Our results indicate that the focal L2 loss function produced a higher
accuracy rate compared to the L2 loss function, suggesting that incorporating the focal
term can enhance the model’s ability to learn from hard examples. These findings
suggest that the focal L2 loss function can be an effective alternative to the L2 loss
function for HPE tasks.

Table 5. Parameters and FPS against the SOTA bottom-up method on Jetson AGX Xavier >

Method #parameters | FPS
PersonLab 68.7TM 0.4
CMU-Pose 40.5M 0.2
HigherHRNet 28.6M 1.2
BK-Pose 2.4M 11

In this article, we conducted training exclusively on the MS-COCO dataset and BK-
SAD dataset to build all our models from scratch. It has been observed that most
state-of-the-art (SOTA) methods rely on the Hourglass backbone, which tends to have
a large number of parameters. For example, while CMU-Pose [12] is well-known for

Zhttps://developer.nvidia.com/embedded/jetson-agx-xavier-developer-kit
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its ability to detect keypoints in real-time, it requires an NVIDIA GeForce GTX-1080
GPU to achieve a speed of 8.8 FPS.

Loss
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b=

Loss value
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Fig. 6. Loss of BK-Pose model in 60 epochs on both training and validation set.

To evaluate the effectiveness of our proposed method, we compared the number of
parameters and the frames per second (FPS) of some popular SOTA bottom-up models
with an image size of 512 x 512 on the Jetson AGX Xavier device. Detailed comparison
results are presented in table 5.

Our training process took a total of 5 days to complete. We initially trained the
BK-Pose models using L2 loss and subsequently fine-tuned them using the focal L2
loss until there was no further improvement in performance. Due to the imbalance be-
tween the “easy” and “hard” keypoints, the training loss experienced slow convergence.
Specifically, as depicted in Fig.6, the model’s loss exhibited a significant decrease at
epoch 24 when L2 loss was employed, signifying the successful acquisition of “easy”
keypoints. Subsequently, we continued to train the model with focal L2 loss until epoch
60 to allow the model to learn the “hard” keypoints.

5.2. Results on BK-SAD dataset

Based on table 6 and 7, we can conclude that BK-Pose model has a good performance
on the BK-SAD dataset. This finding suggests that the incorporation of training with the
MS-COCO dataset can be leveraged to enhance the accuracy of the model. Additionally,
the comparative evaluation reveals that the focal L2 loss function produced a higher
accuracy rate compared to the L2 loss function.

In table 8, we evaluate BK-SAD dataset by using ST-GCN [25] model in skeleton
based action recognition experiments. We also experiment on two large-scale action
recognition datasets: RGB+D [26], SBU Kinect Interaction [27]. The fact that the ST-
GCN model can work well on BK-SAD datasets substantiates its effectiveness as a
supplementary dataset for addressing the HPE problem.
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Table 6. Results on the BK-SAD test set

Method AP | AP" | AP | APM | APF
BK-Pose + L2 | 73.3 | 90.2 | 79.6 | 69.3 | 79.2
BK-Pose + FLL | 74.2 | 91.6 | 80.5 | 70.4 | 80.7

Table 7. Accuracy of localization of different keypoints on the BK-SAD test set

Method Head | Shoulder | Elbow | Wrist | Hip | Knee | Ankle | Heel | Foot index
BK-Pose + L2 | 91.6 89.9 88.5 873 | 787 | 759 64.1 57.4 479
BK-Pose + FL | 92.7 90.8 90.2 893 | 80.7 | 772 66.4 | 58.8 49.2

Table 8. Activity recognition comparisons across 3 datasets via ST-GCN model

Dataset Accuracy
SBU Kinect Interaction 52.8
NTU RGB+D 88.3
BK-SAD 85.7

Fig. 7. Result at Academy of Politics Region I.

We conducted an extensive experiment to evaluate the efficacy of our proposed model
at the Academy of Politics Region I, located at 15 Khuat Duy Tien, Thanh Xuan, Hanoi.
Specifically, we captured keypoints of some classes consisting of 30 ~ 40 students each.

Our model was capable of detecting the upper part of the students’ bodies and yielded
promising results (Fig.7).

5.3. Failure cases

In spite of its overall performance, it still faces challenges that need to be addressed,
including dense crowds, overlapping keypoints, and complex postures.
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As demonstrated in Fig.8, the model is able to detect most keypoints, but they may
be inaccurately located. Complex postures, such as dancing and walking, the model
produces more false positive keypoints. The highest error rates occur in the legs and
arms when they are hidden or in a crowded area.

These challenges can be attributed to two main factors: the accuracy of the BK-Pose
model and the Keypoint Assignment Algorithm. We are currently working to address
both of these issues to improve the model’s performance.

Fig. 8. Failure cases in “hard” keypoint of social activity.

6. Conclusions

In this study, we propose the BK-Pose bottom-up architecture for solving the multi-
person pose estimation problem. The main contributions of our work are two-fold:
(1) We introduce a lightweight bottom-up deep learning model that can be deployed on
edge devices and can achieve high FPS rates while maintaining acceptable accuracy in
suitable environments. (2) We incorporate a novel focal L2 loss technique to balance
between “hard” and “easy” keypoints samples during training. Our experimental re-
sults demonstrate that the proposed model has the acceptable accuracy comparing with
existing models while being computationally efficient. Our approach can be applied in
various environments, such as classroom or other public places for surveillance purposes
and human activity recognition.

For future work, there are several promising directions to explore. With regard to the
loss function, we only explore two loss functions in this study. Therefore, it is worthwhile
to experiment with and compare other loss functions to identify better functions for this
problem. In addition, with respect to the model architecture, we could replace the upscale
module with deconvolution modules to generate high-quality and high-resolution feature
maps and heatmaps, which may further enhance the model’s performance.
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BK-POSE: MOT MO HINH NHE
UoC LUONG DANG NGUOI

Nguyén Vin Gidng, Nguyén Chdn Hing, Nguyén Quang Bich,
Trinh Cong Dong

Tém tit

Udc lugng dang nguoi la mot chi dé cot 16i trong nghién ctu thi giéc mdy tinh, ¢o l’mg
dung da dang trong nhi€u linh vyc. Trong nghién ctiu nay, chung tdi gidi thiéu mot kien tric
hoc sdu nhe mang t€n BK-Pose, nham nhén dang cac khdp con ngu’dl tir hinh anh va video,
va c6 thé trién khai trén cic thiét bi tinh toan bién. Cong trinh cua chung o1 gép phan quan
trong theo hai hudng: (1) Chiing t6i dé xudt mdt mo hinh hoc siu nhe, dp dung kién tric tit
dudi 1én (bottom-up), thich hgp cho viéc trién khai trén cac thiét bi tinh toan bién. M6 hinh
nay dat dugc téc do khung hinh mdi gidy (FPS) cao, dong thdi vin ddm bao do chinh xac &
mufc chip nhan dugc trong moi truong thich hgp. (2) Chung t6i dp dung mot ky thudt ham
mit mét mdi, goi 1a focal L2 loss, dé cin bing giita cic miu khdp “khé” va “dé” trong qud
trinh huin luyén.

Ching t6i da tién hanh danh gia hi¢u nang ctia m6 hinh BK-Pose trong mot moi truong
16p hoc dé udc hrdng cac khdp cia hoc sinh, va chung minh tinh hi¢u qué cia md hinh trong
bai todn nay. Két qua nghlen cliu ctia chiing t6i c6 the dugc st dung cho cdc nghién ctiu tiép
theo vé nhan dang hanh vi st dung kién tric dugc dé xuat.

Tu khoa

Udc lugng dang ngudi, udce lugng dang, hoc sau, mang no-ron tich chap.
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