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Abstract: Motivated by the increasing interest in clinical studies focused on infant movements
and poses, this research addresses the limited emphasis on speed and efficiency in existing 2D
and 3D pose estimation methods, particularly concerning infant datasets. The scarcity of publicly
available infant data poses a significant challenge. In response, we aim to develop a lightweight pose
estimation model tailored for edge devices and CPUs. Drawing inspiration from the OpenPose-2016
approach, we refine the algorithm’s architecture, focusing on 2D image training. The resulting
model, with 4.09 million parameters, features a single-branch structure. During execution, it achieves
an algorithmic complexity of 8.97 giga floating-point operations per second (GFLOPS), enabling
operation at approximately 23 frames per second on a Core i5-10400f processor.Notably, this approach
balances compact dimensions with superior performance on our self-collected infant dataset. We
anticipate that this pragmatic methodology establishes a robust foundation, addressing the need for
speed and efficiency in infant pose estimation and providing favorable conditions for future research
in this application.

Keywords: pose estimation; infant posture; computer vision; lightweight architecture

1. Introduction

Computer vision and artificial intelligence have become indispensable in numerous
domains, providing invaluable assistance to individuals. Within the realm of sports and
security, computer vision plays a pivotal role in the monitoring, recognition, and analysis
of human behavior and motion. Similarly, the monitoring, tracking, and analysis of
infant movements are subjects of great significance, bestowing substantial benefits for the
management of young children/infants and yielding medical advantages. This technology
enables specialists to scrutinize the movements of infants, and identify early warning signs
pertaining to motor development and associated disorders.

In the analysis of infant movements, methods such as live monitoring or video data
analysis are being implemented. In addition, the analysis is implemented through the
camera with labeling points directed at the body joints. However, manual labeling of
joints per data collection is required for the analysis of infant data, which can be time-
consuming and challenging to set up. An alternative approach involves the use of artificial
intelligence models for pose estimation. This approach is more convenient and allows
for more data to be collected from newborns. Recent research based on deep learning
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approaches has laid the foundation for computer-supervised motion assessment tools for
early intervention and diagnosis of motor neuronal disorders. The utilization of General
Movements Assessment (GMA) [1] has proven instrumental in the differentiation of subtle
movements from a myriad of smaller movements, offering an early diagnostic avenue
for cerebral palsy. In their work, the authors harnessed postural estimation techniques,
notably OpenPose, to reconstruct infant posture and meticulously analyze movements for
the purpose of cerebral palsy diagnosis. However, the existing methods, while effective,
present significant drawbacks in terms of time consumption and computational expenses.
The intricate task of developing a novel, compact model is further complicated by the
limited availability of public datasets specifically designed for newborns. This scarcity
poses a formidable challenge in the pursuit of advancing the field of movement assessment
and diagnosis for infants.

In the past decade, impressive progress has been made with the accuracy of pose es-
timation methods [2–7]. And studies have shifted their focus to developing methods that
enhance the speed of these methods. Despite this, the accuracy-focused methods that rely on
complex models consume significant computational resources as well as execution equipment
resources. Although methods to improve speed have emerged, they often require trade-offs
with accuracy. The majority of pose estimation methods can be broadly categorized into
two main approaches: top-down and bottom-up. Most of the top-down methods in refer-
ence [8] involve detecting the person in the frame first and then estimating the position of
each subject. On the other hand, the bottom-up method in this briefing review [9] detects the
human keypoints present in the frame and then connects the relevant keypoints to form a
human skeleton. The fastest method with high accuracy has been exported in [10], the authors
reported this method running at 23 fps with a graphics card for 3 people images and when
the number of people if the number of people increases to 20, it will only run at 15 frames per
second. Bottom-up is considered to have better stability in the case of a variable number of
human objects or error detection (wrong detection of non-human objects).

Pose estimation: The majority of pose estimation methods can be broadly categorized
into two main approaches: top-down and bottom-up. The top-down method involves
detecting the person in the frame first and then estimating the position of each subject. On
the other hand, the bottom-up method detects the human keypoints present in the frame
and then connects the relevant keypoints to form a human skeleton. The fastest method
with high accuracy was developed in [10]; the authors reported this method running at
23 fps with a graphics card for images of three people, and if the number of people increases
to 20, it will only run at 15 frames per second. However, bottom-up approach of Openpose
can run stably and immutably when running with a variable number of people. Therefore,
we prioritize using the bottom-up approach and improve the model of Openpose to be
faster and lighter.

Infant Pose Estimation: Presently, approaches to analyzing, recognizing, and clini-
cally researching infant posture heavily rely on visual observation by experts, either in
real-time or through recorded sessions [11]. There appear significant differences in body
proportions and pose flexibility between infants and adults, creating significant challenges
for pose estimation models. Most existing models, often trained on adult datasets due to
accessibility, do not exhibit optimal performance on infant datasets. Compounding this
issue is the limited availability of infant data, often withheld for confidentiality reasons,
posing a major obstacle to training models from scratch. Consequently, only a handful of
research efforts have ventured into automating postural monitoring of infants in recorded
videos. In a notable attempt to address this challenge, a proposal was presented in [12]
to automatically extract key points of infants. The author employed the OpenPose-2019
method [13] for this purpose. However, the accuracy of this approach was compromised
due to the scarcity of databases and the inherent complexity of infant movements. A
contrasting approach is exemplified by AggPose [14], which boasts high efficiency with
minimal computational overhead, adopting a top-down strategy. Nonetheless, it is ac-
knowledged that the top-down approach may exhibit reduced stability compared to the
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bottom-up approach, especially in scenarios involving multiple objects within the image.
The pursuit of an accurate and efficient solution for infant pose estimation remains a dy-
namic area of research, balancing the intricacies of infant movements with the limitations
of available datasets and computational methodologies.

Navigating the intricate trade-offs between performance and size while optimizing the
complexity and parameters of a model poses a challenging endeavor. The study conducted
by [15] stands as a noteworthy example where computational costs were successfully cur-
tailed and performance was enhanced. This was achieved through a strategic alteration
in the architecture, specifically replacing the original model’s 5 × 5 and 7 × 7 convolu-
tional layers with two overlapping 3 × 3 layers. This substitution not only streamlined
computational expenses but also yielded an augmentation in the overall efficacy of the
method. Building on this paradigm, the techniques outlined in [16] present a broader
perspective on improvement methodologies across functions. One consistent approach
highlighted in this study involves the systematic replacement of large convolutional layers
with overlapping smaller layers, thereby contributing to enhanced efficiency and optimized
model performance.

Despite the increasing amount of research related to human pose estimation and
real-time improvement in running, current methods have not achieved high accuracy for
the infant dataset. Current research has been exclusively conducted on adult datasets,
whereas there is a significant difference in body proportions between infants and adults.
There need to be multiple foundational components to determine a virtual skeleton (pose
estimation/body part localization), such as human object detection, body joint detection,
and establishing relationships between the joints. Therefore, current methods often utilize
multiple branches or at least two independent branches to determine separate founda-
tions and create a complete framework of a human subject. This paper introduces a new
definition of the single-branch model for infant pose estimation. We build and improve
models based on modern models with lighter structures consisting of depthwise separable
convolution layers and residual blocks. The accuracy and complexity of the proposed
method are competitive compared with modern methods on a self-collected dataset.

The summary of the contributions:

• Propose the definition of a single-branch structure that shares convolutional layers
and features, which are based on bottom-up approaches with a block-by-block process,
in which blocks are applied using the residual block technique.

• Reducing computational complexity of the network by utilizing a single-branch archi-
tecture, sharing convolutional layers and features for both confidence map inference
and part affinity field inference.

• Propose a self-collected dataset on infant poses.

The structure of this study is as follows: Section 2 outlines the research scope, detailing
data collection methods, utilization strategies, as well as implementation and evaluation
methodologies. Section 3 delves into the evaluation metrics employed, alongside the
experimental setup and results. In Section 4, discussions and explanations are provided
regarding the obtained results, accompanied by an exploration of their limitations. Finally,
the conclusion is presented in Section 5.

2. Materials and Methods

The application of deep learning to the research and analysis of the movements
of newborns, achieved through the automatic detection of their joints and tracking of
movement trajectories, holds immense potential benefits. Deep learning, particularly
convolutional networks (CNN), stands out as an effective technique in the domain of image
detection and recognition. Leveraging this technology for the automatic recognition of the
body’s joints has the potential to simplify and broaden research on newborn movements,
making it more accessible and widespread. This, in turn, facilitates the detection of risks
associated with dynamic movement in a diverse range of newborns.
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The primary objective of this study is to design a lightweight model suitable for
deployment on edge devices while retaining depth and without compromising significantly
on accuracy. The proposed model is trained initially with an adult dataset, leveraging
the wealth of available data in this domain. Subsequently, the model undergoes specific
training using a self-collected dataset focused on infants’ postures. This sequential training
approach aims to transfer knowledge from the adult dataset to the infant dataset, enhancing
the model’s ability to accurately detect and track the joints of newborns [17].

In summary, this study bridges the gap between deep learning advancements and
infant movement analysis, striving to create a versatile and accurate model that can con-
tribute to the early detection of movement-related risks in newborns. The sequential
training methodology, combined with a focus on lightweight design for edge device de-
ployment, underscores the pragmatic and impactful nature of this research endeavor.

2.1. Network Design

The bottom-up method is implemented with 2 parallel inference branches. These
branches share features extracted from the backbone; one branch infers the joints of all
bodies in the figure, and one branch is used to group joints of the same body together.
Instead of using 2 parallel branches like current bottom-up approaches, alternative single-
branch blocks with a lighter structure were used to form the proposed model. Specifically,
a network architecture was developed that leverages a single branch (Figure 1) for both
confidence maps (CMs) and connects the main points of a single human object through the
use of part affinity fields (PAFs) [18].

Figure 1. Model pipeline designed with only a single branch. The number of stages can be customized
with 2 ⩽ t ⩽ 6.

Performance comparison tests are conducted on the adult set to evaluate the proposed
model. The implementation of this dataset aims to save time and eliminate the need for
forwarding reference models with the infant dataset. Once the suitable model has been
selected based on the performance comparison tests, the pre-trained model with the adult
dataset proceeded with transfer-learning on the self-collected infant dataset. Experiments of
the final model for comparison accuracy and performance were conducted on the infant set.

2.1.1. Feature Extractor

Networks with a much lighter structure than VGG-19 have been proposed; they
have similar or better classification accuracy than VGG-19 [19–21]. To extract features,
the networks from the MobileNet series are highly recommended because of their light
structure and the similar accuracy and performance between the SOTA method and VGG-19,
VGG-16, AlexNET, DenseNet, DetNet [22,23]. Accuracy and complexity were considered
trade-offs before making the decision to use the first 12 layers of MobileNet-v1 [20] as the
backbone, and the comparison results and experimental setup are outlined in section IV.

The preservation of spatial resolution is crucial to avoiding a significant reduction
in accuracy when the layers remain the same until the deepest layer matches the output
resolution. To address this issue, a convolutional accumulation [17] is incorporated and
changed in the backbone block to save spatial resolution and reuse essential weights. By
doing so, the number of participants required for the task can be minimized. Specifically,
there is a difference in origin to MobileNet-v1; the backbone in Figure 2 shows adjustments
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by changing the 7th layer stride to 1, setting the dilated factor of the 8th layer to 2, and
padding to 2 to preserve the spatial resolution.

Figure 2. (a) First twelve layers of MobileNet-v1 for the backbone; (b) standard convolution layer
with Batchnorm and ReLU; (c) depthwise separable convolution layer with Depthwise, Pointwise,
Batchnorm, and ReLU.

A cpm block is incorporated after the first 12 layers of modified MobileNetv1 (Figure 3).
The first step involves adjusting the number of channels using the initial 1 × 1 convolutional
layer, followed by the passing of the output through a set of 3 conv_dw_no_bn layers.
Abruptly reducing the number of features from 512 to 19 in CMs features (18 keypoints
and 1 background) and from 512 to 38 in PAFs features can result in the loss of important
input image information and beneficial features. Therefore, the 3 conv_dw_no_bn layers
play a vital role in enhancing and preserving essential characteristics. Finally, the features
are integrated using the last 3 × 3 convolutional layer.

Figure 3. Cpm block add after the first 12 layers of MobileNet-v1 for feature down-sampling.

2.1.2. Stages

Network architectures employing parallel branches are commonly structured to con-
duct separate inferences concurrently. OpenPose, a prime example of such a design,
incorporates two independent inference branches. Specifically, in the OpenPose architec-
ture, convolution layers within stages 2–6 utilize kernels of up to 7 × 7 in size (Figure 4).
This parallelized approach enhances the model’s capacity to capture intricate spatial rela-
tionships and nuances across various stages of the network, contributing to its robustness
in tasks such as pose estimation where capturing detailed features is crucial. The utilization
of parallel branches allows the model to process information from multiple perspectives
simultaneously, fostering a more comprehensive understanding of the input data.

To generate accurate estimates of heat maps and affinity parts, each stage requires
feature extraction from the backbone, along with prior estimates of the two necessary fields.
To streamline the operations and expedite the reasoning process, we opted to utilize the
same convolutions in the stages, resulting in a single branch (Figure 5). Customizable
homogenous stages repeat t times with 2 ⩽ t ⩽ 6. This stage has a homogenization function
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and improves the accuracy, but this improvement is not significant, so these layers can be
removed to reduce the computational cost.

Figure 4. Design of stages in Openpose with a parallel branch.

Figure 5. Single prediction branch for the first stage and homogenous stages.

The modification in our research involves the substitution of 7 × 7 convolutions with
a sequence of three consecutive convolutions: 1 × 1, 3 × 3, and 3 × 3 with a dilated factor
of 2 (as illustrated in Figure 6).This strategic replacement results in a noteworthy reduction
in model complexity by approximately 2.5 times, while still preserving the receptive field,
as observed in related work [3]. To further enhance the training performance of the deep
network, skip connections, as introduced in [24], are incorporated. Instead of relying on
5 convolutional layers with a kernel size of 7 × 7, our approach involves the utilization of
15 replaced convolutional layers (organized into 5 replaced blocks). This augmentation
proves effective in capturing intricate features and representations, empowering the model
to handle complex and hierarchical patterns within the data.
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Figure 6. Convolutional block for replacement of 7 × 7 convolutions in refinement.

2.2. Experiment Setup

Two-Dimensional Pose dataset. The datasets employed in this research are self-
collected infant pose data and the MS COCO dataset [25], specifically a collection of
infant datasets sourced from YouTube. The MS COCO dataset comprises a diverse range
of human activities and postures, featuring 200,000 image data points segregated into
train/validation/test sets. The training and validation sets are annotated with up to
1.7 million labeled keypoints. One of the major challenges that we had to contend with
was the unavailability of suitable data on infants. Infant data, due to its sensitive nature,
is not openly available in existing base datasets. Furthermore, experimental research and
studies have been conducted using adult images, and pre-training with adult datasets is
believed to be advantageous in carrying over keypoint features, but with larger dimensions.
In order to overcome this challenge, we performed a manual data collection of infant
data from YouTube and subsequently carried out manual labeling. The dataset that was
obtained comprises seven brief video segments, featuring seven distinct infants in the
supine position. The videos were formatted in various resolutions and frame rates.

Infant Data Anotation. Infant data were collected by the authors on YouTube. The
dataset includes 8 videos with 10 s per video corresponding to 8 distinct newborns/infants
(Table 1). They are labeled to include 18 keypoints, and the labeled file is saved in .json
format, with occluded body joint points excluded. Following the labeling process using the
VaticJS tool, we derived a dataset of 1952 images, each with approximately 35,000 labeled
keypoints. The dataset was segregated into train/validation/test sets, with the test set
being a distinct dataset that featured a single infant.

Table 1. Summary of the self-collected infant dataset.

Num. of Videos FPS Durations Num. of Subjects Ages

Infant-dataset 8 ∼24–25 10 s 8 <15 weeks

2.3. Implementation Details
2.3.1. Loss Function

To guide the network in the right direction, repeating the CMs and PAFs prediction
operations, the loss function is placed at the end of each stage. The loss function of stage t
is the sum of the distances between the prediction and the labeling of both the predicted
CMs and PAFs:

Lt = ∑
c

∑
p

Wc(p) · ∥yc(p)− ỹc(p)∥2
2 (1)

where yc(p) is the groundtruth corresponding to the prediction c, c ∈ [CMs, PAFs]. Ground
truths of yc(p) for confidence maps and part affinity fields are inspired by [18]. Here, we
are faced with the problem of miss-matching labels and incomplete labeling, so to solve
this problem, we will use the loss function in space. Specifically, the use of the binary
mask W(p), this mask will avoid the penalty on true positive predictions. Placing the loss
function helps to maintain and supplement the slope periodically.

W(p) =

{
0 where pixel p is the missed annotation
1 where pixel p is annotated

(2)
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And the overall process object loss function through T stages is:

L =
T

∑
t=1

Lt. (3)

2.3.2. Ground-Truths
Confidence Maps

To compute the loss term Lt as delineated in Equation (1) within the training regimen,
we establish a ground truth for the confidence map J ∗ by leveraging the body joint labels
associated with the 2D data. This process aims to imbue the confidence map with precise
body joint localization information across designated pixels. Specifically, for each human
entity discernible within the image, multiple confidence maps J ∗

m,n are generated, wherein
the ideal manifestation encompasses a solitary confidence peak denoting the corresponding
joint match. If multiple individuals are present within the image frame, the expectation is
for the generation of distinct confidence peaks Pm,n within the confidence maps for each
visible body part m of each person n.

The confidence map J ∗
m,n generated for each person n is constructed such that Pm,n

represents the position of the pixel coinciding with the body joint m of person k in the
image. Subsequently, the value of pixel p in the confidence map is defined as,

J ∗
m,n(p) = exp

(
−

∥∥p − Pm,n
∥∥2

2
σ2

)
(4)

The confidence map adopts the structure of a Gaussian normal distribution, where
σ represents the radius—a coefficient regulating the spread of the Gaussian peak. The
network’s output confidence map is a predictive aggregation of the individual confidence
maps J ∗

m,n via a max operator,

J ∗
m(p) = max

n
J ∗

m,n(p) (5)

The confidence map is synthesized by combining the confidence maps corresponding
to each joint by the above equation. This is implemented by taking the maximum value
when overlaying the gradient circles (confidence maps) on top of each other. In other words,
when the Gaussian distributions corresponding to two joints intersect, we take the value at
point p as max(G1(p), G2(p)).

Part Affinity Fields

In the scenario where two gradient circles of confidence maps intersect, we opt to
compute the maximum value over the union of the two gradient circles instead of averaging.
This approach is warranted as there are still distinct body joints present, and it is imperative
to distinctly discern the two vertices corresponding to the respective confidence maps.

In the amalgamation of identified joints into a cohesive virtual skeletal framework
emblematic of human posture, the intricate task lies in accurately discerning the association
of joints belonging to the same anatomical entity amidst potential misalignments between
joints of distinct individuals. This challenge finds resolution through the employment of
Part Affinity Fields (PAFs). PAF encapsulates essential positional and directional attributes
for each limb, delineating the segment between two successive body joints. The genesis of
PAFs stems from the meticulous analysis of supplementary linking cues between adjacent
body joints, resulting in a finely-grained 2D vector representation for each limb. Within
this representation, each vector is anchored at a pixel denoting a specific limb, collectively
portraying the directional orientation from one joint terminus to the other. Thus, each limb
is meticulously associated with its corresponding PAF map.

Limb c is defined by 2 body joints, m1 and m2, corresponding with ground-truth
position Pm1,n and Pm2,n of person n in the image. Point p is one of the supplementary



Appl. Sci. 2024, 14, 3491 9 of 16

linking cues if it lies on limb c. In this context, the value at the point L∗
c,n(p) denotes the

vector pointing from joint m1 to m2 for a given limb c. All points not associated with limb c
are assigned zero.

L∗
c,n(p) =

{
u⃗ if p lies on limb c, n
0 otherpoint

(6)

Here, vector unit u⃗ of the direct vector of a limb is defined as:

u⃗ = (Pm2,n − Pm1,n)/
∥∥Pm2,n − Pm1,n

∥∥
2 (7)

The set of points situated on the limb is characterized by those points lying within the
defined region bounded by the distance threshold. Specifically, for a given point p, it is
deemed to belong to this set if it satisfies the subsequent condition:

0 ≤ u⃗ · (p − Pm1,n) ≤ lc,n

and ∣∣⃗n · (p − Pm1,n)
∣∣ ≤ σl

Distance thresholds are in pixels, where σl is the width of the limb (ideally the width
should be taken in the smallest width of the limb) and lc,n is the length of the limb (Euclidean
distance of Pm2,n and Pm1,n, n⃗ is the unit vector perpendicular to u⃗). The ground truth for
the part affinity field is constructed by averaging the part affinity fields corresponding to
the limbs of the individuals present in the image,

L∗
c (p) =

1
nu⃗c(p) ∑

n
L∗

c,n(p) (8)

where nu⃗c is the number of u⃗ of limb c at point p across all n people in the image. Given the
study’s objective of estimating the pose of a limited number of objects within the image,
determining the virtual limb can rely solely on the directional vector, representing the
connection between the joints of the limb.

We establish the relationship between joints by computing the integral along the
corresponding PAF (Part Affinity Field) over the segment connecting the joint candidate
positions. Specifically, for the joint candidate positions dj1 and dj1 , we measure the strong
reliability of the relationship between the two joints using the expression:

E =
∫ e=1

e=0
Lc(p(e)) ·

dj1 − dj2∥∥dj1 − dj2

∥∥
2

de (9)

Function p(e) is used to interpolate positions along the line segment connecting two
candidate joint positions. It is a crucial part of computing the confidence in associating
these two positions, 0 ≤ e ≤ 1:

p(e)) = (1 − e)dj1 + edj2 (10)

• When e = 0, p(e) corresponds to the position of the first joint candidate dj1 .
• When e = 1, p(e) corresponds to the position of the first joint candidate dj2 .
• When e between 0 and 1, p(e) represents a point on the line segment connecting the two

joint candidate positions, calculated by linear interpolation between these two positions.

2.3.3. Implementation Settings

We follow the proposal from the bottom-up approach. The detector is used to estimate
the keypoints and the matching link vector fields. COCO val and self-collected infant val
sets are used to evaluate the detection results.
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Data Augmentation. The diversity of data is enhanced with composite augmentation:
hue and saturation change of −30 to 30 out of 255; brightness change of −30 to 30 out of
255; Gaussian noise up to 3% of 255; scaling (−25%, +25%); vertical random flip (50%);
random rotation (−30◦, +30◦). The image size of the input is 368 × 368.

Training. The model is trained on COCO with the CMs supervisor and the PAFs
supervisor. To save on computational costs, the first 12 layers of MobileNet are fixed and
only cpm is trained—stages in which the learning rate is set at 2 times the base learning
rate. The base learning rate and weight decay are set to 4e-5, 5e-4, respectively. With
COCO2017, the batchsize is set to 64, and it is trained with 250 epochs. During the learning
process, Adam [26] with a multi-step learning rate decay is chosen, which drops at epochs
[100, 180, 210]. The learning rate is warmed up with the first 100 epochs, and the learning
rate is reduced with γ = 0.333. The number of homogenous stages is set to 1, so only stage
1 is used to initialize into a homogenous stage for identification and prediction.

Transfer learning. At this phase, the pre-trained model is forward-trained with a
self-collected infant dataset. The parameters of this phase are kept as the training phase,
only changing the batchsize to 4 and the number of epochs to 230.

3. Results
3.1. Evaluation Metrics

We adhere to the evaluation methodologies of the COCO challenge [25], which defines
the object keypoint similarity (OKS) and mean average precision (AP) over ten thresholds as
the evaluation value. The di is the Euclidean distance between each corresponding detected
keypoint and ground truth, s is defined as the square root of the object segment area, and ki
is substantial for different keypoints. The keypoints on a person’s body (shoulders, knees,
hips, etc.) tend to have a much larger value than on a person’s head (eyes, nose, ears). The
OKS is defined as:

OKS =
∑i

[
exp

(
− d2

i
2s2k2

i
· δ(vi > 0)

)]
∑i

[
δ(vi > 0)

] (11)

The number of parameters (params) and computational complexity (GFLOPs) are
used to analyze and evaluate the size and performance of the proposed model. Those
metrics are compared with current methods and their accuracy to clearly see the trade-offs
between performance and accuracy.

3.2. Complexity Analysis

Table 2 compares the average precision between Openpose models. The experimental
setup involved systematically substituting the backbone one at a time and conducting
comparisons to identify the most optimal model, striking a balance between accuracy and
computational efficiency. The first 12 layers of MobileNet-v1 are chosen for the backbone.

Table 2. Component selection from the MobileNet series for feature extractor (model’s build with
2 branch architecture of Openpose CMU).

AP, % GFLOPs

First 6 layers (v1) 37.6 23.3

Dilated first 12 layers (v1) 43.5 27.7

Dilated first 13 layers (v1) 44.7 31.3

First 6 bottle-neck layers (v2) 39.5 27.2

The total number of stages of OpenPose is six, and experiments [13,18] have shown
that the accuracy does not increase significantly from stage 2 to stage 6. This is the basis
for us to be able to omit stages that are homogeneous and obtain the final network with a
structure of only two stages. These two stages have better performances than the six stages
of the OpenPose network because of their deeper design.
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The OpenPose experiment was set up as a reference for block-to-block comparisons in
terms of accuracy/complexity. The input resolution of the network is 368 × 68, which is
the same as the input of the first 10 layers of VGG-19. The results suggest that the precision
of stages 2–6 are homogenized and have slight increases in accuracy (Table 3). Thus, in
terms of insight, we experienced that it is possible to remove a few of the homogenous
stages and increase the depth of the remaining homogenous stages for the same accuracy.

Table 3. Accuracy/complexity of OpenPose through stages on the COCO val dataset.

Block AP% GFLOPs GFLOPs Total

Feature extractor – 40.9 40.9

Stage 1 38.6 2.2 43.1

Homogenous stage 2 53.3 18.6 61.7

Homogenous stage 3 58.1 18.6 80.3

Homogenous stage 4 60.1 18.6 98.9

Homogenous stage 5 61.5 18.6 117.5

Homogenous stage 6 62.6 18.6 136.1

In our proposal, the complexity of the algorithm and the number of parameters of the
proposed algorithm have been reduced, as shown in Table 4. For the proposed method, the
feature extractor (Backbone + Cpm block) is reduced to 4.28 GFLOPs, equivalent to 10.5%,
reduced to 58.2%, with Stage 1 and each homogenous stage block reduced to 18.3%. The
above comparisons are compared with experiments on the OpenPose-2016 [18] method. The
proposed method exhibits a computational complexity of 8.97 GFLOPs and encompasses
approximately 4.09 million parameters. These attributes empower the method with the
capability to execute on edge devices in real-time.

Table 4. Complexity and number of parameters (proposed model).

GFLOPs Params (M)

Block Total Block Total

Backbone 3.72 3.72 1.61 1.61

Cpm block 0.56 4.28 0.27 1.88

Stage1 1.28 5.56 0.6 2.48

Homogenous Stage 2 3.41 8.97 1.61 4.09

The performed comparisons of the proposed method are implemented on the COCO
dataset to evaluate the operation of the method on the adult dataset. The comparison
between SOTAs includes both top-down (object detection) and bottom-up (non-object
detection: OpenPose-2016, OpenPose-2018, and proposed method) approaches.

Pose estimation on COCO. In addition, using the COCO dataset for comparison is
objective because some methods have not been trained on the infant dataset and have low
performance on that dataset (Table 5). The proposed method achieves 64.4 AP on COCO
with an input size of 368 × 368, which is the method with the best performance among
comparing methods with 8.9 GFLOPs. However, the accuracy of the proposed method is
similar to top SOTA methods such as HRNet-W48 [27], Transpose [28], HRFormer-B [29],
TokenPose-L/D24 [30], OpenPose-2018 [13].



Appl. Sci. 2024, 14, 3491 12 of 16

Table 5. Comparisons with SOTA methods on the COCO validation set.

Method Input Size Backbone GFLOPs AP AP0.5 AP0.75 APM APL AR

SimpleBaseline-Res152 [31] 256 × 192 – 15.7 61.9 74.7 68.1 59.1 67.9 66.9

HRNet-W48 [27] 256 × 192 – 16.0 64.6 77.9 70.7 61.5 70.3 69.1

HRNet-W32 [27] 256 × 192 – 7.1 64.0 77.8 70.4 60.9 69.7 68.6

TransPose [28] 256 × 192 HRNET 21.8 65.2 77.5 70.6 61.8 71.2 69.5

HRFormer-B [29] 256 × 192 HRNET 12.2 65.0 78.1 71.2 61.7 71.0 69.5

TokenPose-L/D24 [30] 256 × 192 HRNET 11.0 65.2 77.7 71.0 62.2 71.1 69.5

Openpose-2016 [18] 368 × 368 VGG19 136.1 62.6 88.2 69.5 68.3 72.2 –

Openpose-2018 [13] 368 × 368 VGG19 – 65.3 85.2 71.3 62.2 70.7 –

Proposed model (12 first layers) 368 × 368 MobileNet 8.97 64.4 81.6 72.3 61.1 71.2 69.3

Pose estimation on infant dataset. In Table 6 shows the comparison of our infant
validation set. The proposed method is compared with a representative top-down approach
for AggPose [14] and compared with OpenPose, representative of the bottom-up approach.
The proposed method archives 82.7 AP with an input size of 368 × 368, which is the lowest
complexity method and accuracy ranked only after AggPose-L [14]. The methods were all
pre-trained with COCO data and refined and retrained on the infant data domain.

Table 6. Comparison with the infant test set. Comparison of methods with object detection and
non-object detection (OpenPose CMU, proposed model). The methods compared in this table are
transfer-learning (all weights) and the self-collected infant dataset.

Method Input Size GFLOPs AP AR

AggPose-S [14] 256 ×192 9.0 81.3 82.1

AggPose-L [14] 256 × 192 15.0 83.2 83.9

TokenPose-L/D24 [30] 256 × 192 11.0 81.4 82.3

OpenPose-2016 [18] 368 × 368 136.1 79.0 79.8

Pretrained model 368 × 368 8.97 41.8 46.5

Proposed model 368 ×368 8.97 82.7 85.3

Performance change. First of all, through the experiments of the posture estimation
methods, the accuracy results are low when tested on our infant validation set. This
experiment demonstrates the existence of differences between adult and pediatric data.
And our approach to the infant position estimation problem worked well. For the proposed
method, when pretraining with the COCO dataset, the AP results on the Infant validation
set only reached 41.8% and increased to 82.7%, AP increases ∼2 times after being trained
with the infant dataset (Table 6).

3.3. Visualization Analysis

Qualitative results on the infant set and COCO set are provided in Figures 7 and 8.
Despite the difference in body proportions, the infant dataset is labeled in the COCO
format, so the training process of the proposed method is quite favorable and shows the
relationships between the main points of people well. The proposed method can be used
for multi-person recognition in 2D.
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Figure 7. (a) Original image. (b) Visualization analysis of confidence maps for joint detection.
(c) Visualization of an example of a part affinity field used for linked body parts. (d) Visualization
analysis of the pose estimation with the proposed method on the infant test set.

Figure 8. Visualization analysis of pose estimation with the proposed method on the COCO dataset.

4. Discussion

The findings from the research and experimental endeavors provide valuable insights
into strategies for diminishing the size and intricacy of CNN models. Experiments are
meticulously designed to compare the performance of blocks and layers both before and
after reduction and replication. This comparative analysis enables us to discern perfor-
mance variations and evaluate the effectiveness of each block, thereby facilitating informed
decisions in model design.

As mentioned, the first 12 layers of MobileNet-v1 are used for the backbone, and
Table 2 compares the average precision between Openpose models instead of backbones and
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shows that by using the first 13 layers, MobileNet v1 has the advantage of representations
of best AP but higher operations costs; therefore, we accept the option of the first 12 layers
of MobileNet v1 to achieve a balance between performance and accuracy. Notably, there
exists a substantial contrast in GFLOPs between the initial 12 layers and the subsequent
layers in the MobileNet-v1 model. In response, we have intervened to fine-tune the model
by using a dilated layer, aiming to capture more expansive features effectively. Dilated
layers are helpful in expanding the perception area, broadening the neural network’s
field of view, thereby enhancing its capacity to observe a wider range of input data. This
augmentation facilitates improved recognition of larger objects and offers supplementary
contextual information pertaining to the surroundings of the object in focus [32].

In the experiment evaluating the blocks of the Openpose-2016 model, we systematically
recreated them to precisely assess the performance of each block. Our findings revealed
that stages 2–6 exhibited uniformity with negligible changes in accuracy; these stages shared
identical sizes and were computationally intensive. Notably, [13] acknowledged this issue and
opted to rebalance the number of stages for confidence maps (CMs) and part affinity fields
(PAFs). Their results demonstrated that stages 1 and 2 were particularly effective in yielding
satisfactory outcomes. Hence, in our study, we focused on enhancement by exclusively
utilizing these two stages. In Openpose-2018, the number of stages remained at 6, with each
stage utilized for inference regarding specific segments of the CMs or PAFs results. In our
investigation, we endeavored to utilize two stages, with each stage employed for inference
for both CMs and PAFs. This approach ensures that the results undergo refinement across
two stages, as opposed to just one, thereby potentially enhancing the overall accuracy and
quality of the outputs when reducing the complexity of the model.

Training models using adult datasets have proven advantageous due to the substantial
knowledge transfer from a larger pool of relevant data [17]. Transfer learning serves as a
crucial mechanism for refining the model’s weights to facilitate adaptation with newborns’
smaller joint ratios.

This research still has several limitations. While we have gathered and contributed
data ourselves, the variability in data within consecutive frames of the video remains
limited, posing a significant challenge in capturing the diversity of the infants’ data for
training. Additionally, poses with high complexity are occasionally misinterpreted, a
challenge that could potentially be mitigated by augmenting the dataset with more infant-
specific data. Moreover, the model’s performance tends to degrade in instances where the
infant’s spine axis is not aligned vertically (rotational angle in the data). To address this
issue, we have implemented a strategy where the image data are re-rotated to align the
newborn subject’s spine axis with the vertical direction [33].

5. Conclusions

In this paper, we have introduced a new definition of the single-branch model in the bottom-
up approach and used this method to estimate the infant’s posture by training the model on a
self-collected infant dataset. The proposed method is an improved model based on the model
of the OpenPose-2016 method. The tests showed promising results from the proposed method
with an AP level of 82.7% and computational complexity of 6.6% (8.97 GFLOPs) compared to the
OpenPose-2016 method. The proposed method has a backbone architecture of the first 12 layers
of MobileNet-v1 and uses 1 × 1 and 3 × 3 convolutional layers to minimize the number of
operations and parameters. In addition, the proposed method is not effective with complex
body shape data, a number of overlapping joints, such as supine posture, and complex limbs,
and the proposed method is time-consuming to train. This is due to the fact that the model has
a large depth that slows down the backpropagation process.

With the proposed number of parameters and computational complexity, deploying on
mobile/edge devices to widely disseminate support resources for the needs of infant pose
estimation applications is promising. However, we acknowledge that there is a long way to
go to develop a model for mobile/edge applications that analyze infant movements.
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