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Abstract — In the neonatal intensive care unit (NICU), long-term continuous video-
electroencephalography (VEEG) monitoring is used for diagnosis, prognosis, and
monitoring of neonatal diseases including seizures and other cerebral injury. VEEG
includes both an electrographic component as well as synchronized video, which must
be manually reviewed for interpretation. This is a time-consuming, labor-intensive, and
expensive process which often lags behind real time. While electrographic data are the
principal basis for diagnosis, video provides corroborating evidence both for artifact
detection (e.g., provider examining patient) and physical manifestation of seizures. This
is the first study to focus on neonatal pose estimation in this context. The model’s
performance was systematically evaluated using two independent VEEG datasets from
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Sinai, in addition to publicly available infant datasets. NICUPose demonstrated superior
performance and efficiency compared to generic baseline models for pose estimation,

highlighting its potential as a valuable clinical tool.

Introduction

The movements of neonates in the Neonatal Intensive Care Unit (NICU) provide critical
insights into their neurological status, potential injuries, and future developmental risks.
Abnormal movement patterns, such as those linked to cerebral palsy or seizure
disorders, can serve as early indicators of neurological dysfunction [1][2][3][4][5][6].
Early detection of these patterns is crucial for timely intervention, potentially enabling
treatments like seizure management or early developmental therapies that improve

long-term outcomes.

To facilitate early detection, continuous video-electroencephalography (VEEG) has
become an essential clinical tool for diagnosing and monitoring neurological conditions
in NICU neonates at risk of injury, particularly seizures [7]. Standard neonatal vEEG
combines electrographic data from electrodes placed on the scalp with synchronized
video recordings, offering a comprehensive view of the infant’s neurological state. As
the gold standard for neonatal seizure detection, vVEEG can provide reliable prognostic
information within just 48 hours [8]. However, current clinical practice largely relies on
manual, subjective interpretation of this data. The video component, while crucial, is
underutilized by automated systems and remains essential for human reviewers who

use it to corroborate seizure activity, differentiate between true seizures and physical



handling errors, and perform basic virtual physical assessments [1][2][4][5][6]. While
algorithms exist for the automated detection of seizures [9][10][11], their reliance on
electrographic data alone limits their effectiveness. Incorporating pose estimation
specifically designed for the NICU environment could address this limitation by mirroring
human interpretation of both electrographic and video data. This could streamline the
currently labor-intensive process, enhancing accuracy and efficiency in diagnosing

neonatal neurological conditions.

Despite the potential of deep learning-based pose estimation for automatic video-based
movement assessment, significant challenges remain in adapting these techniques to
the NICU environment. Pose estimation generally involves detecting and linking key
body points—such as the ankles and wrists—to represent an individual’s skeletal
structure. When applied longitudinally, serial pose tracking can offer a detailed
assessment of movement patterns. While the field of pose estimation has advanced
considerably with computer vision technologies, much of the progress has centered
around adult pose estimation [13][14][15][16][17][18][19][20], with more recent
adaptations targeting non-hospitalized newborns [12][21] and, to a limited extent,
hospitalized newborns [22][23][24][25]. However, no existing studies have specifically
tailored pose estimation networks for neonates in the NICU who are undergoing VEEG
monitoring and are at heightened risk of brain injury. This gap underscores the need for

a deeper investigation into the unique challenges posed by the NICU environment.



While previous studies have introduced infant pose datasets and corresponding pose
estimation networks, they have not adequately addressed the unique challenges faced
by NICU newborns undergoing VEEG monitoring. For example, studies utilized infant
images sourced from YouTube or Google Image searches [21], while others focused on
RGB video frames of hospitalized newborns [22][23] or employed depth imaging
techniques [24][25]. These datasets often depict infants in controlled settings, typically
centered in the frame, lying on simple backgrounds such as blankets, and wearing
minimal clothing, like diapers. In contrast, video footage of NICU newborns presents a
far more complex scenario. Factors such as variable camera angles, neonatal
positioning, body occlusion from medical equipment, fluctuating lighting conditions, and
ongoing clinical interventions differ significantly between recordings, and sometimes
even within the same video. These challenges create a highly dynamic and
unpredictable environment for pose estimation, which is explored in detail in the

following sections.

Additionally, prior studies have often overlooked the critical need for robustness and
efficiency in NICU applications. Robustness refers to the network’s ability to handle the
highly variable conditions of the NICU environment, while efficiency refers to the speed
with which newborn poses can be detected in video frames—both of which are essential
for timely clinical interventions. Current infant pose estimation networks, whether
employing top-down [21][22] or bottom-up [23][24][25] approaches, are constrained by

their suboptimal two-stage design, limiting their suitability for use in the NICU.



In this study, we address two critical gaps in NICU newborn pose estimation: the lack of
representative NICU datasets and the absence of an end-to-end pose estimation
network tailored for NICU neonates undergoing vEEG monitoring. To overcome these
challenges, we introduce NICUPose, a novel single-stage, end-to-end network
specifically designed for NICU settings. Our contributions include: (1) the development
of two independent, annotated NICU pose datasets from multicenter vEEG video
recordings, capturing a wide range of neonatal poses and clinical conditions; (2) a
quantitative visual analysis that highlights significant differences between NICU and
non-ICU infant datasets; (3) the design of an end-to-end vision transformer-based
network that achieves superior detection accuracy and speed compared to four state-of-
the-art models; and (4) comprehensive evaluations demonstrating the robustness and
efficiency of NICUPose on real-world NICU data, where it achieved the highest mean
Average Precision (mAP) and fastest inference speed, significantly outperforming

existing methods.

Results

Comparative analysis of visual features in NICU newborns and other infant
contexts

To illustrate the unique and complex visual characteristics of NICU newborns in vEEG
monitoring, we conducted a comparative analysis to differentiate these features from
those observed in other infant contexts. This comparison included NICU newborn in
VEEG (WashU-NICU) [40], hospitalized ICU newborns represented in depth images

(BabyPose) [26], non-hospitalized infants (SyRIP) [21], and synthetic hospitalized



infants (MINI-RGBD) [27], each of which represents public research datasets commonly

used as training sources in recent literature.

We sampled 500 images at a resolution of 640x480 from each dataset to ensure a
diverse representation of infants. We employed DINO [29], a self-supervised learning
approach, to train a Vision Transformer (ViT) [35], a foundational vision network, on four
datasets: WashU-NICU, SyRIP, MINI-RGBD, and BabyPose, with each dataset treated
as a distinct class. The training objective of this self-supervised method was to enable
the network to learn the visual representations of the input data. We then used the
pretrained network for clustering the class features by projecting them into a two-
dimensional space, allowing for the quantification of visual features in the computer

vision representation domain.

We visualized the extracted visual features using the attention heatmap from the
pretrained ViT, shown in Figure 1a. The first attention heatmap highlights the infant
subject, while the second highlights the background, effectively demonstrating the feature
extraction capabilities of this self-supervised method. Next, we applied Uniform Manifold
Approximation and Projection (U-MAP) [36] to project the extracted features from each
class into a 2-D feature space, shown in Figure 1b. Distinct patterns emerged: real infant

datasets, including WashU-NICU and SyRIP, naturally formed discernible and distinct



clusters, while synthetic and depth-image datasets, such as MINI-RGBD and BabyPose,

exhibited more scattered distributions with less unified clustering.

We further identified that contextual elements significantly affect visual representation in
computer vision. Both real RGB datasets feature images with diverse infant instances,
backgrounds, and body poses, while synthetic datasets lack such variation. Both the
WashU-NICU and SyRIP datasets contain diverse and colorful images of infants,
featuring a variety of poses, backgrounds, and clothing. This variability allows the
pretrained network to learn a universal representation of infants, resulting in unified
clusters. In contrast, MINI-RGBD and BabyPose datasets, with limited pose variation and

constant backgrounds, display scattered clustering due to their invariant nature.

This discrepancy in visual features underscores a critical insight: pose estimation
networks trained on datasets that differ from the RGB format used for NICU newborns
exhibit weaker visual understanding of this specific group. As a result, these networks

may produce inaccurate pose estimations when applied to NICU newborn data.
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Figure 1| Visual feature analysis among NICU newborn in VEEG (WashU-NICU), non-
hospitalized infant (SyRIP:), depth-image of ICU hospitalized newborn (BabyPose),
synthetic hospitalized infant (MINI-RGBD). a, Visualization of attention heatmap of pretrain
ViT on NICU newborn and other infant dataset. The first row shows the self-attention heatmap
shows the infant instance. The second row shows the attention heatmap of the background. b,
U-MAP visualization of the visual features in 2-D. The orange dot denotes the projected visual
features of our WashU-NICU newborn, and the blue dot denotes that of SyRIP, the green square
denotes that of MINI-RGBD, the red pentagon denotes that of the Baby Pose

Unique challenges in NICU pose estimation
We identified three primary challenges unique to the NICU setting: occlusion, color

inconsistency, and contextual confusion, as illustrated in Figure 2. These



challenges are rarely present in non-ICU infant datasets but are pervasive in NICU

newborns during EEG monitoring, significantly complicating pose estimation.

Occlusion occurs due to the newborn's various lying positions and the extensive
clinical equipment attached to their bodies. Newborns frequently shift positions during
prolonged EEG monitoring, and camera displacement over time further complicates the
situation. For instance, in Figure 2 (top-left), a newborn lying in a lateral position
obstructs the visibility of certain body parts. Similarly, in Figure 2 (top-right), medical
devices such as electrode caps, blankets, and respiratory support systems further
contribute to occlusion, leading to incomplete visibility of the newborn’s body. As a
result, pose estimation models must be designed to accurately detect visible keypoints,

even when parts of the body are occluded by equipment or the newborn's position.

Color inconsistency arises from the varying illumination conditions typical of the NICU
environment. Overhead lights are turned on and off during examinations and routine
patient care, and lighting can vary depending on the time of day and the specific needs
of the infant. Some patient rooms have windows that allow natural light, while others are
equipped with phototherapy lamps to treat conditions such as hyperbilirubinemia. Some
NICU rooms are kept dark to minimize stimulation in critically ill newborns, requiring the
use of infrared lamps mounted on EEG carts for continued illumination. When infrared
lighting is in use, images are captured in grayscale, as shown in Figure 2 (bottom-left).

This variability in color format, contrast, and lighting conditions presents a significant



challenge for pose estimation models, which must be robust enough to handle these

fluctuations.

Contextual confusion arises from clinician interventions, typically occurring every
three hours or more frequently depending on the newborn’s condition. These
interventions introduce the presence of clinician body parts, such as hands and wrists,
into the frame, complicating the identification of the newborn’s keypoints. An example of
this is shown in Figure 2 (bottom-right), where a clinician's wrists are visible. These
occurrences introduce visual noise into the pose estimation task, as the model must
differentiate between the newborn's keypoints and those of the clinician, which are often

similar in shape and position.




Figure 2 | Visual challenges of NICU newborn in VEEG. The images are sampled from WashU-
NICU dataset with added noise. Newborn lying in lateral position (top-left), body occlusion (top-
right), lights-off environment (bottom-left), and clinician intervention (bottom-left).

NICUPose network architecture

Recognizing the necessity of using real NICU newborn vVEEG RGB data for network
training, we propose NICUPose, a single-stage, end-to-end transformer specifically
designed for pose estimation in NICU newborns. NICUPose takes an input image of a
NICU newborn and directly generates the poses of the newborn. NICUPose consists of
three components, as shown in Figure 3a: a backbone network, a deformable encoder,

and a deformable decoder. The backbone, labeled (1) in Figure 3a, is a pretrained vision

foundation network that extracts multi-scale feature maps from the input image, labeled

@ in Figure 3a. By leveraging these multi-scale features, the network is robust to scale

variations in the input data, capturing both fine-grained and coarse-grained features at
different scales. Scale variance is common in NICU settings, as the camera's position
may shift over time, causing the newborn to appear at varying scales in the video.
Incorporating multi-scale features helps mitigate the impact of these scale variations,

improving pose estimation for NICU newborns.

We adopt the deformable encoder introduced in previous work [37], which is known for
its computationally efficient deformable attention mechanism. The deformable encoder,

labeled (3 in Figure 3b, processes the features extracted by the backbone to generate a

set of encoded keypoint queries. It captures spatial and contextual representations of the

keypoints, enabling the network to identify potential keypoints and refine them for pose



estimation. We chose this deformable encoder design due to its deformable attention unit,
which allows the transformer-based network to fully exploit the multi-scale feature map
while maintaining linear-time computation. This results in higher accuracy and faster
training and inference speeds [16][37][38] compared to traditional scaled-dot product

dense attention mechanisms [39].

The deformable decoder, labeled 4) in Figure 3c, also uses the deformable attention

mechanism to reason about the keypoint features generated by the encoder and estimate
the final pose. It takes randomly generated pose queries and interacts with the keypoint
features to refine these queries into the final predicted poses. This deformable encoder-
decoder architecture allows us to create an end-to-end pose estimation network

optimized for NICU newborns.
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Figure 2 | NICUPose Network Architecture. a, Visualization of NICUPose network. The input
to the network is an image. This image is first processed by the backbone network, labeled with
(D), to generate feature maps at four different scales, labeled with (2). We mark the feature maps
in light blue, yellow, light gray, and beige. Each feature map is fed into the deformable encoder,
labeled with (3), to generate keypoint queries (features). The encoder contains six identical
encoder layers and processes feature maps at each scale in parallel within each layer. The
processed keypoint features from each layer are fed into the next layer iteratively. During the
decoding phase, the three-layer deformable decoder, labeled with (), intakes randomly
generated pose queries. The pose queries first go through a scaled dot-product self-attention and
then through a deformable cross-attention with the refined keypoint queries to formalize the pose.
The output of the last decoder layer is the detected poses, which are in-painted on the original
image. b, The architecture of the deformable encoder, corresponding to (3), consists of six
sequential layers. Each layer includes a deformable self-attention module, residual connection,
layer normalization (Add & Norm), and feed-forward network. The encoder takes multi-scale
features as input and refines them to generate keypoint queries (features) as output. ¢, The
architecture of the deformable decoder, corresponding to (&), consists of three decoder layers.
Each layer includes a self-attention module, residual connection, layer normalization (Add & Norm)
module, deformable cross-attention module, and feed-forward module. The input to the decoder
is a randomly generated pose query, and the output is the predicted poses. d, The visualization
of single-scale deformable attention. For a given feature query p, in a single-scale feature map
F, it attends to four keys (also known as “queries”) in F for sparse attention computation. The
locations of the four keys relative to the feature maps are updated through network training, which
saves computational complexity. The updated keys allow p, to attend only to the most important

and informative keys.

Pose evaluation

We used MS-COCO [42], SyRIP, Mount Sinai NICU [34], and WashU-NICU as
benchmark datasets for pose estimation, as they all follow the same annotation format.
MINI-RGBD and BabyPose were not included in the pose estimation evaluation due to

differences in annotation formats. Specifically, COCO-train2017, consisting of 64,115



human images, and COCO-val2017, consisting of 2,693 human images, were used for
general human pose training and evaluation. SyRIP-val500, consisting of 500 non-
hospitalized infant images was used for zero-shot infant pose evaluation. WashU-NICU-
train350, consisting of 350 NICU newborn images acquired from St. Louis Children’s
Hospital, and WashU-NICU-val150, consisting of 150 newborn images, were used for
NICU newborn pose fine-tuning and evaluation. Mount-Sinai-v200, consisting of 200
NICU newborn images acquired from Mount Sinai Hospital in New York City, was used
for zero-shot evaluation on NICU newborns. Given the large-scale of training data in
COCO, neither the infant dataset nor the NICU newborn datasets are comparable in
terms of the quantity of training samples. Hence, all networks are initially trained on the
COCO-train2017 dataset to ensure networks capturing general human skeleton structure.
We provided an overview of the datasets in Table 1, listing the subject types, number of

training and validation images.

Dataset Subject Train set (number of images) | Validation set (number of images)
MS-COCO Human 64115 2693

SyRIP Non-hospitalized infant NA 500

Mount Sinai NICU (ours) | Critically ill ICU newborn in EEG testing | NA 200

WashU-NICU (ours) Critically ill ICU newborn in EEG testing | 350 150

Table 1| Dataset overview of pose estimation benchmark dataset. The subject, number of
images in training set, and validation set is provided.

In our experiment, we compared NICUPose with four baseline networks, two top-down
approaches, HRNet [17], and HRFormer [19], and two bottom-down approaches,
HrHRNet [19] and DKER [20], across five experiments (see Table 2 to Table 6). Our goal

is to provide comparison between the two-stage methods and our single-stage method



based on two key factors in pose estimation: detection accuracy measured in mAP (the

higher the better), detection speed measured in second/image (the smaller the better).

Pose estimation on human

We evaluated the performance of all networks on COCO-val2017, a standard, large-scale
human pose estimation benchmark, to assess their capabilities in general human pose
estimation. As shown in Table 2, the top-down method, HRNet achieved 74.4 mAP,
HRFormer achieved 75.6 mAP, the bottom-up method, HrHRNet achieved 67.1 mAP,
DEKR achieved 68.0 mAP, and our end-to-end method, NICUPose achieved 70.5 mAP.
NICUPose surpassed the bottom-up while behind the top-down methods in this large-
scale human pose evaluation, indicating a sufficient capability of our end-to-end structure
for a general human pose estimation. This result also reveals a notable performance

difference between top-down and bottom-up methods.

Pose estimation on non-hospitalized infant

Since all networks have the capability for human pose estimation, we evaluated them on
the non-hospitalized infant dataset, SyRIP-val500, to determine whether the domain shift
from adult to infant impacts performance. Interestingly, the domain shift increases
detection accuracy, with all networks achieving over 96 mAP, an approximate 20 mAP
increase, as shown in Table 3. Our NICUPose network achieves 97.8 mAP, the best
performance in non-hospitalized infant pose estimation. This performance boost is
notable given the differences in body size, clothing, and activity levels between adults

and infants [21].



A closer look at the COCO training dataset revealed the inclusion of at least 410 images
featuring children. Additionally, the SyRIP dataset primarily consists of individual infants
occupying a large portion of the image, with simplified backgrounds that make infant
segmentation and pose estimation easier. This reduces the complexity typically found in
general human pose datasets, which feature a wider variety of subjects and environments.
As a result, without any fine-tuning on the non-hospitalized infant dataset, all networks
achieved near-perfect detection accuracy. This suggests that infant pose estimation is
not particularly challenging, as training on general human datasets equips networks to

perform infant pose estimation effectively.

Pose estimation on NICU newborns

We first evaluated the zero-shot performance of networks that were previously trained on
the COCO dataset, applied to WashU-NICU-val150. As discussed earlier, networks
trained on the COCO dataset develop an understanding of poses for adults and non-
hospitalized infants. This zero-shot evaluation assessed the feasibility of applying
networks with non-hospitalized infant pose knowledge to NICU newborns. As shown in
Table 4, all networks failed to detect poses in NICU newborn subjects, with the highest
score being only 2.5 mAP. This outcome supports our observations regarding the visual
feature disparities between non-hospitalized infants and hospitalized ICU newborns. We
conclude that the visual features in these two datasets differ substantially, preventing the
networks from generalizing to NICU newborns when trained on non-hospitalized infant

data.



Next, we fine-tuned all networks on WashU-NICU-train350 dataset to assess the
effectiveness of fine-tuning for NICU newborn pose estimation and to identify
performance distinctions among the networks. As shown in Table 5, all networks showed
significant accuracy improvements: HRNet achieved 75.6 mAP, HRFormer achieved 73.6
mAP HrHRNet achieved 80.8 mAP, DEKR achieved 71.4 mAP, and NICUPose achieved
86.5 mAP. To ensure the effectiveness of top-down networks, we separately finetuned
the detection network required for this method, which resulted in 80.8 mAP. Unlike in
general human pose estimation (as shown in Table 2), our end-to-end method
significantly outperformed the top-down and bottom-up methods, with an average
improvement of 10 mAP. The performance gap between the top-down and bottom-up
methods was smaller compared to human pose estimation. Interestingly, HrHRNet, which
showed the lowest accuracy in human pose estimation, outperformed other two-stage
methods in NICU newborn pose estimation. To further assess the effectiveness and
robustness of the networks, we conducted a zero-shot evaluation on an external NICU

dataset, Mount Sinai NICU-val200.

As shown in Table 6, comparing to the finetuning result on WashU-NICU, NICUPose
achieved the highest 71.4 mAP though this was a decrease of 15.1 mAP from the fine-
tuning results on WashU-NICU. In contrast, the two-stage networks experienced more
substantial performance drops. For the top-down method, HRNet dropped by 17.8 mAP
to 57.8 mAP and HRFormer dropped by 15.7 mAP to 57.9 mAP. For the bottom-up

method, HrHRNet showed a significant drop from 72.8 mAP to 8.0 mAP and DEKR



dropped from 31.1 mAP to 40.3 mAP. This performance drop is expected, as the NICU
environment at Mount Sinai differs from that of WashU-NICU, introducing new variables.
However, NICUPose's relatively smaller performance drop demonstrates its robustness
and adaptability across different NICU environments, whereas the sharp decline in
performance for the two-stage networks highlights their difficulty in adapting to new

environments without additional fine-tuning.

We also evaluated the detection speed of the finetuned networks, as timely results are
equally important. As shown in Table 5, NICUPose achieved the fastest detection speed
at 156 ms per image on WashU-NICU, which is nearly 1.5 times faster than the second
fastest method, HRNet. Specifically, the top-down methods HRNet and HRFormer
achieved 234 ms and 338 ms per image, respectively. The bottom-up methods HrHRNet
and DEKR achieved 490 ms and 314 ms per image, respectively. The efficiency of our
end-to-end network, powered by its deformable attention mechanism, makes it more

computationally efficient than the two-stage methods.

Network Analysis
We concluded that the network architecture design—whether top-down, bottom-up, or

our end-to-end approach—plays a significant role in NICU newborn pose estimation.

In terms of robustness, NICUPose achieves the best detection accuracy in the two NICU

newborn dataset and experienced the least performance drop in zero-shot evaluations



across different these two NICU datasets. The top-down method outperformed the

bottom-up method in both detection accuracy and robustness.

The top-down method is characterized by its two-stage design, consisting of a human
detector followed by a pose estimator. Typically, the upstream detection network isolates
the human region, simplifying the downstream pose estimation task by focusing on
individual keypoints within a narrowed detection area. While this approach reduces the
task of pose estimator, it limits the estimator’s ability to handle challenging conditions
independently—such as those commonly found in NICUs, where medical equipment
causes occlusions, lighting is inconsistent, and the medical environment is visually
complex. Moreover, inaccuracies in the initial detection stage—such as failure to
accurately isolate the newborn in the noisy and complex NICU environment—can
cascade through the network, leading to reduced precision in pose estimation. This lack
of robust design is particularly evident in fine-tuning on NICU newborns, where the top-
down method underperforms compared to its performance in general human pose

estimation.

The bottom-up method, meanwhile, falls behind the top-down method due to its approach
of detecting individual keypoints and subsequently grouping them into distinct poses. This
grouping process is heuristic and prone to errors, especially when keypoints are close
together or occluded, leading to incorrect associations and reduced pose estimation
accuracy. Bottom-up methods also often rely heavily on local image context for keypoint

detection, missing the global context needed to fully understand the pose. This limitation



leads to further inaccuracies, particularly in complex environments such as NICUs. In
these settings, frequent occlusions and “noisy” keypoints introduced by clinicians
exacerbate the challenges. This explains why the bottom-up method falls behind the top-
down method in detection accuracy and zero-shot evaluation. The top-down method
mitigates some of this confusion by first extracting the newborn subject, which helps

reduce deviations in keypoint detection by narrowing the focus to the isolated subject.

Our network, NICUPose, benefits from its end-to-end structure, which avoids the distinct
stages of person detection required in the top-down approach and the keypoint grouping
algorithm required in the bottom-up approach. NICUPose directly generates the final
poses from the input image in a single pass. This is achieved by the encoder-decoder
design in the end-to-end transformer-based network, where the encoder generates
keypoint features and directly interacts with the decoder to transform these features into
poses. This approach allows direct optimization of network components (encoder and
decoder) towards the target, unlike the two-stage methods, where the optimization for
each component is independent. Even in challenging environments like NICUs, this
unified optimization enables NICUPose to adapt to obstacles simultaneously. Moreover,
NICUPose adapts to multi-scale input features, allowing it to capture both local and global
context, which leads to a deeper understanding of the image. As a result, NICUPose
achieves robust performance in NICU newborn pose estimation, with minimal
performance drop in zero-shot evaluations across different NICU datasets. Its
components are already well adapted to the complexities of NICU environments and the

unique anatomical characteristics of newborns.



In terms of efficiency, our end-to-end approach achieved the fastest detection speed in
NICU newborn pose estimation, with the top-down method being the second fastest, and

the bottom-up method being the slowest.

The two-stage design inherently introduces computational overhead, as seen in both the
top-down and bottom-up methods. In the NICU scenario, where typically only one
newborn is present in the image, the top-down method is more efficient than the bottom-
up method, as it scales with the number of newborn instances. Ideally, it only needs to
detect and estimate the pose of a single newborn. However, the bottom-up method is less
scalable, as it must detect all potential keypoints across the entire image and then group

them into poses, regardless of the number of newborns, which slows detection speed.

Our end-to-end network, NICUPose, avoids the heavy, independent computational
components inherent in two-stage methods. The encoder in NICUPose generates a
fixed number of keypoint features rather than searching for potential human regions or
keypoints, making its scalability dependent on the input image size, not the number of
human instances. The core computational unit in our network is a lightweight, sparse
computation unit, ensuring fast training and inference speeds. As a result, NICUPose is
more stable and faster in detection, while the top-down method's efficiency decreases

with more human subjects, and the bottom-up method remains inherently slower.



Dataset (Train/Eval)

COCO-train2017 / COCO-val2017

Approach Method mAP mAP5° mAP"®> mAPM mAPL
Ton-down HRNet 74.4 91.1 82.6 72.1 82.2
P HRFormer 75.6 90.6 82.6 70.0 78.2
2T HrHRNet 67.1 87.1 74.9 63.6 TF2
® DEKR 68.0 88.3 77.7 67.3 78.1
End-to-end NICUPose (0111'5) 70.5 90.4 79.0 65.3 80.5

Table 2 | Pose evaluation on human pose. Networks are trained on trained on the COCO-
train2017 and evaluated on MS-COCO-val2017.

Dataset (Train/Eval)

COCO-train2017 / SyRIP-val500

Approach Method mAP mAP%° mAP"® mAPM mAPT
Too-down HRNet 97.7 98.9 98.8 98.8 100
p-cow HRFormer 96.4 99.0 98.7 100 96.4
Bottom-u HrHRNet 96.2 99.0 98.7 100 96.4
P DEKR 96.2 98.0 97.5 100 96.5
End-to-end NICUPose (ours)  97.8 98.7 98.5 100 97.8

Table 3 | Zero-shot pose evaluation on non-hospitalized infant. Networks are trained on
trained on the COCO-train2017 and evaluated on SyRIP-val500.

Dataset (Train/Eval)

COCO-train2017 / WashU-NICU-val150

Approach Method mAP mAP?® mAP’®> mAPM mAPt
Too-down HRNet 2.29 15.3 0 7.5 3.00
P HRFormer 150 124 0 0 1.60
Bott HrHRNet 2.40 11.3 0 0 2.50
ortom-up DEKR 0 0 0 0 0
End-to-end NICUPose (ours)  2.50 12.3 0 0.50 2.60

Table 4 | Zero-shot pose evaluation on hospitalized ICU newborn. Networks are trained on
trained on the COCO-train2017 and evaluated on WashU-NICU-val150.



Dataset (Finetune/Eval) WashU-NICU-train350 / WashU-NICU-val150

Approach Method mAP mAP? mAP”® mAPM mAPY Time [ms]
Thbedei HRNet 75.6 100 91.7 82.6 74.8 234
k HRFormer 73.6 90.6 82.6 70.0 78.2 338
Bottom-to HrHRNet 80.8 100 97.7 85.0 84.2 490
‘ I DEKR 71.4 88.3 77T 67.3 78.1 314
End-to-end NICUPose (ours)  86.5 100 97.7 85.1 80.4 156

Table 5 | Fine-tuned pose evaluation on hospitalized ICU newborn. Networks are trained on
trained on the COCO-train2017, fine-tuned on WashU-NICU-train350 and evaluated on WashU-
NICU-val150.

Dataset (Finetune/Eval) WashU-NICU-train350 / Mount-Sinai-val200

Approach Method mAP mAP% mAP"™ mAPM mAPL
Ton-down HRNet 57.8 74.0 61.8 100 58.6
P HRFormer 57.9 72.7 59.4 100 58.1
Bottom-u HrHRNet 8.00 19.9 5.50 100 8.20
' P DEKR 40.3 49.7 42.8 100 44.9
End-to-end NICUPose (ours) 714 79.6 76.5 100 74.7

Table 6 | Zero-shot pose evaluation on hospitalized ICU newborn. Networks are trained on
trained on the COCO-train2017, fine-tuned on WashU-NICU-train350 and evaluated on Mount-
Sinai-val200.

Discussion

In this study, we introduced NICUPose, a novel pose estimation network specifically
designed for NICU newborns in EEG studies. We identified three key challenges that
characterize NICU newborns: occlusions, color inconsistency, and contextual confusion.
These challenges are uniqgue and common in the NICU environment but are less
prevalent in datasets used in previous infant pose estimation studies, which often involve

hospitalized or non-hospitalized infants under more controlled conditions.



We also evaluated existing top-down and bottom-up pose estimation networks on both
infant pose datasets and NICU newborn datasets. These evaluations revealed inherent
limitations in their two-stage network designs, which reduced robustness, and slowed
detection efficiency. To address these issues, we enforced NICUPose as an end-to-end,
single-stage pose estimation network. Our goal was to eliminate independent
components in the network, allowing it to be optimized in a single pass, thus improving
both robustness and efficiency. NICUPose utilizes an encoder-decoder architecture

designed to generate final poses directly from the input.

We evaluated NICUPose against existing methods from a comprehensive perspective,
including detection accuracy, detection speed, and robustness. These factors are less
discussed in infant pose estimation studies, which mainly focus on evaluating pose
detection accuracy within a single infant dataset. Our experiments on general human
pose estimation demonstrated that NICUPose is comparable to existing state-of-the-art
networks. In the evaluation of NICU newborn poses, our network achieved the highest
detection accuracy, the fastest detection speed. Moreover, in a zero-shot evaluation on
an external NICU newborn pose dataset, our network experienced the least performance

drop, indicating its robustness.

For future work, we intend to use our network as a semi-automatic labeling tool to
annotate more NICU newborn videos available in St. Louis Children's Hospital. This will
allow us to expand our dataset and further improve our network as more data becomes

available. Additionally, we acknowledge that detecting NICU newborn poses is just the



first step toward utilizing video-EEG data. A potential future direction is to leverage the
detected poses for movement assessment, a task analogous to action recognition in the
field of computer vision. This involves training a network where the input is a sequence
of detected poses, and the output is a description of the movement during that time
interval. Such movement analysis can be used for prognostic purposes, particularly in

assessing neurological diseases often associated with NICU newborns [43][44].

Method

Dataset Overview

Our NICU newborn pose dataset, WashU-NICU, was collected from neonates admitted
to St. Louis Children's Hospital between 2007 and 2011 as part of a prospective video
EEG monitoring study [40]. A total of 69 term neonates (=36 weeks’ gestation at
delivery) with neonatal encephalopathy were enrolled and underwent continuous VEEG
monitoring starting within 48 hours of birth and continuing throughout the duration of
therapeutic hypothermia treatment, resulting in over 500 hours of recorded video. Each
newborn was critically ill, meeting clinical criteria for moderate to severe hypoxic-
ischemic encephalopathy (HIE) based on Eunice Kennedy Shriver National Institute of
Child Health and Human Development guidelines [41] or presenting with suspected or
confirmed clinical seizures. To construct a diverse and representative dataset, we
manually annotated 500 video frames from these recordings, capturing a broad range of

poses, lying positions, lighting conditions, and instances of clinician interventions.



The SyRIP dataset [21] is a publicly available collection of infant RGB images,
comprising 500 real images and 1200 synthetic images, each annotated with 17
keypoints. For our analysis, we utilized only the real infant images, which were sourced
from Google Images and YouTube. These images depict non-hospitalized infants in at-
home environments, often dressed in non-standardized clothing and engaged in self-
entertainment or resting. The dataset primarily represents infants in casual and
uncontrolled settings, which contrasts significantly with the clinical conditions of the

NICU environment.

The MINI-RGBD dataset [27] is a synthetic dataset containing both RGB and depth map
images of hospitalized infants. Each synthetic image is generated using the Skinned
Multi-Infant Linear Model (SMIL) [27], derived from 12 real infants recorded in a
children’s hospital. Each synthetic infant is depicted in a set of 1000 consecutive
frames, primarily in a supine position, with 25 keypoints annotated for each frame.
These images are characterized by minimal movement and feature digitally rendered
backgrounds that vary between infants but remain consistent across individual
sequences. The dataset’s synthetic nature and uniform settings limit its

representativeness of the more complex NICU environments.

The Baby Pose dataset [28] is a public collection of NICU newborn depth-video
recordings, consisting of 16 preterm infants annotated with 12 keypoints. Each neonate
is depicted in a sequence of 1800 consecutive depth images, where pixel intensity

correlates with object distance from the camera—brighter pixels represent closer



objects, while darker pixels indicate greater distances. The inherent grayscale format of
depth images, while suitable for estimating basic body shapes, lacks the detailed
textural and contextual information present in conventional RGB images. As a result,
models trained solely on depth images may struggle to generalize to RGB formats

commonly used in clinical and research settings.

The Mount Sinai NICU, a video-EEG dataset collected at Mount Sinai Hospital in New
York City between February 2021 and December 2022 [34]. The dataset includes
recordings from 115 critically ill NICU infants, totaling 4705 hours of vVEEG data, with 200

images selected for network zero-shot evaluation.

WashU-NICU Dataset Annotation

WashU-NICU dataset originally consisted of unannotated video-EEG files in .avi format
with a resolution of 640 x 320. To create an image dataset, we manually captured
screenshots from these videos. We built a dataset of 500 images sampled from the videos
and split it into 350 images for the training set and 150 images for the validation set.
Although 500 images are smaller in scale compared to existing infant pose datasets
[21][27][28], we have three key reasons for this approach. First, newborns are often at
rest during the long-term monitoring, causing successive video frames to be nearly
identical, so sampling a single representative frame during rest intervals is efficient.
Second, the lack of keypoint annotations in the videos makes manual labeling of large-
scale video frames labor-intensive and time-consuming. Third, our sampled data includes

not only normal images of clear and unobstructed newborns but also more challenging



conditions—such as diverse lying positions, various lighting conditions, occlusions, and
clinician interventions. Thus, we constructed a representative and effective NICU

newborn pose dataset.

We employed LabelMe [45] , an image annotation software, to annotate our dataset
following the COCO keypoint format. The annotations include 2D coordinates of 17
keypoints, each associated with visibility indicators, as well as coordinates for bounding
boxes and segmentation regions proportional to the image’s dimensions. Specifically,
each keypoint is annotated with its x and y coordinates relative to the image
dimensions. The 17 keypoints include nose, left eye, right eye, left ear, right ear, left
shoulder, right shoulder, left elbow, right elbow, left wrist, right wrist, left hip, right hip,
left knee, right knee, left ankle, right ankle. In addition, we use a visibility flag (e.g., 0, 1,
2) for every keypoint. A value of 0 denotes that the keypoint is not visible; 1 denotes that
the keypoint is visible but not clearly discernible, and 2 denotes the keypoint is clearly

visible. One sample image from the WashU-NICU pose dataset is shown in Figure 4.

Figure 4 | Sample image of WashU-NICU pose dataset. The image on the left depicts the
original, unannotated image. The image on the right shows the corresponded labeled image with

poses consisting of 17 keypoints (i.e., nose, left eye, right eye, left ear, right ear, left shoulder,



right shoulder, left elbow, right elbow, left wrist, right wrist, left hip, right hip, left knee, right knee,

left ankle, right ankle).

NICU Network Analysis
Given an input image RY*#>*3 our backbone network extracts the multi-scale feature
maps F; = {Fs,F,, Fs,Fs}. Next, we project multi-scale features F; to a fixed hidden

H W
dimension (i.e., 256) and obtain {F';}>_; € Rz'2**>°. Each map is then transformed into

a one-dimensional vector by flattening its spatial dimensions, producing {F';}¢_; €
RLi*256 where L; = ; X g We concatenate these vectors to form F* € RE*256 where L =
Lz + Ly + Ls + Lg, which serves as input to the deformable encoder. The deformable
encoder containing 6 identical encoder layers iteratively generates the keypoints query
Qx € RY*2%¢_ Finally, N pose queries Q, € R**¢ are randomly initialized as input to the
deformable decoder. Deformable decoder leverages @, and @, and generates N pairs of

poses {P;})., € RV*2K  along with N corresponding confidence scores {S;}*, € [0,1]".

Each pose P; = {(x/,y/ )}j(

_,» represents the 2-D coordinates of the K keypoints in the
image and K denotes the total number of detected keypoints. During the trainining and
evalution phase, we utilize N pairs of predicted pose to campare with M ground truth
newborn poses for loss computation. In the network inference phase, a predefined

threshold 7 (e.g., T = 0.6 ) is used. Predicted poses P; with the confidence scores S;

exceeding this threshold are selected as the final detected poses.

Backbone Network



We adopt Swin transformer [29] as the backbone network and extracts multi-scale feature
: . . W wHx384
maps from its last three stages. We obtain multi-scale feature maps F; € Rs s ,F, €

W_H W_H
R1e*16*7%8 F, € Raz*32°1% from a given image.

Deformable Encoder

The deformable encoder consists of N (e.g., N = 6) stacked encoder layers. Each
encoder layer contains two modules: multi-scale deformable attention (MSDA), and feed
forward network (FFN), as shown in Figure 3c. Given a multi-scale features vector input
F*, the deformable encoder iteratively updates the features through each encoder layer,
ultimately generate keypoint features Q. The deformable attention module serves as the

primary computational unit in both our deformable encoder and decoder.

Deformable Attention

Multi-scale deformable attention enforces each query element to attend only K (e.g., K =
4) sampled keys. Given N query elements, the computational complexity of deformable
attention is O(N X k), where K « N, resulting in a linear computation complexity. This
makes it much more efficient compared to the quadratic complexity (e.g., O(N”2)) of
scaled dot-product attention [39]. This low computational complexity further benefits the
network by enabling the use of multi-scale feature maps. We provide a visualization of

the deformable attention in Figure 3d.

We begin by introducing single-scale deformable attention and then extend to multi-scale

deformable attention. Given a feature map F € R¥*?, let f, be a feature element, where



q denotes the index. We denote p, = (pgx,Pqy) t0 represent 2-D reference point of f, in
F. Then, we denote the equation of the single-scale deformable attention in Equation 1:

K
DeformAttn(f;, p,, F) = Z A WYF(pg + Apgi) (1)
k=1

A fixed number of sampled keys are selected for attention computation. For example, K =
4 denotes that each query element attends to four keys in attention computation, where

k is the index of K. The offset Ap,, denotes the 2-d learnable sampling offset w.r.t to the
reference point p,. The relative location of the sampled keys therefore are p, + Apgy.
The value of the sampled keys in the feature maps is represented by F(p, + Apgx). In

other words, the author in [37] formulate a look-up table retrieval process to locate the

sampled keys in the feature maps. Therefore, only Ap,, needs to be updated, saving
computation complexity. To obtain F(p, + Apgk), bilinear interpolation is used since p, +
Apgiis often a fraction. Furthermore, the attention weight matrix A, uses linear projection
instead of computing dot-product between £, and the sampled point}.§_, F(pq + quk) for

improved training efficiency.

We then extend the single-scale deformable attention to multi-head, single-scale
deformable attention in Equation 2:
Multihead-DefromAttn(fq,pq,F) = Concat(heady, ..., head;) - W° (2)

Where head; = DeformAttn(f;, p., F*), and i index attention head.



Finally, the single-scale deformable attention can be extended to adapt multi-scale
feature by simple modification. Given the multi-scale input F = [F1,...,F'], where F' €
RN*P the multi-scale deformable attention is interpreted in Equation 3.

L K
Multi-Scale DeformAttn(f;, p,, F') = z 2 Agie - WYF (pL + Bpige)  (3)

=1 k=1

The Equation 3 has a new index, [, compared to Equation 2, which denotes the scale
level. In this case, pfl € [0,1]? now is a normalized 2-d reference point for each query
element at scale [ so that p, can be aligned in each scale level. For example, (0,0) and

(1,1) represents top-left and bottom-right location in the feature maps.

Deformable Transformer Decoder

The decoder generates N poses and their confidence score {Pose;}, € RV*Kx2
{Score;}, € [0,1]V, respectively, given N (i.e., N = 300) randomly initialized pose query
Q, € RV*256 | Each P; contains K keypoints coordinates Pose; = {(x{',yl.j)};{:l. The

decoder has a similar architecture to the encoder, except it has an additional self-attention
and a cross-deformable attention module, as shown in Figure 3c. The self-attention

allows the embedded pose query @, to interact with each other, reasoning a pose-to-
pose attention and yielding Q,,. Then, the cross-deformable attention allows @, to extract
multi-scale keypoint features from @, to reason full-body pose, resulting in Q,/ . Instead
of using K = 4 sampling keys as in the deformable encoder, we follow [42] to use K = 17

in the deformable decoder to match the number of detected keypoints required by COCO



format. In this way, every query element in pose query Q, attends 17 sampled keys in Q.

Finally, we obtain the predicted poses {Pose;}; and confidence score {Score;}

through a feed forward network (FFN).

Loss Function

During the training phase, we follow to use the Hungarian algorithm [37] that determines
the unique assignments between the sets of N predicted and n ground-truth poses. We
follow [16] to jointly employ L,loss and Object Keypoint Similarity (OKS) loss for pose

regression. The OKS loss is defined in Equation 4:

K
exp(ll Pose; — Poseg, |I/25%k?) 6(v; > 0
Loks(Posei, Posegt) = z p( d gt / l) i ) 0
j=1

YK, 6(v; > 0)

where || Pose; — Poseg, Il is the Euclidian distance between the predicted pose and the
ground-truth pose, v; is the visibility of the ground-truth keypoint, s is the object scale,
and k; is the per-keypoint constant that controls fall-off. Besides, we also use Focal loss
(L.s) to for the class classfication.
Thereby, we define the overall loss function in Equation 5:

L = A1Loks + AzLy + Legs (5)

where 4; are the loss weights.
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