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 A B S T R A C T

Background and Objective: Monitoring the spontaneous movements of preterm infants is crucial for the early 
detection of potential neuromotor deficits. Recent advances in human pose estimation have made markerless 
video-based methods a valid, non-intrusive, and cost-effective option for analyzing these movements. This 
paper aims to explore the efficacy of video-based markerless techniques in assessing infants’ spontaneous 
movements, with a focus on identifying early signs of developmental abnormalities.
Methods: We conducted a longitudinal study with two acquisition sessions to evaluate the stability and consis-
tency of our video-based analysis over time. Our approach builds on previous methodologies by incorporating 
advanced techniques for feature detection, parameter extraction, feature selection, and classification. Emphasis 
was placed on the interpretability and clinical relevance of the extracted motion parameters.
Results: The results highlight the effectiveness of our approach in identifying subtle changes in infants’ motion 
patterns that may indicate neuromotor deficits. We observed differences in the detection of these deficits across 
the acquisition sessions, with our method achieving a maximum test accuracy of 90%.
Conclusion: Our findings support the potential of markerless video-based analysis as a valuable tool in the 
support of the early detection of neuromotor deficits in preterm infants. The high accuracy and clinical 
relevance of our approach suggest it could play a critical role in early intervention strategies.
1. Introduction

Understanding and analyzing infants’ spontaneous movements play 
a crucial role in the early detection of neuromotor deficits, especially 
in the context of preterm birth [1,2]. Approximately 5%–15% of pre-
mature infants born with a birth weight of less than 1500 g exhibit 
motor alterations, with 25%–50% of them developing cognitive, behav-
ioral, and/or learning deficits [3]. Among the prevalent neurological 
disorders affecting infants, particularly those born prematurely, are 
conditions related to lesions in brain areas controlling movement and 
posture, commonly called Cerebral Palsy (CP) [4].

Despite the challenges, advancements in intensive care techniques 
have increased preterm survival rates in high-income countries [5]. 
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Traditional neurological examinations, including observations of spon-
taneous motor behavior, are typically employed to understand infants’ 
neurological status [6,7]. However, visual analysis methods, such as 
Prechtl’s General Movement Assessment (GMA) [8], though highly 
sensitive (98% sensitivity), are dependent on highly specialized per-
sonnel and may not be feasible for widespread early diagnosis [9,
10]. Moreover, other diagnostic tools like magnetic resonance imag-
ing (86%–89% sensitivity) and the Hammersmith Infant Neurological 
Examination (90% sensitivity), while effective, also have limitations 
in accessibility and ease of use [7]. Given these constraints, there is 
a pressing need for non-intrusive, accessible, and automated methods 
that can assist in the early diagnosis of neuromotor deficits in preterm 
infants.
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Fig. 1. Summary of the pipeline. Starting from the input video (left), the first steps were the detection of the 5 keypoints (i.e., nose, hands and feet) in each 
frame and the temporal filtering. Then, each video was split in time windows and a set of quantitative motion parameters were obtained from each time window. 
These parameters were used for two tasks. (i) Classification: each time window was classified as positive or negative (i.e., with or without neuromotor deficits); 
then, time windows prediction were combined to reach a final video classification. (ii) Feature selection: we highlighted the most influential features in the 
classification process to increase interpretability.
Research into human motion analysis has traditionally relied on 
sophisticated motion capture systems and wearable sensors [11]. How-
ever, recent advancements in computer vision and deep learning have 
facilitated the adoption of less intrusive and cost-effective techniques
[12,13]. Markerless video-based methods have emerged as an attractive 
alternative, offering increased flexibility and natural motion without 
the constraints of physical markers [14,15]. This becomes particularly 
advantageous in the study of infants’ spontaneous movements, where 
the use of marker-based techniques can be cumbersome [10,16].

Our research addresses this need by proposing a comprehensive 
computer-aided methodology aimed at predicting neuromotor disor-
ders directly from video recordings of infants’ spontaneous movements. 
In this domain, non-intrusive video-based methods for infants’ motion 
characterization can adopt classical computer vision algorithms and/or 
recent deep learning approaches. Early attempts, such as those by 
Adde et al. [17,18], Cattani et al. [16], Tacchino et al. [19], and 
Tsuji et al. [20], utilized change detection techniques. Optical flow 
methods, as demonstrated by Stahl et al. [21] and Rahmati et al. [22], 
were used to track body parts to focus the analysis on specific motor 
patterns. All these works reached promising results in the early de-
tection of neuromotor disorders (all of them close to 90% accuracy), 
but highlighting limits dependent on background changes and lighting, 
reducing generalizability.

Progress in the definition and extraction of human pose estimation 
from images leveraging deep learning models [23] allowed for a more 
fine-grained analysis [24], less influenced by the limits of classical 
computer vision algorithms. Pose estimators have been adapted in three 
different works — Reich et al. [25], Chambers et al. [26] and Gao 
et al. [27] - to study and classify GMs directly from the infants’ pose and 
in Ledwoń et al. [28] for determining the infant’s positional asymmetry. 
However, also these algorithms present limitations, mainly due to the 
fact that they lack interpretability and the pose estimators adopted are 
usually tailored for adult poses (e.g., Openpose [29]). To overcome 
this problem, recent efforts have explored RGB-D data, with Hesse 
et al. [30] developing a 3D infant body model, and Moccia et al. [31] 
introducing spatio-temporal features for limb detection using depth 
videos. However, extracting comprehensive infants’ pose information 
from 2D images remains a challenge, also due to a noticeable lack of 
open-source datasets (babyPose [32] and MINI-RGBD [33]).

Our study introduces several novel aspects that distinguish it from 
existing research in the field. Firstly, building on previous consider-
ation presented in [34], we leverage the simplicity and accessibility 
of videos. Secondly, we employ state-of-the-art machine learning and 
2 
computer vision techniques specifically fine-tuned with examples from 
our dataset, underscoring our commitment to leverage modern method-
ologies for robust and accurate analyses. Furthermore, we prioritize 
interpretability as a key aspect of our early diagnosis analysis, by 
incorporating the extraction of quantitative parameters derived from 
clinical practice [10], offering a more comprehensive understanding of 
infants’ motion patterns. These parameters have proven to be crucial in 
refining the automatic early diagnosis process. Fig.  1 summarizes the 
pipeline we propose.

A key aspect of our study is the acquisition of motion patterns at 
distinct time points: 40 weeks of corrected age (CA), or term equivalent 
age (TEA), and 3 months of corrected age (3mCA). This temporal 
dimension enhances our understanding of the development of infants’ 
motion patterns, enabling us to discern changes over time. The longitu-
dinal aspect not only contributes to the reliability of early detection, but 
also allows a deeper exploration of the dynamic nature of neuromotor 
development and of the characteristics (i.e., early detection accuracy 
and interpretability) of our implemented procedure.

Our analysis is based on a dataset acquired at the Giannina Gaslini 
Hospital in Genova (Italy). The dataset includes videos of: (i) 142 
preterm infants (of which 59 have been diagnosed with neuromotor 
deficits) acquired at TEA and (ii) 118 preterm infants (53 with neuro-
motor deficits) acquired at 3mCA. In this dataset, videos of 95 infants 
have been acquired and evaluated at both time points.

2. Dataset and preprocessing

2.1. Dataset

Data acquisition. The data acquisition occurred at two time points: (i) 
term of equivalent age (TEA) and (ii) 3 months of corrected age (3mCA) 
(see Fig.  2). To be eligible for inclusion in the study, infants had to meet 
specific criteria: they had to be preterm, in stable clinical conditions, 
without recent pharmacological sedative treatment or respiratory sup-
port in the preceding 4 weeks, and with birth occurring no later than 
the 33th gestational week.

First acquisition: TEA. We collected videos of spontaneous move-
ment data of 142 preterm infants (59 of them had a clinical diagnosis of 
neuromotor deficits), including 81 females. Globally, the infants were 
born at gestational age of 29.4 ± 2.0 (mean ± standard deviation) 
weeks, with an average weight of 1221.3 ± 319.1 g (mean ± standard 
deviation).

Second acquisition: 3mCA. We collected videos of spontaneous 
movement data of 118 preterm infants (53 of them had a clinical 
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Fig. 2. Acquisition, video evaluations and ground truth timeline.
Table 1
Demographic characteristics (including gestational age (GA) at birth, birth weight, and number of females (F) and 
males (M)) reported globally and separately for each class (infants with and without neuromotor deficits) at both 
term-equivalent age (TEA) and 3 months of corrected age (3mCA). We also report the statistical tests performed and 
the corresponding p-values for the comparisons between infants with and without neuromotor deficits.
 Overall (142) Without (83) With (59) p-value Test  
 
TEA

Sex (F/M) 81/61 48/35 33/26 0.957 Chi-squared  
 GA (weeks) 29.4 ± 2.0 weeks 29.6 ± 2.0 weeks 29.2 ± 2.1 weeks 0.139 Mann–Whitney 
 weight (g) 1221.3 ± 319.1 g 1260.2 ± 330.6 g 1166.6 ± 296.3 g 0.080 t-test  
 Overall (118) Without (65) With (53) p-value Test  
 
3mCA

Sex (F/M) 68/50 39/26 29/24 0.696 Chi-squared  
 GA (weeks) 29.2 ± 2.0 weeks 29.5 ± 2.0 weeks 28.8 ± 2.0 weeks 0.048 t-test  
 weight (g) 1157.6 ± 316.2 g 1209.0 ± 328.1g 1094.7 ± 291.8 g 0.051 t-test  
diagnosis of neuromotor deficits), including 68 females. The infants 
were born at a mean gestational age of 29.2 ± 2.0 (mean ± standard 
deviation) weeks, with an average weight of 1157.6 ± 316.2 g (mean 
± standard deviation).

The demographic characteristics for each class are reported in Table 
1. We performed a statistical analysis to assess whether these character-
istics differed significantly between the two groups. For sex, we applied 
a chi-squared test, which is appropriate for categorical variables. For 
birth weight and gestational age, we first used the Shapiro–Wilk test 
to assess normality; normally distributed variables were compared 
using a t-test, while non-normal variables were analyzed using the 
Mann–Whitney test. All analyses were conducted in Python with the 
scipy library, and statistical significance was set at 𝑝 < 0.05. The 
corresponding results are presented in Table  1. Sex was not associated 
with neuromotor outcome at either acquisition time point, with high p-
values observed at both TEA (𝑝 = 0.975) and 3mCA (𝑝 = 0.696). At TEA, 
neither gestational age (𝑝 = 0.139) nor birth weight (𝑝 = 0.080) reached 
statistical significance. At 3mCA, gestational age (𝑝 = 0.048) and birth 
weight (𝑝 = 0.051) were close to the significance, with gestational age 
slightly below and birth weight slightly above the 𝑝 < 0.05 threshold. 
This trend is reasonable from a clinical perspective, as lower gestational 
age and birth weight are known risk factors for neuromotor impair-
ments, and the reduced 3mCA size may influence the slightly stronger 
effect observed at this time point (118 infants compared to 142 at TEA). 
Overall, these results suggest that while routine demographic variables 
show expected trends, they do not strongly differentiate the two groups. 
95 infants (44 with neuromotor deficits) have been acquired at both 
time points.

The data acquisition setup consisted of a single camera (Canon 
Legria HF R37), recording at 25 frames per second (fps) with a res-
olution of 1080 × 1920 pixels. The camera was securely mounted 
on a stable support positioned above a cradle or a physiotherapy 
treatment table, at a height approximately between 1 and 1.5 m from 
the infant [35]. This setup allowed infants to move freely while facing 
the camera during the recording session. The whole dataset included 
videos with a mean ± standard deviation duration of 9 ± 3 min. To 
ensure the quality and consistency of the dataset, we excluded video 
sequences in which unintentional interventions by operators obscured 
parts of the scene and in which the infants were crying or using the 
pacifier because this can influence their spontaneous movements.

The study and the consent form signed by parents were approved 
by the Giannina Gaslini Hospital Institutional Review Board (protocol 
number: IGGPM01 20/06/2013).
3 
Ground truth (GT). The neuromotor assessment encompassed various 
evaluations and tests [19]. All preterm infants underwent a brain 
Magnetic Resonance Imaging (MRI) assessment at TEA. The standard 
clinical protocol included T1 and T2 anatomical sequences, in order to 
detect acquired or prenatal brain lesions that are associated with risk of 
CP [7,36,37]. In addition, infants participated in a longitudinal clinical 
follow-up, including routine neurological examinations at 0, 3, 9, 12, 
and 24 months of corrected age, followed by a final comprehensive 
assessment at 30 months using the Bayley Scales [38] together with 
a standardized neuromotor examination [6,39]. The ground truth (GT) 
label was defined through an integrated longitudinal clinical evaluation 
(𝐺𝑇 = 1 and 𝐺𝑇 = 0 denote infants with and without neuromo-
tor deficits, respectively). MRI findings at TEA, repeated neurological 
examinations, and the final developmental outcome were jointly con-
sidered by the expert clinical team to determine a single, unified GT 
label for each infant. As a result, no discordant cases between MRI 
findings and clinical follow-up were present. Neuromotor impairments 
were subsequently characterized by severity: major impairments cor-
responded to a diagnosis of Cerebral Palsy (CP), established through 
comprehensive clinical evaluation in conjunction with consistent MRI 
findings, whereas minor impairments referred to infants without CP 
who nonetheless exhibited neuromotor impairment, primarily develop-
mental delay (DD), assessed at three years of age using the Griffiths 
developmental scale [40]. In our cohort, 12 infants were diagnosed 
with CP, while the remaining infants classified as impaired presented 
developmental delay.
Video assessment (VA). Two trained physicians assessed the movement 
of each infant enrolled in the study, at the same time of video acqui-
sition: 𝑉 𝐴 − 𝑇𝐸𝐴 and 𝑉 𝐴 − 3𝑚𝐶𝐴 for the video assessment at TEA 
and 3mCA respectively. These assessments were administered utilizing 
only the video recordings and adhering to the General Movements 
Assessment protocol [8]. Even for expert physicians, identifying abnor-
mal motion patterns at these stages presents challenges and it is more 
complex at TEA with respect to 3mCA. The two experts collaboratively 
determined whether the infant exhibited neuromotor deficits, assigning 
a positive or negative verdict at both acquisition time points indepen-
dently. The two evaluators showed a high level of agreement in their 
GMA assessments. In the few cases (27 videos across both timepoints) 
where their evaluations differed, a third senior clinician reviewed the 
recordings, and the final decision was reached by majority consensus. 
Overall, the observed agreement was 89.6% (233/260 assessments), 
and Cohen’s k was 0.8, reflecting substantial/almost perfect agreement.
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Table 2
Mean error (in pixels) ± standard deviation (SD) for each key-
point computed considering 350 manually labeled ground truth 
images do not used during model training. For each keypoint, 
we also report the error expressed as a mean percentage of the 
infant’s height in pixels (shown in round brackets).
 Keypoints Mean error ± SD in pixels  
 (% of pixels with respect infants height) 
 Nose 7 ± 3 (1.1%)  
 Right hand 8 ± 4 (1.2%)  
 Left hand 8 ± 5 (1.2%)  
 Right foot 9 ± 7 (1.4%)  
 Left foot 11 ± 6 (1.7%)  

Fig. 3. Examples of camera viewpoint and keypoints detection. The keypoints 
actual position is identified with the center of the green dots.

2.2. Infants pose estimation

Our approach to video-based analysis primarily focused on extract-
ing the (𝑥, 𝑦) position on the image plane of significant keypoints from 
each video frame. To achieve this, we leveraged a deep architecture 
specifically designed for semantic features detection (ResNet-50 [41] 
pre-trained on Imagenet [42]), fine-tuning it to identify key landmark 
points on infants’ bodies (i.e., nose, hands and feet). This decision was 
motivated by several factors: firstly, by focusing solely on keypoints 
providing meaningful information regarding infants’ motion, we aimed 
to ensure higher per-point accuracy and greater interpretability of 
results. Secondly, semantic feature detectors typically necessitate a lim-
ited number of annotated examples during the fine-tuning phase [43]. 
Lastly, we were interested in focusing precisely on the movement of 
those 5 body parts because they can reflect the majority . To manually 
label the data (10 randomly selected frames for 200 videos) and to train 
the deep architecture we relied on DeepLabCut (DLC) [43].

Once trained, we employed the model to extract the five landmarks 
from each frame of every video in the dataset. The output of this step 
is the position of each keypoint in the image plane (see Fig.  3) and 
the confidence the keypoint has been detected correctly (𝑥𝑡𝑘, 𝑦𝑡𝑘, 𝑐𝑡𝑘)𝑇𝑡=0, 
where 𝑘 represents the specific keypoint (nose, left hand, right hand, 
left foot and right foot), (𝑥𝑡𝑘, 𝑦𝑡𝑘) denotes the position of the 𝑘th point in 
the 𝑡th frame, and 𝑐𝑡𝑘, ranging from 0 to 1, represents the corresponding 
confidence. Upon obtaining image coordinates for the keypoints in each 
frame, we proceeded with a filtering step to enhance stability across 
time and reduce localization errors, as described in [34]. 
Pose-estimation error analysis. Pose-estimation error analysis. The ac-
curacy of keypoint detection was initially evaluated in our previous 
study on infant motion analysis [15], where the same DeepLabCut ar-
chitecture was trained on a subset of the present data and demonstrated 
reliable performance. Since the current model was retrained using an 
expanded set of annotated images, we performed an additional ad hoc 
assessment on an independent test set of 350 manually labeled frames 
not used during the training of the pose estimation architecture. For 
each anatomical keypoint, we computed the mean pixel error between 
predicted and ground-truth locations (see Table  2). This analysis con-
firmed that the extended model maintains comparable accuracy to the 
4 
Fig. 4. Examples of time windows 𝑇𝑊  and overlap 𝑂. In this case, just as 
an example to better understand the meaning of 𝑇𝑊  and 𝑂, we set 𝑇𝑊 = 10
and 𝑂 = 5.

results reported in [15], with no substantial degradation in detection 
quality despite increased dataset variability.

3. Data analysis

3.1. Motion parameters

Starting from the filtered signals describing the temporal evolution 
of each keypoint position, we derived quantitative parameters charac-
terizing infants’ motion patterns in the image plane. Our decision to 
operate within the image plane, rather than the real-world domain, 
aimed to underscore the video analysis potential without introducing 
additional complexities, such as multiple view acquisitions and camera 
calibration. As the duration of the videos varied and since we aimed to 
characterize spontaneous movements localized in time, we segmented 
the video clips into temporal windows (𝑇𝑊 ) and computed motion 
features for each time window within every video. To minimize in-
formation loss and augment the number of time windows per video, 
we introduced an overlap 𝑂 between consecutive time windows (as 
illustrated in Fig.  4). We set 𝑇𝑊 = 500 (correspondent to time windows 
of 20 s) and 𝑂 = 400 (16 s) [34].

For each time window, starting from the filtered 2D keypoints 
coordinates i.e., the (𝑥, 𝑦) positions of the five landmark points in 
the image plane, we computed 156 quantitative parameters describing 
spontaneous movements, categorized into general and specific motor 
parameters.

General motor parameters (𝑃𝑔). We derived general motor parameters 
following the methodology implemented in [44]. Within each window 
𝑇𝑊 , we extracted 125 features (here referred to as 𝑃𝑔) - 25 parameters 
per detected keypoint (i.e., 5 keypoints {nose, right hand, left hand, 
right foot, left foot} ∗ 25 = 125) - divided into spatio-temporal kine-
matic parameters and parameters in the frequency domain. Kinematic 
parameters encompassed total path length of the keypoint motion, 
keypoints’ speed, acceleration and jerk, along with their respective 
statistical descriptors (i.e., mean, maximum, minimum, median and 
standard deviation). In the frequency domain, we computed the power 
spectral density of the position, the speed and the acceleration of each 
keypoint, and derived entropy, peak magnitude, sum of the spectrum 
and spectral half-point.

Specific motor parameters (𝑃𝑠). Specific motor parameters were com-
puted to capture symmetric behaviors, variability, smoothness and 
complexity of motion [10,45]. These 32 parameters were derived from 
qualitative assessments commonly employed by physicians in evaluat-
ing infants’ spontaneous motor activity, translating into quantitative 
descriptors. A subset of these specific motor parameters were already 
adopted in other works [10,34]:
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• Cross-Correlation. Pearson correlation coefficient between the 
speed and the acceleration of left and right hand and of left 
and right foot. It provides an indication of motion variability 
and coordination symmetry between left and right parts of the 
body [10].

• Skewness. Fisher–Pearson coefficient of skewness for the speed 
profile of each keypoint [46]. It provides an indication of smooth-
ness and symmetry [10].

• Area out of moving average (AMA). It is the area of the region 
between the trajectory over time of a keypoint coordinate (𝑥 and 
𝑦) and its moving average. For each keypoint, the values for 𝑥
and 𝑦 coordinates are summed [10]. Additionally, we considered 
the area out of the standard deviation of the moving average 
(ASTDMA), i.e., the area between the trajectory of a point’s 
coordinate and its moving average ± its standard deviation. These 
parameters reflect the smoothness [10].

• Periodicity. It quantifies the number of intersections between a 
landmark point coordinate and its temporal average. For a given 
keypoint, the periodicity of the 𝑥 and 𝑦 coordinates are summed 
together [10]. It is an indirect measure of motion complexity.

In this work, we added new parameters that, although they are 
utilized in clinical practice [7,47], for the best of our knowledge, they 
have never been all extracted using computer-aided techniques:

• Hands and feet mid-line crossing. It is the number of times that a 
keypoint (right hand, left hand, right foot and left foot) cross the 
mid-line of the body. This parameter evaluates the symmetry and 
complexity of the motion [47,48]. This parameter is also develop-
mentally meaningful, as midline crossing movements become part 
of the infant motor repertoire by 3mCA, which is reflected in the 
higher feature relevance observed at this later age. Although the 
coordinated use of both hands at the midline typically emerges 
around 4 months of age, infants at 3mCA already show move-
ments increasingly oriented towards the midline and the upper 
limbs acting in front of the body.

• Hands and feet crossing. These 2 parameters represent the num-
ber of times the hands and feet cross each other. They are com-
puted considering the sign of the difference between the 𝑥 co-
ordinates of the left and right limbs (e.g., 𝑥𝑙𝑒𝑓 𝑡 ℎ𝑎𝑛𝑑 − 𝑥𝑟𝑖𝑔ℎ𝑡 ℎ𝑎𝑛𝑑). 
It provides insights into the symmetry and complexity of motor 
activities [47].

• High frequency head movements. For each time window 𝑇𝑊 , this 
parameter indicates the number of times the following condition 
is verified:
√

(𝑥𝑡 − 𝑥𝑡+5)2 + (𝑦𝑡 − 𝑦𝑡+5)2 > 𝜏

where (𝑥𝑡, 𝑦𝑡) and (𝑥𝑡+5, 𝑦𝑡+5) are the nose coordinates at frame 
𝑡 and frame 𝑡 + 5 and 𝜏 = 20 pixels. We set 𝜏 equal to the 75th 
quartile of the empirical distribution of the computed distances in 
the image plane. This parameter gives insights into variability of 
infants’ spontaneous motion patterns. In fact, higher complexity 
and variability may indicate a broader range of motor activities 
and exploratory behaviors exhibited by infants [49,50].

In summary, we derived a 156-dimensional feature vector:
𝑃 𝑡𝑜𝑡𝑛𝑖 = 𝑐𝑜𝑛𝑐𝑎𝑡(𝑃𝑔𝑛𝑖 , 𝑃 𝑠

𝑛
𝑖 )

with 𝑖 indicating the 𝑖th infant and 𝑛 spanning the total number of time 
windows for each 𝑖th video.

To ensure consistency across infants’ body sizes and camera-to-
acquisition plane distances, for each infant, we normalized every spatial 
parameter with respect to the infant height in the image plane (ex-
pressed in pixels). Furthermore, we normalize each parameter in the 
interval [0, 1] following a minimum–maximum approach.
5 
3.2. Classification

We utilized the computed parameters 𝑃 𝑡𝑜𝑡𝑛𝑖  for training and evalu-
ating two binary classifiers aimed at distinguishing between video clips 
containing the presence or the absence of neuromotor deficits. To select 
the most appropriate classifier, we started from the considerations high-
lighted in [34], and we considered: (1) Random forest (RF) and (2) an 
architecture based on Long Short-Term Memory (LSTM) implemented 
partially following the consideration done by [44] (two hidden layers 
with 64 units each and a last dense layer). Although we focused on 
these two models, we also experimented with other classifiers (e.g., 
Support Vector Machines and fully connected Neural Networks), which 
yielded comparable results not reported here.

We computed the accuracy of our analysis on a test set that we did 
not consider for training and validation. We initially divided our dataset 
into training and test sets. We considered 20 videos as test set (10 for 
each recording time) and, notably, we ensured that the same 10 infants 
(comprising 5 with and 5 without neuromotor deficits) were present 
in both acquisition time instances. This approach aimed to maintain 
consistency and integrity in evaluating classifier performance across 
different acquisition times. The dataset partitioning was performed at 
the infant level. All time windows belonging to the same infant were 
assigned entirely to a single set (training, validation, or test) and were 
never shared across sets. The infants included in the test set were never 
used during training or validation, ensuring full independence between 
data subsets.

For model validation, we employed a 5-fold cross-validation tech-
nique grouped by infant on the training set. During each fold, the 
dataset was divided into five subsets, with each subset serving as a 
validation set once while the remaining four subsets were used for 
training. This process was repeated five times, ensuring that windows 
from the same infant never appeared in different folds. Following 
cross-validation, we selected the hyperparameters that maximized val-
idation accuracy and trained the model on the entire training set. 
This approach enabled us to obtain a more robust and generalized 
model configuration. The finalized model was subsequently evaluated 
on the held-out test set to assess performance in predicting neuromotor 
deficits across different acquisition times while ensuring robustness and 
generalization.

During training and validation, a label 𝐿 was assigned for each 𝑛th 
time window 𝑇𝑊  corresponding to the label of the 𝑖th video indicating 
the absence (𝐿𝑛

𝑖 = 0) or the presence (𝐿𝑛
𝑖 = 1) of abnormal motion 

patterns. In the same way during test, a prediction indicating either the 
absence or the presence of abnormal motion patterns was generated for 
each time window (𝑃𝑟𝑒𝑑𝑇𝑊 𝑛

𝑖 ). Then, to evaluate the accuracy of the 
pipeline in correctly recognizing infants with neuromotor deficits, for 
each 𝑖th video (infant), we computed the percentage of time windows 
where abnormal motion patterns were detected (TWAP). The 𝑖th infant 
is classified as positive (with neuromotor deficit) if

𝑇𝑊 𝐴𝑃𝑖 = (1∕𝑁𝑖) ∗
𝑁𝑖
∑

𝑛=1
𝑃𝑟𝑒𝑑𝑇𝑊 𝑛

𝑖 > 𝑡ℎ𝑟

with 𝑁𝑖 representing the total number of time windows for the 𝑖th 
video. The threshold 𝑡ℎ𝑟 is a relevant parameter of the method, in 
Session 4 we discuss the results we obtain for different 𝑡ℎ𝑟 values.

To assess the classifiers’ predictive efficacy, we calculated the mean 
accuracy, sensitivity (i.e., the proportion of correctly identified infants 
with neuromotor deficits relative to the 𝐺𝑇 ), and specificity (i.e., the 
proportion of correctly identified infants without neuromotor deficits 
relative to the 𝐺𝑇 ). In addition, we reported the corresponding 95% 
Wilson confidence intervals (CI), the full confusion matrix including 
true positives, true negatives, false positives, and false negatives, as 
well as the area under the receiver operating characteristic curve 
(AUC). The classification process was performed separately for the two 
time points (TEA and 3mCA).
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3.3. Assessment of classifier independence from demographic covariates

To assess whether the classifier provides predictive value inde-
pendently of demographic covariates, we fitted multivariable logistic 
regression models for each age-specific dataset (TEA and 3mCA). Logis-
tic regression was used to model the binary outcome. For each dataset, 
two models were estimated:

• Base Model with covariate only
Outcome = 𝛽0 + 𝛽1 ⋅ GA + 𝛽2 ⋅Weight + 𝛽3 ⋅ Sex

• Full Model containing the covariate and the classifier score
Outcome = 𝛽0 + 𝛽1 ⋅GA+ 𝛽2 ⋅Weight+ 𝛽3 ⋅Sex+ 𝛽4 ⋅Classifier Score

where the classifier score corresponds to the percentage of windows 
classified as abnormal. Because two classification models were eval-
uated (LSTM and RF), the Full Model was fitted separately for each 
classifier. The classifier’s independent contribution was quantified by 
examining the statistical significance of its coefficient in the Full Model 
after adjusting for gestational age, birth weight, and sex. Discriminative 
performance was additionally evaluated by comparing the AUC of the 
Base and Full Models. Associations between the classifier score and 
demographic variables were assessed to evaluate potential confound-
ing. Spearman’s rank correlation was used for continuous variables 
(GA, weight), while differences for sex were evaluated using the Mann–
Whitney U test. To quantify the strength of this association, the effect 
size r was computed as 𝑟 = 𝑍

√

𝑁
 where Z is the standardized test statistic, 

and 𝑁 is the sample size. Given the limited sample size of the indepen-
dent test set, statistical inference and multivariable modeling were not 
appropriate. Instead, the added predictive value of the classifier on the 
test set was assessed by fitting logistic regression models on the test 
data and comparing the AUC with and without the classifier’s scores, 
providing a direct evaluation of predictive improvement.

3.4. Features importance

To discern the most influential features in the classification pro-
cess and to increase the interpretability of our pipeline, we employed 
two distinct algorithms: Minimum Redundancy Maximum Relevance 
(MRMR) [51] and Relief [52]. We opted for these algorithms, neglect-
ing, for instance, the inherent parameter selection process of random 
forests, because they offer complementary approaches to feature se-
lection, aiding in the identification of discriminative features while 
mitigating redundancy. The MRMR algorithm [51] highlights features 
that exhibit high relevance to the target variable (ground truth) while 
minimizing redundancy among selected features. Features with high 
relevance and low redundancy are prioritized. In contrast, the Relief 
algorithm [52] assesses feature importance by estimating the ability 
of individual features to distinguish between different classes. It ac-
complishes this by iteratively sampling instances and updating feature 
weights based on their ability to correctly classify neighboring instances 
of the same and different classes.

4. Results

4.1. Infants classification

Firstly, the accuracy of various classifiers in distinguishing between 
infants with and without neuromotor deficits was assessed. As high-
lighted in Section 3.2, we adopted Random Forests (RF) and a Long 
Short-Term Memory (LSTM) architecture.

To evaluate the classifiers, our dataset was divided into training and 
test sets. We treated the two acquisition sessions separately, performing 
the classification and evaluation steps for TEA and 3mCA indepen-
dently. The infants used to test the classifiers were randomly selected 
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Table 3
Validation and test accuracy on the time windows (𝑃𝑟𝑒𝑑𝑇𝑊 ) of Random 
Forest (RF) and Long Short-Term Memory (LSTM) for infants at Term of 
Equivalent Age (TEA) and at 3 months of Corrected Age (3mCA). For the 
validation accuracy, we report the mean and the standard deviation (in round 
brackets) obtained from the 5 folds.
 𝑃𝑟𝑒𝑑𝑇𝑊  TEA 𝑃𝑟𝑒𝑑𝑇𝑊  3mCA
 Validation Test Validation Test  
 RF 62.9% (5.5%) 64.5% 65.9% (2.8%) 66.3% 
 LSTM 64.2% (9.2%) 66.4% 65.2% (6.1%) 67.1% 

among those that had the recording at both time points, considering 
the same 10 infants in both acquisitions. This strategy ensured a 
robust evaluation across different acquisition session and allowed to 
highlight changes in the classification accuracy and sensitivity. A 5-
fold cross-validation methodology was employed on the training set 
to evaluate model performance. This iterative process facilitated the 
identification of optimal hyperparameters, enhancing model robustness 
and generalization.

Table  3 reports the validation and test accuracy obtained when 
performing classification at the time-window level (𝑃𝑟𝑒𝑑𝑇𝑊 ) using 
RF and LSTM models at both TEA and 3mCA. Overall, both classi-
fiers achieved comparable performance across acquisition times, with 
slightly higher accuracies observed at 3mCA. Validation accuracies 
were consistent with test results, indicating limited overfitting and 
good generalization. At TEA, LSTM achieved marginally higher test 
accuracy than RF (66.4% vs. 64.5%), while at 3mCA both models 
showed similar performance, with LSTM reaching the highest test 
accuracy (67.1%). The relatively low standard deviations across the five 
validation folds suggest stable performance across different training 
subsets, particularly at 3mCA.

Then, we examined the role of the threshold 𝑡ℎ𝑟, a critical parameter 
influencing classification accuracy and clinical relevance. Because the 
dataset includes infants with minor impairments and since few sign 
of abnormal movement could be present, we change the threshold 𝑡ℎ𝑟
between 0.2 and 0.5. In fact, abnormal motion patterns may only be 
visible for a short time less than half of the video. The results obtained 
are reported in Table  4. As we can notice, at TEA, both models achieved 
moderate classification performance, with accuracies ranging from 70% 
to 90% depending on the decision threshold, reflecting the intrinsic 
difficulty of neuromotor assessment at this early developmental stage. 
At 3mCA, performance was slightly higher overall, with both classifiers 
reaching maximum accuracies of 90% and perfect sensitivity (100%) 
at lower thresholds, suggesting improved discriminative capability as 
motor patterns mature. As expected, given the limited test sample 
size, Wilson confidence intervals were relatively wide; nevertheless, 
the observed trends indicate a modest improvement in performance at 
3mCA, further supported by higher AUC values (up to 0.93) compared 
to TEA.

To further analyze model performance with respect to impairment 
severity, we examined the clinical profiles of all infants in the test set, 
which included two infants diagnosed with Cerebral Palsy (CP) and 
the remaining impaired infants presenting developmental delay (DD). 
Across all experiments and decision thresholds, both CP infants were 
consistently and correctly classified at both acquisition time points. 
All misclassified cases belonged exclusively to the DD subgroup, in-
dicating that classification errors occurred only among infants with 
milder impairments. This pattern suggests that the proposed models 
are particularly sensitive to the more pronounced motor abnormalities 
characteristic of CP, while the subtler and more heterogeneous mani-
festations associated with developmental delay represent the primary 
source of residual misclassification.
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Table 4
We highlight the test accuracy, sensitivity and specificity and the correspondent 95% Wilson Confidence Interval (CI)on the whole video 
classification task (𝑇𝑊 𝐴𝑃 ) considering different threshold 𝑡ℎ𝑟 values for 10 test videos. We report also the complete confusion matrix 
with True Positive (TP), False Positive (FP), True Negative (TN) and False Negative (FN) and the value of the area under the receiver 
operating characteristic curve (AUC). RF: Random Forest; LSTM: Long Short-Term Memory; TEA: Term of Equivalent Age; 3mCA: 3 months 
of Corrected Age.
 TEA 3mCA

 𝑡ℎ𝑟 = 0.5 𝑡ℎ𝑟 = 0.4 𝑡ℎ𝑟 = 0.3 𝑡ℎ𝑟 = 0.2 𝑡ℎ𝑟 = 0.5 𝑡ℎ𝑟 = 0.4 𝑡ℎ𝑟 = 0.3 𝑡ℎ𝑟 = 0.2  
 

LSTM

Accuracy 70% 80% 80% 70% 70% 80% 90% 80%  
 Wilson CI [39–89]% [49–94]% [49–94]% [39–89]% [39–89]% [49–94]% [60–98]% [49–94]%  
 Sensitivity 60% 80% 80% 80% 60% 80% 100% 100%  
 Wilson CI [23–88]% [38–96]% [38–96]% [38–96]% [23–88]% [38–96]% [57–100]% [57–100]% 
 Specificity 80% 80% 80% 60% 80% 80% 80% 60%  
 Wilson CI [38–96]% [38–96]% [38–96]% [23–88]% [38–96]% [38–96]% [38–96]% [23–88]%  
 TP 3 4 4 4 3 4 5 5  
 FP 1 1 1 2 1 1 1 2  
 TN 4 4 4 3 4 4 4 3  
 FN 2 1 1 1 2 1 0 0  
 AUC 72% 78% 78% 74% 74% 80% 90% 86%  
 

RF

Accuracy 70% 80% 90% 80% 90% 80% 90% 80%  
 Wilson CI [39–89]% [49–94]% [60–98]% [49–94]% [60–98]% [49–94]% [60–98]% [49–94]%  
 Sensitivity 60% 80% 100% 100% 80% 80% 100% 100%  
 Wilson CI [23–88]% [38–96]% [57–100]% [57–100]% [38–96]% [38–96]% [57–100]% [57–100]% 
 Specificity 80% 80% 80% 60% 100% 80% 80% 60%  
 Wilson CI [38–96]% [38–96]% [38–96]% [23–88]% [57–100]% [38–96]% [38–96]% [23–88]%  
 TP 3 4 5 5 4 4 5 5  
 FP 1 1 1 2 0 1 1 2  
 TN 4 4 4 3 5 4 4 3  
 FN 2 1 0 0 1 1 0 0  
 AUC 75% 82% 90% 85% 92% 86% 93% 88%  
4.2. Assessment of classifier independence from demographic covariates

No significant differences in gestational age, birth weight, or sex 
were observed between infants with and without neuromotor deficits 
at TEA. At 3mCA, gestational age differed significantly between groups 
(𝑝 = 0.048), while birth weight showed a borderline, non-significant 
difference (𝑝 = 0.051); sex remained non-significant at both time points. 
To more rigorously evaluate the potential influence of demographic 
characteristics, we conducted multivariable logistic regression analyses 
on the whole dataset. These models of covariate data, which included 
gestational age, birth weight, and sex did not identify any demographic 
variable as a significant predictor of the outcome (all 𝑝 > 0.25). The 
discriminative performance of the covariate-only model was limited 
in both age-specific cohorts, with AUCs of approximately 0.6 (0.58 at 
TEA and 0.6 at 3mCA), indicating that routine demographic variables 
alone were insufficient to reliably distinguish infants with and with-
out deficits. Adding the classifier score substantially improved model 
performance in both cohorts. For the LSTM classifier, the score was 
a significant independent predictor (𝑝 < 0.001 in both age groups) 
and the AUC increased to 0.80 at TEA and 0.83 at 3mCA. A similar 
pattern was observed for the RF classifier; the classifier score remained 
significant (𝑝 = 0.001 at 3mCA and 𝑝 = 0.0006 at TEA), and model 
performance increased to AUC 0.98 in both age groups. Across classi-
fiers and age groups, the classifier scores consistently emerged as the 
strongest independent predictor. Across cohorts, the classifier score had 
weak correlations with demographic variables. At 3mCA, no significant 
associations were observed with birth weight (𝜌 = −0.097, 𝑝 = 0.297), 
gestational age (𝜌 = −0.017, 𝑝 = 0.851), or sex (𝜌 = 0.139, 𝑝 = 0.131) 
when considering the LSTM model. For the RF classifier, correlations 
with birth weight (𝜌 = −0.154, 𝑝 = 0.096) and sex (𝜌 = 0.103, 𝑝 = 0.265) 
were again non-significant, while gestational age showed a small but 
significant association (𝜌 = −0.225, 𝑝 = 0.014). At TEA, no associations 
were observed with the classifier score and any demographic covariate 
for either model: birth weight (𝜌 = −0.046, 𝑝 = 0.591 for LSTM; 𝜌 =
−0.074, 𝑝 = 0.382 for RF), gestational age (𝜌 = −0.050, 𝑝 = 0.548 for 
LSTM; 𝜌 = −0.104, 𝑝 = 0.217 for RF) and sex (𝜌 = 0.028, 𝑝 = 0.74 for 
LSTM; 𝜌 = 0.008, 𝑝 = 0.925 for RF). Overall, these findings indicate 
that the classifier output is not strongly driven by routine demographic 
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characteristics. Finally, we evaluate the predictive performance on 
the independent test set of ten infants. The demographic-only model 
achieved an AUC of 0.6. Adding the classifier score improved predictive 
performance: the LSTM-based model reached an AUC of 0.84 at both 
ages, while the RF-based model achieved an AUC of 0.92 at 3mCA 
and 1.00 at TEA. Although statistical inference was not performed 
due to the small sample size, the consistent improvement in AUC 
indicates that the classifier contributes meaningful predictive value be-
yond demographic covariates. Our analysis indicates that the classifiers’ 
output is independent from routine demographic variables, suggesting 
that it does not merely encode demographic risk factors traditionally 
associated with neuromotor outcomes. Rather, it captures aspects of 
spontaneous motor behavior that provide information beyond basic 
standard clinical variables.

4.3. Features importance

Regarding feature importance, we leveraged MRMR and Relief al-
gorithms to highlight the role of each parameter in the classification 
process. We summed the weights derived from both methods for each 
parameter and we normalized all the weights in the interval [0, 1]. In 
Table  5 we report the first 10 most important parameters obtained 
considering the 95 infants acquired at both time points. As we can 
notice, the parameters considered in the feature selection procedure are 
different between TEA and 3mCA. In general, those considered more 
important in distinguishing between normal and abnormal motion pat-
terns at 3mCA are related to specific motion parameters (e.g., quantity 
of motion and mid-line crossing), while at TEA are more represented 
by general motion parameters (e.g., speed and acceleration).

5. Discussion and conclusion

Our study contributes to the growing body of work on the auto-
mated analysis of infants’ spontaneous movements using markerless 
video-based techniques. The slightly improved performance observed 
in the second acquisition session (3mCA) suggests that the proposed 
pipeline is able to extract features that are increasingly informative for 
classifying motion patterns associated with neuromotor development. 
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Table 5
Relevant parameters that guided the classification between in-
fants with and without neuromotor deficits for both acquisition 
instances (TEA and 3mCA) focusing only on the 95 infants 
acquired at both time points. Abbreviations: nose (N), right 
hand (RH), left hand (LH), right foot (RF), left foot (LF). The 
parameters in italics are those introduced with this work.
 TEA 3mCA  
 Minimum acceleration (LH) Mid-line crossing (RF)  
 Maximum jerk (N) Mid-line crossing (LH)  
 Minimum jerk (LF) Spectral half-point  
 acceleration (RH)  
 Minimum jerk (LH) Spectral half-point  
 acceleration (RF)  
 Minimum jerk (RF) Mid-line crossing (RH)  
 Minimum speed (LF) Hands speed  
 cross-correlation  
 Minimum jerk (N) Periodicity (N)  
 Maximum jerk (RH) Hands crossing  
 Minimum acceleration (LF) Feet crossing  
 Minimum acceleration (N) Speed spectral entropy (N) 

This trend is consistent with clinical practice, as abnormal movement 
patterns are generally easier to identify at 3mCA than at TEA, reflecting 
the progressive organization of motor behavior as infants mature. Com-
paring our results to the state-of-the-art, we highlight advancements 
in the classification of neuromotor deficits and in the identification 
of meaningful parameters, increasing the interpretability of the whole 
process. Compared to [34], we highlight similar performance in the 
classification of TEA infants, while extending the analysis through a 
longitudinal design that explicitly evaluates consistency across devel-
opmental stages. Notably, our results highlight that parameters related 
to movement symmetry and complexity (such as midline-crossing fea-
tures) become increasingly informative at 3mCA, in agreement with 
established developmental milestones. Furthermore, severity-specific 
analysis revealed that all Cerebral Palsy cases included in the test set 
were consistently identified across experiments, with misclassifications 
limited to infants presenting milder developmental delay, suggesting 
a higher sensitivity of the proposed approach to more pronounced 
neuromotor impairments. Together, these findings support the clinical 
relevance of the proposed pipeline and its potential for early screening 
and longitudinal monitoring of neuromotor development.

Future research involves further refinement of the classification 
process, particularly in delineating distinct classes based on the severity 
and nature of the neuromotor impairments, as well as extending data 
acquisition towards real at-home or mobile recording scenarios to 
enhance ecological validity and facilitate broader clinical applicabil-
ity. Moreover, future studies will overcome the current limitation of 
having a single-center, single-camera dataset by performing external 
validation across multiple sites and using different acquisition devices, 
by including different mobile platforms, to evaluate the robustness and 
generalizability of the proposed methodology under diverse recording 
conditions such as varying lighting, clothing, and backgrounds. In 
addition, expanding the cohort of infants diagnosed with Cerebral 
Palsy represents an important priority for future data acquisition. Al-
though CP cases were consistently identified in the current study, 
their limited number restricts the possibility of performing balanced, 
severity-specific analyses or developing multi-class classification mod-
els. Future work will therefore focus on collecting a larger and more 
clinically diverse sample of CP infants, in collaboration with multiple 
neonatal follow-up centers, to better capture the heterogeneity of CP 
phenotypes and motor manifestations. Such an expanded dataset will 
enable more robust modeling of impairment severity, support the de-
velopment of multi-class classification frameworks distinguishing CP 
from developmental delay, and allow for stronger validation of the 
system’s ability to characterize neuromotor outcomes across different 
levels of severity. In conclusion, our study represents a significant step 
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forward in the automated analysis of infants’ spontaneous movements, 
offering a promising approach for early detection and intervention of 
neuromotor deficits. Through continued innovation and collaboration, 
we can strive towards more effective and generalizable tools to help 
clinicians in assessing and promoting infants’ neuromotor development, 
ultimately improving long-term outcomes for children.
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