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 a b s t r a c t

Accurate 2D swimmer pose estimation in underwater environments remains a challenging task due to optical 
distortions, dynamic occlusions, and the highly multi-scale nature of anatomical landmarks. Conventional eval-
uation metrics adopted from generic computer vision benchmarks are often inadequate to characterise the func-
tional reliability required in sports biomechanics, particularly when small and fast-moving joints are involved.
 This work proposes a problem-orientated evaluation framework for underwater swimmer pose estimation, 
applied to seven deep learning model configurations differing in training data composition, pre-processing strate-
gies, and parameter optimisation. Beyond the indicators based on standard confusion-matrix, a dual assessment 
strategy is introduced, combining strict anatomical tolerance thresholds with a continuous tolerance-Normalised 
Localisation Accuracy (NLA). Keypoint-specific tolerances are derived from the spatial extent of each anatomical 
region, allowing scale-consistent evaluation throughout the kinematic chain.
 Experimental results show a pronounced performance gradient from core body segments to distal extremities, 
highlighting the limitations of binary metrics for small joints. Models trained on heterogeneous raw datasets 
achieve the best overall performance (Global Performance Index = 78.69), demonstrating superior robustness 
and generalisation.
 Comparative analysis reveals that binary tolerance-based metrics are overly punitive for distal landmarks 
and tend to obscure the true localisation capability of the models. The proposed continuous NLA provides a 
more informative representation of spatial uncertainty and measurement quality. These findings emphasise the 
importance of problem-related, scale-aware evaluation metrics and confirm data diversity as a more effective 
driver of robustness than aggressive pre-processing in underwater swimmer pose estimation.

1.  Introduction

Human Pose Estimation (HPE) from monocular RGB images has be-
come a central challenge in computer vision, enabled by deep neural 
networks and supported by large annotated datasets. Modern 2D hu-
man pose estimators that achieve a “good enough” accuracy in specific 
tasks are routinely applied in human-computer interaction, surveillance, 
healthcare, and sports biomechanics [1,2]. In recent years, convolu-
tional architectures and multi-stage refinement models have substan-
tially improved the robustness of 2D pose estimation. Representative 
examples include the classic OpenPose and its Part Affinity Fields for-
mulation for multi-person pose in challenging scenes [3], and detection-
based pipelines derived from general-purpose object detectors such as 
YOLO [4]. More recent are solutions such as the ViTPose family, which 
propose an approach based on the transformer architecture applied to 
computer vision [5], adding flexibility and scalability to pose detection 
solutions. Markerless HPE offers a non-invasive way to capture kine-
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matic data, enabling the assessment of peak performance and technique 
without the limitations of wearable biomechanical sensors.

Several challenge factors can reduce the reliability of markerless 
tracking and HPE, particularly in aquatic environments. Visual data can 
be hidden or distorted by water turbulence, bubbles, and complex light 
refraction at the air-water interface, leading to high uncertainty in key-
point estimation [6–8].

In complex movements, human keypoints are often hidden by the 
athlete’s own body or by swimming pool equipment [9], and in addi-
tion the dynamic lighting and “cluttered” backgrounds common in high-
performance settings can confuse Deep Learning (DL) models during the 
crucial pixel-to-keypoint mapping process [10].

Several works have addressed aquatic sports to improve detection. 
Some explored architectures based on stroke-type conditioning [11], 
while others investigated pose estimation in surveillance-like scenar-
ios at pool borders [12]. Dedicated frameworks have also been intro-
duced, using fully convolutional neural networks adapted to the visual
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characteristics of submerged athletes [13].
These methods usually form the backbone of many downstream sys-

tems, including sports analytics frameworks that extract kinematic infor-
mation from picture or video recordings. Their evaluation is still largely 
driven by generic computer vision benchmarks, such as the MPII Hu-
man Pose and COCO keypoints datasets, where acquisition conditions, 
visibility patterns, and error budgets differ significantly from those en-
countered in underwater sports applications [14,15].

Standard classification metrics derived from the confusion matrix, 
such as Accuracy, Precision, Recall, or the F1/Dice Score, are effective 
for characterising the model’s ability to detect presences or handle oc-
clusions. Detections are classified into the four disjoint categories that 
characterise the confusion matrix:

• TP (True Positives): Correctly predicted positive cases;
• FP (False Positives): Incorrectly predicted as positive (Type I error);
• TN (True Negatives): Correctly predicted negative cases;
• FN (False Negatives): Incorrectly predicted as negative (Type II er-
ror).

Then, counting each single case and result given by a model, it is 
possible to evaluate these quality measures:

• 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁

This measures overall correctness 
and is evaluated as the 
proportion of correct predictions 
out of all predictions. However, 
accuracy can be misleading with 
imbalanced datasets.

• 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃

It measures how reliable your 
positive predictions are.

• 
𝑅𝑒𝑐𝑎𝑙𝑙 = 𝑇𝑃

𝑇𝑃+𝐹𝑁

It measures completeness or 
sensitivity and high recall means 
that the system is catching most 
positive cases.

• 𝐷𝑖𝑐𝑒 𝑆𝑐𝑜𝑟𝑒 =
2⋅𝑇𝑃

2⋅𝑇𝑃+𝐹𝑃+𝐹𝑁

This is the harmonic mean of 
precision and recall, combining 
and balancing both into one 
metric.

These metrics help characterise the model used, for example, in the 
following cases:

• Detecting whether a keypoint is visible or occluded (binary);
• Classifying the action or pose category;
• Detecting whether a person is present before estimating their pose.
This can be done in a generic context, but the specific case of un-

derwater swimmer analysis, acquisition conditions, visibility patterns, 
and error budgets differ significantly from terrestrial scenarios. Under-
water visual sensing introduces specific degradations: light propagation 
is governed by wavelength-dependent absorption and scattering which, 
together with non-uniform lighting, reduce contrast and signal-to-noise 
ratio [16]. Although image enhancement methods and generative ap-
proaches have been proposed to restore useful content [17,18], pose 
estimation in the underwater context of a swimmer’s pose from a sub-
merged side view raises unique challenges:

• Side-view Occlusions: Due to the lateral camera position, keypoints 
on the swimmer’s contralateral side are frequently occluded by the 
body itself;

• Air-Water Interface: some keypoints exit the water during the 
stroke recovery phase, becoming invisible or heavily distorted by 
refraction (e.g. finger and foot tips);

• Environmental Noise: The presence of air bubbles and turbulence 
can obstruct the view of keypoints or create false positives;

• Dynamic Constraints: The high speed of distal joints (hands, feet) 
combined with their small apparent size makes precise localisation 
difficult compared to the torso;

• Non-canonical Views: In the swimming pose analysis we are con-
sidering, the body is always in a lateral horizontal view, which is 
quite unusual for the general purpose training made in pose detec-
tion models.

This complex scenario suggests that swimming pose estimation is 
a hybrid problem, lying between pure classification (determining if a 
keypoint is visible or not) and regression (identifying the coordinates of 
visible keypoints).

Considering the problem in its regression aspect, when it is necessary 
to predict continuous coordinates (x, y, and sometimes z) for keypoints 
like joints, generally different metrics are used:

• PCK (Percentage of Correct Keypoints): A keypoint is considered 
“correct” if it falls within a normalised distance threshold from the 
ground truth;

• OKS (Object Keypoint Similarity): It accounts for keypoint visibility 
and applies per-keypoint standard deviations.

• MPJPE (Mean Per Joint Position Error): The average Euclidean dis-
tance between predicted and ground truth keypoints, measured in 
millimetres or pixels for each frame, and then averaged.

• PA-MPJPE (Procrustes-aligned MPJPE): MPJPE after aligning the 
predicted pose to ground truth using rotation, translation, and some-
times scaling;

• PCKh (Normalised PCK): measures the percentage of predicted key-
points that fall within a certain distance (threshold) of the ground-
truth location [19].

The distance is typically normalised by a specific body measurement 
to account for variations in person size and viewpoint in the images. 
Such kinds of transformation usually consider the person’s bounding 
box size (e.g. the diagonal of the box [19]), or by head size (usually the 
distance between eyes). There is no difference in normalisation of dif-
ferent size keypoints. Furthermore, when thresholds are used, they are 
common and of a given size, so the detection of a key point is considered 
“correct” if the prediction falls within the area of interest (e.g. 20% of 
the size of the bounding box relative to the reference data).

Going further, the Scale Consistency Score (SCS) [20,21] is an eval-
uation metric specifically designed in this research for multi-scale sce-
narios, related to the core objective of the problem, but it is not a single 
universal standardisation metric. On the other hand, Average Precision 
(AP) evaluates model performance from the perspective of an anatom-
ical structure of the body. It reflects the fine granularity the detection 
difficulty of different joints and the capability of the model, but does 
not take into account the “relevance” of a given error when compared 
to the characteristic size of the keypoint.

These kind of regression metrics are effective to compare general-
purpose models, and provide compact accuracy indicators that aggre-
gate performance over all joints and images, but in the swimming sports 
context it is important to quantify the spatial precision of the prediction 
and not mask the specific failure modes. Moreover, it is relevant for hu-
man pose analysis in sports applications to distinguish between a slight 
inaccuracy and a gross error, considering the different functional impor-
tance of each anatomical segment.

Despite this progress, the definition of evaluation metrics that re-
flect the needs of sports biomechanics remains an open issue. In par-
ticular, the assessment of swim-technique depends on how accurately 
each anatomical landmark is localised relative to its specific spatial ex-
tent, whether predictions remain stable over time, and how the model 
behaves in the presence of legitimate occlusions.

The proposed study addresses these issues through a methodological 
evaluation of the 2D underwater swimmer pose estimation. Seven model 
configurations are analysed and compared, differing in the dataset com-
position for the training phase, the background subtraction strategy, and 
parameter optimisation. To overcome the limitations of standard met-
rics, a custom evaluation pipeline is introduced. This pipeline refers to 
ground-truth annotations of 17 anatomical keypoints, keypoint-specific 
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Fig. 1. Schematic of the 17 anatomical keypoints annotated for the swimmer 
pose estimation task.

tolerance thresholds derived from their spatial extent, and explicit visi-
bility masks. This research aims to provide quantitative support to select 
a training strategy and allows a direct comparison between traditional 
and metric sensitive evaluation approaches to the functional tolerance 
of swimmer biomechanics.

2.  Materials and methods

2.1.  Dataset and anatomical annotation protocol

The experimental dataset consists of underwater video sequences of 
competitive athletes acquired in a swimming pool environment. Lateral 
cameras were positioned to capture the entire stroke cycle. The footage 
includes freestyle, breaststroke, and butterfly trials, recorded under 
comparable illumination and acquisition settings. Individual video se-
quences corresponding to a single swimmer and stroke condition were 
processed as separate recordings. The dataset used for model develop-
ment comprises recordings of 20 unique competitive swimmers, each 
contributing multiple underwater video sequences across the different 
stroke types.

For each recording, a subset of frames was manually annotated with 
2D image coordinates of 𝑁 = 17 anatomical landmarks. The annotation 
protocol defines a central head landmark and symmetric pairs on the 
upper and lower extremities: shoulder, elbow, wrist, hand, hip, knee, 
ankle, and feet, both for the left and right side (Fig. 1).

All underwater video sequences used in this work were collected 
specifically for this study. Ground-truth annotations were produced 
manually using a custom point-and-click GUI tool to support consistent 
and accurate labelling. Landmarks that are outside the field of view, 
heavily occluded, or not reliably visible were explicitly flagged as miss-
ing.

Fig. 2 shows a representative frame extracted from the underwater 
acquisition dataset, with 13 of the 17 annotated anatomical keypoints 
used in this study.

Each annotation file contains one row per landmark and frame, 
which contains horizontal and vertical pixel coordinates, while land-
marks that are outside the field of view, heavily occluded, or not reliably 
visible are explicitly flagged as missing. These annotations are excluded 
from localisation error computations, but are essential for evaluating 
the visibility classification performance (True/False Negatives).

To assess intra-annotator consistency, the same operator was asked 
to repeatedly annotate the pelvic keypoint on a representative under-
water frame using the custom GUI. Over 20 repeated clicks, the radial 
distance of the annotations from their mean position showed an average 
value of 2.8 px with a standard deviation of 1.5 px, indicating that the 
variability of manual labelling is limited to a few pixels and markedly 
smaller than the keypoint-specific tolerance radii used in the subsequent 
analysis.

2.2.  Pose estimation model configurations

To investigate the efficacy of the proposed metric, seven models were 
implemented using a hybrid ensemble that combines two state-of-the-
art convolutional HPE solutions. Ultralytics YOLOv8 was used for the 
detection of the main body keypoints, while Google Mediapipe v0.10.7 
was used to complement the detection of hand and foot tips. To test the 
metric under different conditions, the models were trained using varying 
combinations of athletes, swimming styles, and sizes of the training and 
test datasets, as well as training hyperparameters such as the number of 
epochs and the learning-rate schedule. These differences intentionally 
produced a variety of performance levels, allowing for a meaningful as-
sessment of the behaviour of the proposed measure. The configurations 
are defined as follows:

• Model 1: Trained on a heterogeneous dataset of underwater videos 
featuring three strokes (freestyle, breaststroke, butterfly). The total 
training set consists of approximately 8.800 frames.

• Model 2: Trained on a restricted subset of underwater videos con-
taining only freestyle sequences. The dataset consists of 8.000 frames.

• Model 3: Trained on freestyle-only videos. The total number of 
frames used is 14.000 frames.

• Model 4: Uses the same training data as Model 3, but with optimised 
hyper-parameters to improve convergence.

• Model 5: Trained on the same training frames used for Model 4, but 
processed with a medium-level background subtraction algorithm to 
remove static noise (e.g. tiles, lane ropes).

• Model 6: Uses the same pre-processed videos as Model 5, combined 
with the optimised parameter settings of Model 4.

• Model 7: Builds upon Model 6 by applying regularisation techniques 
(e.g. early stopping, data augmentation) to mitigate overfitting ob-
served in the most data-rich configurations.

Pose estimation models were applied in offline batch mode, pro-
cessing individual frames as independent static images rather than con-
tinuous video streams. Real-time performance was not required in this 
study and therefore inference speed (FPS) was not systematically char-
acterised. All HPE models and the MATLAB scripts used to compute the 
performance metrics were executed on the same workstation with the 
following configuration: CPU: Intel Core i7-11700 (64 GB RAM); GPU: 
2× Nvidia RTX 3090 (24 GB VRAM each); OS: Linux Ubuntu 22.04 LTS 
(64-bit) with Nvidia drivers 550.163.01.

All models produce a prediction file with the same structure of 
ground-truth annotations, containing the 2D coordinates of all land-
marks or a missing entry NaN NaN when no prediction is generated.

The composition of training and testing datasets was managed using 
K-fold cross-validation with an 80/20 split. For each model, the frames 
used for training and testing were drawn from the subset of recordings 
specifically assigned to that configuration, so the corresponding training 
and test sets contained images taken from the same athletes.

For the comparative analysis reported in Results and Discussion ses-
sion, all performance metrics are computed on an additional test se-
quence acquired from a swimmer who is not included in the training 
datasets of the analysed models. This evaluation strategy reduces the 
risk of overfitting to individual body shapes while keeping the training 
protocol focused on the effect of underwater image quality, distortions, 
and pre-processing choices.
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Fig. 2. Representative underwater frame with 13 of the 17 anatomical keypoints.

Since each anatomical landmark covers different areas of the image 
and has a specific functional role, applying a uniform spatial tolerance 
is inappropriate. To address this, a representative frame was selected to 
calibrate a characteristic circular Region of Interest (RoI) for each key-
point. Assuming that the circular area 𝐴𝑖 (in 𝑝𝑥2) encloses the anatom-
ical feature, a specific tolerance parameter can be defined for the key-
point i as the radius of the circular RoI and can be derived as:

𝑟𝑖 =
√

𝐴𝑖
𝜋

(1)

This formulation (𝑟𝑖 ∝
√

𝐴𝑖) establishes a relation between the ad-
missible localisation error and the apparent size of the anatomical re-
gion (Fig. 3): larger segments (e.g. hips) allow for larger deviations, 
while smaller and localised elements (such as wrists or hand tips) re-
quire tighter tolerance.

2.3.  Frame-wise categorisation and continuous localisation measure

For every model, ground-truth (GT) annotations and predicted coor-
dinates are compared frame-by-frame: where a landmark is not visible, 
it is treated as negative for that keypoint, whereas a frame with a valid 
annotation is considered positive.

Each keypoint and frame are assigned to one of four elementary cat-
egories:

• True Negative (TN): keypoint is not annotated (not visible), and no 
prediction is produced;

• False Positive (FP): keypoint is not annotated, but the model predicts 
a coordinate;

• False Negative (FN): keypoint is annotated (visible), but no predic-
tion is produced;

• True Positive (TP): keypoint is annotated, and a prediction is avail-
able.

To provide a strict assessment of detection validity, consistent with 
anatomical constraints, the percentage of True Positives in Tolerance 
was computed. In this binary classification, a predicted keypoint is con-
sidered valid (1) only if its Euclidean distance 𝑑𝑖,𝑓  from the ground truth 
lies strictly within the radius 𝑟𝑖, and otherwise invalid (0) .

𝑉 𝑎𝑙𝑖𝑑𝑖,𝑓 =

{

1 if 𝑑𝑖,𝑓 ≤ 𝑟𝑖
0 if 𝑑𝑖,𝑓 > 𝑟𝑖

(2)

This metric corresponds to a PCK evaluation with a strict anatomical ap-
proach. However, explicitly excluding predictions located just outside 
the threshold (e.g. 𝑑 = 1.01 ⋅ 𝑟𝑖) fails to differentiate between a slightly 
inaccurate detection and a gross localisation error. To address this limi-
tation, a continuous scoring metric is subsequently introduced. For True 
Positive cases, the localisation quality is quantified using the Euclidean 
distance 𝑑𝑖,𝑓  between the predicted 𝐩𝑖,𝑓  and ground-truth 𝐠𝑖,𝑓  coordi-
nates. To derive a bounded quality metric suitable for aggregation, we 
define the NLA based on a normalised and saturated error. First, the er-
ror is normalised by the keypoint-specific radius 𝑟𝑖 and saturated at a 
threshold 1:

𝑒sat𝑖,𝑓 = min
(𝑑𝑖,𝑓

3𝑟𝑖
, 1
)

(3)

The saturation threshold at 3𝑟𝑖 is introduced to define a biomechan-
ically meaningful upper bound. Since 𝑟𝑖 approximates the characteristic 
spatial extent of the anatomical region, an error exceeding three times 
this radius indicates that the predicted keypoint is no longer spatially 
compatible with the underlying anatomical structure. In such cases, the 
localisation becomes functionally unusable for joint-angle computation 
and downstream biomechanical parameter extraction. The factor 3 was 
selected as a conservative limit based on expert consultation, who iden-
tified this deviation as beyond acceptable tolerance for technique as-
sessment. Errors larger than this threshold are therefore saturated in 
the score in order to prevent a disproportionate influence of gross out-
liers on the aggregate metric (Fig. 4). The continuous NLA 𝑆𝑖,𝑓  (inside 
the range [0, 100]) is then computed as a linear mapping of the saturated 
error:

𝑆𝑖,𝑓 = 100 ⋅
(

1 − 𝑒sat𝑖,𝑓

)

(4)

According to this definition, a perfect location (𝑑 = 0) yields a score of 
100, while a localisation at the tolerance limit (𝑑 = 𝑟𝑖) yields 66.7, and 
any error exceeding 3𝑟𝑖 yields a score of 0.

2.4.  Performance metrics and aggregate indices

To evaluate the reliability of the model from a biomechanical per-
spective, raw detection results are converted to standardised perfor-
mance metrics. All spatial metrics are normalised to keypoint-specific 
tolerances: localisation errors are scaled by the radius 𝑟𝑖 ∝

√

𝐴𝑖, ensur-
ing that a spatial deviation on a small joint (e.g. wrist) is penalised more 
heavily than an equivalent pixel error on a large segment (e.g. hip). Four 
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Fig. 3. Keypoints vs detection area sizes (𝑝𝑥2).

Fig. 4. Linear progression of the error till the (3𝑟𝑖) threshold.

complementary indices (scaled 0 − 100, where 100 represents optimal 
performance) are defined to characterise behaviour at specific anatomi-
cal keypoints and to compute the Global Performance Index (GPI) visu-
alised in radar charts:

• Normalized Localisation Accuracy (𝑆𝑎𝑐𝑐): Represents the posi-
tional accuracy of correctly detected keypoints. It corresponds to the 
mean continuous score computed over all True Positive instances. A 
value of 100 implies perfect overlap with the ground truth.

• Detection Sensitivity (𝑆𝑠𝑒𝑛𝑠): Measures the ability to correctly iden-
tify a landmark when it is visible. It is defined as the complement of 
the 𝐹𝑁 :

𝑆𝑠𝑒𝑛𝑠 = 100 − 𝐹𝑁%
|𝐺𝑇𝑝𝑜𝑠 (5)

High sensitivity corresponds to a low False Negative rate (𝐹𝑁%).
• Rejection Specificity (𝑆𝑠𝑝𝑒𝑐): Quantifies the reliability in handling 
occlusions and out-of-view keypoints. It is defined as the comple-
ment of the 𝐹𝑃 :

𝑆𝑠𝑝𝑒𝑐 = 100 − 𝐹𝑃%
|𝐺𝑇𝑛𝑒𝑔 (6)

High specificity corresponds to a low False Positive rate (𝐹𝑃%), in-
dicating robustness against hallucinations.

For completeness, three standard pose-estimation metrics commonly 
used in the literature were also computed on the independent test se-
quence adopted in this study: MPJPE, PCK and OKS.

Formally, let 𝑑𝑖,𝑓  denote the Euclidean distance between predicted 
and ground-truth coordinates for keypoint 𝑖 in frame 𝑓 , and let  be 
the set of all keypoint–frame pairs for which both ground truth and 
prediction are available:

 = {(𝑖, 𝑓 ) ∶ 𝐠𝑖,𝑓  and 𝐩𝑖,𝑓  are both defined}.
The Mean Per Joint Position Error (MPJPE) is defined as:

MPJPE = 1
||

∑

(𝑖,𝑓 )∈
𝑑𝑖,𝑓 . (7)

For PCK, let 𝐷𝑓  denote the diagonal of the ground-truth bounding 
box enclosing all visible keypoints in frame 𝑓 , and let the correctness 
threshold be 𝜏𝑓 = 0.2𝐷𝑓 . The PCK score is then given by:

PCK = 100 ⋅

∑

(𝑖,𝑓 )∈
𝕀
(

𝑑𝑖,𝑓 ≤ 𝜏𝑓
)

∑

(𝑖,𝑓 )∈
1

, (8)

where 𝕀(⋅) is the indicator function.
For OKS, let 𝐴𝑓  be the area of the ground-truth bounding box in 

frame 𝑓 , 𝑠𝑓 =
√

𝐴𝑓  a scale factor, and 𝜅𝑖 a fixed tolerance factor for 
keypoint 𝑖. The frame-wise OKS is defined as:

OKS𝑓 = 1
|𝑓 |

∑

𝑖∈𝑓

exp

(

−
𝑑2𝑖,𝑓

2 (𝑠𝑓𝜅𝑖)2

)

, (9)

where 𝑓 = {𝑖 ∶ (𝑖, 𝑓 ) ∈ }, and the overall OKS is obtained by averag-
ing over all frames where at least one keypoint is visible:

OKS = 1
|OKS|

∑

𝑓∈OKS

OKS𝑓 . (10)
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Fig. 5. Percentage of true positives within anatomical tolerance (𝑇𝑃𝑖𝑛%) across all keypoints.

These metrics are then used in the Results section to provide a direct 
comparison between the proposed NLA-based indices and commonly 
adopted evaluation criteria.

3.  Results

The proposed metrics were applied to compare the seven model con-
figurations with the common test set. Results are organised to highlight, 
first, the per-keypoint localisation capability and, second, the distribu-
tion of detection outcomes conditioned on landmark visibility.

3.1.  Anatomical tolerance analysis

Fig. 5 illustrates the percentage of True Positives within the anatom-
ical tolerance (𝑇𝑃𝑖𝑛%) for all models in the 17 keypoints. The graph 
exhibits a characteristic “bell-shaped” profile common to all configura-
tions: central segments (Head, Hips) achieve high detection rates (near 
100% for the best models), while performance degrades significantly 
towards the distal extremities.

Model 1 (dark blue line) consistently outperforms other configura-
tions, particularly on the left-side extremities (hand tip, foot tip, wrist), 
where it maintains a detection rate between 35% and 95%, significantly 
higher than the background-subtracted models (Models 5, 6, 7), which 
drop below 20% for hand tips. This suggests that while strict anatom-
ical thresholds are challenging for small, fast-moving joints, the model 
trained on the most heterogeneous dataset retains superior spatial pre-
cision.

3.2.  Global performance assessment

To provide a holistic view of the trade-off between localisation pre-
cision and detection reliability, the four aggregate indices—NLA, De-
tection Sensitivity, Rejection Specificity and True Negative Rate—are 
visualised in the radar chart in Fig. 6.

The shape of the polygons reveals significant behavioural differ-
ences. Model 1, trained on the most heterogeneous dataset, maintains 

Table 1 
Global performance index 
for the seven model config-
urations.

 ID  GPI
 Model 1  78.69
 Model 2  68.20
 Model 3  70.25
 Model 4  72.58
 Model 5  63.42
 Model 6  65.76
 Model 7  61.55

the widest perimeter, suggesting that exposure to diverse swimming 
styles and conditions enhances the network’s ability to generalise, even 
on specific test cases. In contrast, models with background subtraction 
(Models 5, 6, and 7) exhibit a noticeable contraction in the radar area. 
This suggests a counter-intuitive fact: removing the background sim-
plifies the scene, but it likely introduces distortions, adds artefacts, or 
removes contextual water-turbulence cues that are actually useful for 
the network to localise submerged limbs.

This assessment is quantified by the Global Performance Index (GPI), 
reported in Table 1.

As detailed in Table 1, Model 1 achieves the highest GPI of 78.69, 
outperforming the specialised freestyle models (Models 2–4) and sig-
nificantly surpassing the background-subtracted configurations (Mod-
els 5–7). Within the freestyle-only group, hyperparameters optimisation 
provides a tangible benefit (Model 4 reaches 72.58 vs. 70.25 of Model 3). 
However, the lower scores of Models 5–7 suggest that the applied back-
ground subtraction strategy may be too aggressive for the resolution 
of distal joints, reducing the overall sensitivity. These results highlight 
that data diversity (as in Model 1) plays a more critical role in underwa-
ter pose estimation robustness than dataset restriction or pre-processing 
aimed at static noise removal.

Measurement: Digitalization 6 (2026) 100029 
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Fig. 6. Multi-model radar chart comparing the four aggregate performance indices.

Fig. 7 reports, for each model, the true score per-keypoint, defined 
as the percentage of ground-truth positive frames in which a keypoint 
is correctly detected within its tolerance radius (TP-in). The keypoints 
are ordered along the horizontal axis from the distal extremities (hand 
and foot tips) to the central segments (head and hips) and back to the 
distal joints on the contralateral side.

Across all models, a consistent pattern emerges. Central landmarks 
such as the head and hips exhibit the highest true scores, often approach-
ing or reaching 100%, indicating a very reliable location whenever these 
points are visible. Intermediate shoulder, knee,and ankle segments gen-
erally achieve intermediate values, typically in the range 70–90%, with 
moderate variability between models. Distal extremities, especially the 
tips of the hand and foot, systematically show the lowest true scores, in 
several cases below 40%. This behaviour reflects the combined effect of 
smaller tolerance regions, higher motion dynamics, and more frequent 
extremity occlusions.

The differences between models are evident in both the absolute 
level and the stability of the curves. Early configurations trained on 
heterogeneous data (e.g. Model 1) achieve high performance on many 
central landmarks but exhibit pronounced drops at the extremities. Mod-
els incorporating background subtraction and regularisation (Models 6 
and 7) tend to produce smoother profiles, with improved performance 
on several distal joints and less abrupt variations across the kinematic 
chain. These trends confirm that training set specialisation and regular-
isation strategies are critical for robust estimation of small, fast-moving 
anatomical landmarks.

To disentangle localisation accuracy from detection failures and spu-
rious activations, the outcome statistics per-keypoint were summarised 
in the form of four heatmaps: NLA, FN rate, FP rate and TN rate (Figs. 8, 
9, 10, 11). Each heatmap reports, for every model-keypoint pair, the cor-
responding conditional percentage, encoded by colour and annotated 
numerically.

The accuracy heatmap in Fig. 8 is derived from the normalised satu-
rated error 𝑒sat𝑖,𝑓  and expresses, on a scale of 0 to 100, how precisely each 
landmark is localised when a prediction is available and the keypoint 
is visible. High values (yellow) correspond to small average errors rela-

tive to the tolerance radius, whereas low values (blue) indicate that the 
typical error is comparable to or larger than the admissible region.

The map confirms the core-periphery gradient already visible in the 
true-score curves 7. The head and hip keypoints are associated with very 
high accuracy for all models, while the tips of the hand and foot re-
main challenging, with scores often below 50. Intermediate joints show 
markedly model-dependent behaviour: some configurations obtain high 
accuracy on wrists and ankles, while others are less precise, suggesting 
that these joints are particularly sensitive to changes in training data 
and pre-processing.

Fig. 9 shows the false negative rate, calculated conditionally on 
ground-truth positive frames. This metric quantifies how often a visi-
ble landmark is not detected at all.

Central landmarks generally exhibit very low FN rates across all con-
figurations, indicating that when the head or hips are visible, the net-
works almost always produce a prediction. In contrast, distal joints show 
substantially higher FN rates, with some model-keypoint combinations 
reaching values on the order of several tens of percent. One particu-
lar configuration with background subtraction without sufficient reg-
ularisation displays pronounced miss rates for certain keypoints (e.g. 
head and foot tips), suggesting that aggressive background processing 
can interfere with the network’s ability to detect small or low-contrast 
structures. Regularised models reduce these miss rates, especially for 
problematic landmarks, while maintaining good performance on easier 
keypoints.

Figs. 10 and 11 report, respectively, the FP and TN rates conditioned 
on ground-truth negative frames. These metrics characterise how the 
models behave when a landmark is not annotated, e.g. because it is 
outside the field of view or completely occluded.

Early configurations trained on heterogeneous data show a marked 
tendency to produce spurious detections for the head on non-visible 
frames, with FP rates that can exceed 60–70% and correspondingly low 
TN rates. This behaviour suggests that the models rely strongly on con-
textual cues and may infer a head position even when the visual ev-
idence is weak. As background subtraction and regularisation are in-
troduced, head FP rates decrease dramatically and TN rates approach 
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Fig. 7. Per-keypoint true score (TP-in rate on ground-truth positive frames) for all seven models. Each curve describes the fraction of correctly localized instances 
for each anatomical keypoint.

Fig. 8. Per-keypoint NLA for all models. Values close to 100 indicate that, when the keypoint is detected, its average distance from the ground truth is much smaller 
than the target-specific tolerance radius.
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Fig. 9. False negative (FN) rate on ground-truth positive frames. Darker colors correspond to low miss rates, while lighter colors indicate that the model frequently 
fails to produce a prediction for a visible landmark.

Fig. 10. False positive (FP) rate on ground-truth negative frames. High values indicate a tendency to hallucinate keypoints when they are not visible. Grey cells 
correspond to keypoints that are almost never labelled as non-visible in the test set.

100%, indicating a much more conservative and reliable visibility de-
cision. For most other landmarks, the FP rates remain modest across 
models, although some configurations show elevated FP rates on spe-
cific joints (e.g. ankles), reflecting confusion with nearby structures or 
turbulent water patterns.

Together, the true score profiles and the visibility-conditioned 
heatmaps provide a detailed picture of the strengths and limitations of 

each configuration. All models achieve excellent localisation on cen-
tral landmarks and satisfactory performance on intermediate joints, but 
distal extremities remain the main bottleneck, with higher miss rates 
and lower localisation accuracy. Training on stroke-specific datasets, 
combined with background subtraction and appropriate regularisation, 
leads to smoother per-keypoint performance profiles, reduced false pos-
itives on non-visible landmarks, and improved robustness on several
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Fig. 11. True negative (TN) rate on ground-truth negative frames. High values indicate that the model correctly refrains from producing predictions when the 
keypoint is not annotated.

Table 2 
Standard pose-estimation metrics.
 Model  MPJPE [px]  PCK [%]  OKS
 model 1  8.07  95.77  0.915
 model 2  16.02  96.58  0.897
 model 3  13.64  95.67  0.903
 model 4  12.15  96.03  0.920
 model 5  22.59  83.35  0.734
 model 6  17.44  89.34  0.818
 model 7  20.54  88.43  0.788

distal joints. These findings underline the importance of jointly consid-
ering localisation precision, sensitivity to visible keypoints, and speci-
ficity on non-visible ones when evaluating pose-estimation systems for 
underwater sports applications.

3.3.  Comparison with standard pose-estimation metrics

For completeness, standard pose-estimation metrics were computed 
on the independent underwater test sequence used in this study. Ta-
ble 2 reports the values of MPJPE, PCK and OKS for all model
configurations.

4.  Discussion and conclusions

The experimental results highlight a systematic anatomical perfor-
mance gradient in the estimation of the pose of an underwater swim-
mer, with central body landmarks consistently outperforming distal ex-
tremities across all evaluated configurations. This behaviour reflects the 
intrinsic complexity of underwater imaging and the strongly multi-scale 
nature of the task, rather than being attributable to isolated modelling 
choices. Head and hip keypoints are generally detected and localised 
with high reliability, whereas hand and foot tips remain the most chal-
lenging landmarks, exhibiting lower detection rates and reduced locali-
sation accuracy.

A central methodological outcome of this study is the clear dis-
tinction between binary validity metrics and continuous localisation 

quality measures. The percentage of True Positives within anatomi-
cal tolerance (𝑇𝑃𝑖𝑛) provides a strict assessment of compliance with 
anatomically meaningful error limits, but inherently discards informa-
tion on the magnitude of localisation errors once the tolerance thresh-
old is exceeded. This limitation becomes particularly evident for the 
distal extremities. Because their anatomical regions are small, the as-
sociated tolerance radius 𝑟𝑖 is narrow and the binary decision bound-
ary becomes extremely sharp. As a consequence, predictions that are 
only marginally outside the tolerance region are classified as complete 
failures, indistinguishable from gross localisation errors. This effect 
leads to an overly pessimistic evaluation of performance in small, fast-
moving joints and masks the model’s ability to approximate plausible
trajectories.

The continuous NLA introduced in this work complements the binary 
metric by explicitly encoding the distance between the prediction and 
the ground truth, normalised by keypoint-specific tolerance. By retain-
ing information on error magnitude, this score provides a more faith-
ful representation of localisation quality, particularly in regimes where 
strict anatomical compliance is difficult to achieve. The combined use 
of 𝑇𝑃𝑖𝑛 and the continuous score therefore enables a clearer separation 
between detection reliability and spatial precision.

Moving beyond binary setting of thresholds, the multi-dimensional 
evaluation synthesises the trade-offs between different training config-
urations. The Global Performance Index identifies the heterogeneous 
training strategy (Model 1) as the most robust configuration. As shown 
by the radar representation, this model maintains the widest perime-
ter, indicating a balanced capability to preserve high sensitivity without 
sacrificing localisation accuracy. The analysis of per-keypoint heatmaps 
further shows that performance differences are not uniform across the 
kinematic chain, with central segments behaving consistently and distal 
extremities being more sensitive to training data composition and model 
configuration.

For completeness, the proposed evaluation was complemented with 
three standard pose-estimation metrics, MPJPE, PCK and OKS. These 
indicators show that most models achieve relatively high PCK values 
(above 95% for Models 0–3), OKS scores in the range 0.90–0.92, and 
MPJPE between approximately 8 px and 23 px, with the background-
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subtracted configuration (Model 5) clearly underperforming across all 
three metrics. Overall, conventional measures suggest broadly compa-
rable global accuracy for most configurations on this specific test se-
quence.

When compared with the tolerance-based analysis and the GPI 
framework (as shown in Table 1), this behaviour underlines some lim-
itations of global metrics in the present context. MPJPE, PCK and OKS 
aggregate performance over all joints and frames and do not explicitly 
account for keypoint-specific scale or visibility, so they tend to mask 
the pronounced core-distal gradient and the different relevance of local-
isation errors across anatomical regions. The tolerance-normalised NLA 
and the associated per-keypoint indices are instead designed to incor-
porate these aspects explicitly and to separate localisation quality from 
visibility-related failures.

The observed core-periphery gradient has direct implications for 
biomechanical applications and analysis of sport performance. Central 
landmarks such as the head and hips are localised with high accuracy 
when detected, supporting a reliable reconstruction of trunk-level kine-
matics. Distal keypoints, in contrast, are affected by higher intrinsic un-
certainty due to smaller tolerance regions, higher motion dynamics, and 
more frequent partial occlusions. From a biomechanical perspective, this 
suggests that kinematic variables derived from distal joints should be 
interpreted with greater caution and, where possible, complemented by 
temporal filtering or model-based constraints. Importantly, reduced bi-
nary validity at the extremities does not necessarily imply unusable pre-
dictions; rather, it often reflects predictions that are spatially close to the 
ground truth but fail to satisfy a strict anatomical threshold.

An additional contribution of this study lies in the explicit separa-
tion of detection outcomes conditioned on visibility of landmarks. By 
reporting False Negative and False Positive rates relative to ground-truth 
positive and negative frames, the analysis disentangles failures due to 
missed detections from spurious activations. This distinction is particu-
larly relevant in underwater scenarios, where legitimate occlusions and 
out-of-field conditions are common and should not be conflated with 
localisation errors. Visibility-conditioned metrics reveal that high local-
isation accuracy on detected keypoints can coexist with substantial miss 
rates on difficult landmarks, reinforcing the need to jointly consider sen-
sitivity, specificity, and spatial accuracy rather than relying on a single 
aggregate score. Furthermore, a basic intra-annotator repeatability test 
yielded a typical dispersion of only a few pixels, which is considerably 
smaller than the corresponding anatomical tolerance radius. This sup-
ports the use of manual labels as a metrological reference within the 
proposed evaluation framework.

The performance degradation observed in background-subtracted 
configurations can be attributed to the characteristics of the acquisition 
environment. The pool background is highly textured, including tiles, 
lane ropes, and light reflections, so the adopted medium-level back-
ground subtraction does not operate under the ideal assumption of a 
uniform static background. Under these conditions, the subtraction step 
can introduce artificial edges and discontinuities around the swimmer’s 
silhouette, generating spurious features that interfere with keypoint lo-
calisation, particularly for small distal joints. Moreover, underwater tur-
bulence and water texture patterns may provide contextual informa-
tion that the network implicitly exploits during localisation; removing 
or distorting these cues can reduce the effective signal-to-noise ratio 
for limb detection. Therefore, the degradation observed in background-
subtracted models in this study should not be interpreted as a general 
limitation of background removal, but rather as a consequence of ap-
plying a specific subtraction method in a non-uniform, feature-rich en-
vironment.

In conclusion, this work proposes a problem-orientated evaluation 
framework for 2D underwater swimmer pose estimation that explic-
itly accounts for anatomical scale and functional relevance. Keypoint-
specific tolerances and continuous, tolerance-normalised accuracy scor-
ing provide a more informative and reliable assessment than binary 
metrics alone in multi-scale scenarios. The results demonstrate that di-

versity of training data is a primary driver of robustness and gener-
alisation, and that scale-aware evaluation is essential for correctly in-
terpreting model performance in underwater sports biomechanics. To-
gether, these findings support the adoption of evaluation protocols that 
are problem-related and metrologically grounded when deploying pose 
estimation systems for biomechanical analysis in challenging aquatic 
environments.
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