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ABSTRACT

Reliable detection and segmentation of human hands are critical for enhancing safety and facilitating advanced
interactions in human-robot collaboration. Current research predominantly evaluates hand segmentation under
in-distribution (ID) data, which reflects the training data of deep learning (DL) models. However, this approach
fails to address out-of-distribution (OOD) scenarios that often arise in real-world human-robot interactions.
In this work, we make three key contributions: first we assess the generalization of deep learning (DL)
models for hand segmentation under both ID and OOD scenarios, utilizing a newly collected industrial
dataset that captures a wide range of real-world conditions including simple and cluttered backgrounds with
industrial tools, varying numbers of hands (0 to 4), gloves, rare gestures, and motion blur. Our second
contribution is considering both egocentric and static viewpoints. We evaluated the models trained on four
datasets, i.e. EgoHands, Ego2Hands (egocentric mobile camera), HADR, and HAGS (static fixed viewpoint)
by testing them with both egocentric (head-mounted) and static cameras, enabling robustness evaluation
from multiple points of view. Our third contribution is introducing an uncertainty analysis pipeline based
on the predictive entropy of predicted hand pixels. This procedure enables flagging unreliable segmentation
outputs by applying thresholds established in the validation phase. This enables automatic identification
and filtering of untrustworthy predictions, significantly improving segmentation reliability in OOD scenarios.
For segmentation, we used a deep ensemble model composed of UNet and RefineNet as base learners. Our
experiments demonstrate that models trained on industrial datasets (HADR, HAGS) outperform those trained
on non-industrial datasets, both in segmentation accuracy and in their ability to flag unreliable outputs via
uncertainty estimation. These findings underscore the necessity of domain-specific training data and show that
our uncertainty analysis pipeline can provide a practical safety layer for real-world deployment.

1. Introduction

4.0 — Industry 5.0 expands the focus to emphasize human-centric
interactions. This newer approach encourages manufacturers to prior-

In the era of Industry 4.0, industrial robots and humans increasingly
work side-by-side in collaborative environments, moving away from
the traditional approach of isolating robots within cages to prevent
accidents [1,2]. This shift underscores the critical importance of human
safety, particularly in preventing or mitigating collisions in shared
workspaces [3]. Hands are among the most vulnerable parts of the
human body in these interactions which are constantly present in the
proximity of industrial robots [4]. Reliable detection and segmentation
of human hands are therefore essential to ensure human safety as a
main objective. Beyond safety — one of the cornerstones of Industry

itize not only safety but also the comfort and well-being of operators
during human-robot interactions [5]. In this context, enabling robots
to understand human hand gestures and actions through accurate hand
segmentation has become an area of growing research interest [6].
There are various approaches to detecting human hands around
industrial robots, ranging from wearable sensors to computer vision-
based methods. Wearable sensors, such as gloves equipped with track-
ing devices [7,8] or markers for positional detection [9], have been
explored in previous studies. However, the constant need to wear
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these devices during operation can be frustrating for workers, and the
setup requirements before use further limit their practicality in indus-
trial environments. In contrast, computer vision-based techniques offer
a more operator-friendly solution, allowing seamless hand detection
and segmentation without requiring workers to wear any additional
equipment. The rapid advances in Machine Learning (ML) and, more
specifically, Deep Learning (DL), coupled with the growing availability
of powerful hardware, have further propelled computer vision as the
preferred choice for hand detection and segmentation. Unlike tradi-
tional computer vision methods, such as template matching [10], which
demand manual intervention and yield less accurate results, DL-based
models deliver superior accuracy and robustness, making them more
suitable for complex industrial applications [6].

DL-based hand segmentation models heavily depend on the datasets
they are trained on [11]. While several hand segmentation datasets
have been introduced in the literature and made publicly accessible,
significant challenges arise when applying these models to human-
robot interactions in industrial domains. One primary challenge is that
the backgrounds in these datasets are often biased towards accessible
environments, such as residential settings or scenes containing common
household objects [12]. This bias makes it difficult for models trained
on such datasets to generalize to industrial scenarios with complex and
cluttered backgrounds. Another challenge lies in the limited number of
hands present in most datasets, typically restricted to one or two per
scene. However, in real-world interactions with robots, multiple partic-
ipants or hands may simultaneously be in the frame. Furthermore, these
datasets often capture hand images using either egocentric and mobile
or static cameras, while real-world scenarios may involve different cam-
era setups that deviate from these idealized conditions. Additionally,
the gestures captured in these datasets are often casual and fall within
predefined categories, overlooking the diversity and complexity of hand
gestures in actual industrial interactions. For instance, gestures such
as finger crossings or interactions with robotic hands are rarely rep-
resented. Moreover, most datasets predominantly feature bare human
hands, ignoring the fact that industrial operators typically wear gloves
for safety, which alters the appearance and texture of hands [12].

On the other hand, creating new datasets that address these chal-
lenges is a labor-intensive process, requiring significant time and re-
sources. Even if such datasets were created, their generalization to
other human-robot tasks and conditions would remain uncertain. Con-
sequently, there is a notable gap in the literature exploring how well
pre-trained models, trained on existing datasets, perform when applied
to real-world industrial hand segmentation tasks.

In this study, we address these challenges by conducting a novel
investigation into the performance of DL models for hand segmen-
tation under both in-distribution (ID) and out-of-distribution (OOD)
conditions. We train models using non-industrial datasets, such as Ego-
Hands [13] and Ego2Hands [14], as well as an industrial-like dataset,
HAGS and HADR [12,15]. To evaluate these models, we collect real-
world images of human-robot interactions in industrial environments,
encompassing a wide range of scenarios. These include ID conditions
that align with the training datasets and OOD conditions that introduce
novel challenges, such as complex gestures.

To ensure accurate evaluations, we use a deep ensemble model,
an uncertainty-aware DL approach [16]. By ensembling segmentation
models that have been successfully used in the field, we create a deep
ensemble model to quantify model uncertainty on both ID and OOD
data as well as assessing the accuracy of hand segmentation.

The remainder of this paper is structured as follows: In Section 2,
we provide a detailed overview of related works, highlighting previous
approaches, datasets, and the challenges of applying existing meth-
ods to industrial human-robot interactions. Section 3 describes the
datasets and experimental setup, detailing the training datasets, test
data collection, and experimental methodology, including details of
segmentation models and metrics. In Section 4, we present the results
of our experiments, analyzing model performance on different data
conditions, insights from segmentation performance and uncertainty
quantification as well as qualitative results. Finally, in Section 5, we
summarize our findings and propose directions for future research.
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2. Related works

In vision-based hand recognition, existing studies can generally
be categorized based on their primary focus, as schematically shown
in Fig. 1, into three groups: hand detection (Fig. 1(a)), hand key-
points detection (Fig. 1(b)), and hand segmentation (Fig. 1(c)). Hand
detection typically involves locating a bounding box around the region
containing hands, commonly achieved by employing deep learning
(DL) architectures such as models from the YOLO (You Only Look
Once) family [17]. This approach has been extensively used in human—
robot interaction (HRI) applications for identifying the presence and
approximate position of human hands within a workspace [18,19].
Hand key-point detection aims to identify specific landmarks or critical
points on the hand, typically using established, open-source libraries
such as OpenPose [20] or MediaPipe [21]. Such key-point-based meth-
ods have been effectively leveraged in HRI studies to recognize hands
facilitate interactions between humans and robots [22,23]. However,
hand segmentation (the primary focus of our study) involves a pixel-
level identification of the hand region, providing a more granular and
precise separation of hands from their surrounding environment. This
precise segmentation is crucial for improving the accuracy of gesture
recognition (in a possible next step after hand segmentation) and
enhancing safety in industrial human-robot collaborative scenarios.

Hand segmentation have gained significant attention in recent
years, particularly in computer vision-based applications. These tech-
niques have been applied to a variety of domains, including medical
purposes such as rehabilitation tasks [24] and sign language detec-
tion for speech-impaired individuals [25,26]. They are also widely
used in human-computer interaction scenarios, especially with the
advancement of augmented reality (AR), virtual reality (VR), and
mixed reality (MR) technologies [27,28]. Within the context of human-
robot interaction (HRI), hand segmentation based on computer vision
techniques has facilitated applications such as gesture recognition for
controlling mobile robots [29-31] and assisting surgical robots [32].
Despite this progress, the application of hand segmentation in industrial
HRI has received comparatively less attention, where unique challenges
demand tailored approaches.

While many recent works employ DL models for hand segmentation,
these models face limitations when applied to industrial settings. There
are few and recent works in human-robot interactions using hand
segmentations as listed in Table 1. For instance, Sajedi et al. [33]
leveraged a Bayesian Neural Network for hand segmentation, focusing
on RGB images captured from a third-person perspective who carries a
mobile phone to record the data in a human-robot interaction. Their
model, trained on the EgoHands dataset [13], incorporated uncertainty
quantification to improve segmentation accuracy. The hand instances
in their data were restricted to two hands of the operator working with
the robot. Also, the experimental context could be closer to reality by
the presence of gloves or cluttered workspaces. Vysocky et al. [34],
also generated their own data to segment human hands by UNet model
in interaction with an industrial collaborative robot. Their test was
restricted to only segment hands of one operator in the scene, with
no gloves and no motion noise, while hands represent only casual ges-
tures. Grushko et al. [15] introduced HADR, a synthetic RGB-D dataset
designed for industrial applications, using domain randomization to
mimic real-world conditions. Despite its contributions, HADR is limited
by its static top-down camera angles and a restriction to two hand
instances per frame, which fails to capture the dynamic and multi-user
nature of industrial collaboration. Sharma et al. [12] recently addressed
some of these gaps by introducing the HAGS dataset, which includes
gloved and ungloved hands captured from stationary side and top-down
cameras. However, the dataset also limits hand instances to two per
frame and does not explore rare gestures or the influence of background
complexity. Their results with segmentations with DL-based models
e.g. UNet trained on the available non-industrial datasets resulted in
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(c) Hand segmentation

Fig. 1. Schematic visualizations of (a) hand detection by bounding box (b) hand key-points detection (c) hand segmentation in a human robotic interaction scene.

Table 1
Summary of related works, implemented hand segmentation in industrial HRIL.

Paper Year DL model Implementation Limitation

[33] 2022 Bayesian Neural Networks (BNN) Implementing hand segmentation in diverse - Limited to a maximum of 2 hands per frame.
disassembly task with a UR5e Co-robot arm - No gloves, no motion blur, only casual gestures.

- Unspecified camera angles (recorded via mobile
phone).

[34] 2022 UNet Testing hand segmentation to segment hands - Limited to a maximum of 2 hands per frame.
interacting with an industrial collaborative robot - No gloves, no motion blur, only casual gestures.
(UR3e) - Only one viewpoint (top-down and static).

[15] 2023 MaskRCNN Building a synthetic hand segmentation dataset in - Synthetic data only, limited to 2 hands per frame.
industrial backgrounds with the presence of a - No gloves, no motion blur, only casual gestures.
robotic arm - Only one viewpoint (top-down and static).

[12] 2024 UNet Building a real hand segmentation dataset across - Limited to a maximum of 2 hands per frame.

assembly tasks with UR3e industrial arm in
glovebox environments

- Not considering diverse industrial backgrounds.
- No motion blur, only casual gestures.
- Cameras are static

non-satisfactory results emphasizing the importance of creating more
domain-specific datasets like HAGS for future research.

Based on these works, several critical limitations and challenges
emerge. First, existing datasets for hand segmentation in HRI restrict
the number of hands to two, overlooking multi-user industrial scenarios
where more than two hands may be present. Second, the gestures
captured in these datasets are often casual and lack diversity, failing
to account for rare but practical gestures such as interlocked fingers
or crossed hands. Third, no studies considered noisy conditions such
as motion blur, which often occur during dynamic interactions with
robots. Additionally, while gloves are commonly used in industrial
settings, only HAGS, includes gloved hands. Finally, existing studies
predominantly rely on static cameras, with no research on considering
both egocentric and static cameras to provide a better evaluation.

Despite these limitations, creating new datasets tailored to indus-
trial HRI remains a labor-intensive task, and questions about their
generalization to diverse scenarios persist. There is also a lack of
studies evaluating the performance of pre-trained models in real-world
industrial conditions. Moreover, the relationship between segmentation
accuracy and background complexity (e.g., cluttered environments vs.
object-free scenes) has been largely unexplored in the literature, which
limits our understanding of the robustness of existing models.

Our study addresses these gaps by testing the performance of
state-of-the-art DL models on a test dataset that incorporates both in-
distribution (ID) and out-of-distribution (OOD) conditions. This work
examines challenging scenarios, including rare gestures, motion blur,
gloved and non-gloved hands across a combination of egocentric and
static camera perspectives. By leveraging uncertainty-aware deep en-
semble models, we aim to provide an evaluation of hand segmenta-
tion performance and contribute insights for future advancements in
industrial human-robot interactions.

3. Datasets and experimental setup

This section provides details on the datasets used for training and
testing the deep learning models, as well as the experimental setup

designed to evaluate their performance. We describe the datasets we
choose to train our models, our custom-designed test dataset for in-
distribution (ID) and out-of-distribution (OOD) evaluation, and the
methodology and pipeline of our work.

3.1. Training datasets

For training the deep learning (DL) models, we considered both
industrial and non-industrial datasets. This was done because on one
hand there is no hand segmentation dataset with egocentric view in
industrial-like context and on the other considering trained model on
industrial and non-industrial images gives us a better evaluation for
our results. The summary of the description of each training dataset is
provided in Table 2.

Since no industrial-like datasets exist for hand segmentation in
egocentric views, we utilized two widely recognized non-industrial
datasets: EgoHands and Ego2Hands. EgoHands is a very large available
egocentric dataset for hand segmentation, comprises 4800 pixel-level
annotated frames captured using Google Glass. The frames depict di-
verse non-industrial backgrounds and contain between zero to four
hands per image. This dataset has been widely employed for train-
ing hand segmentation models in a variety of applications, including
human-robot interaction. However, it lacks relevance to industrial con-
texts, such as the use of gloves or cluttered backgrounds, which limits
its applicability to more complex environments. Ego2Hands is a more
recent egocentric dataset with 2000 annotated frames of RGB images,
each containing a single person and up to two hand instances. This
dataset employs background replacement techniques, providing greater
control over environmental diversity compared to EgoHands. Addition-
ally, it introduces inter-occluded hands for the first time and ensures
a more even spatial distribution of hand positions across frames, ad-
dressing some limitations of its predecessor. Despite these advance-
ments, Ego2Hands remains focused on non-industrial settings, with
backgrounds and hand interactions that do not reflect the complexities
of industrial human-robot interaction scenarios.

To incorporate industrial perspectives, we included two datasets
designed specifically for such contexts: HADR and HAGS. HADR is a



R. Jalayer et al

Table 2
Summary of four training datasets.
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Training dataset Point of view Industrial Real/Synthetic RGB/RGB-D Max No. of hands per frame No. of annotated frames
EgoHands [13] Egocentric No Real RGB 4 4800

Ego2Hands [14] Egocentric No Real RGB 2 2000

HADR [15] Top-down Yes Synthetic RGB-D 2 117000

HAGS [12] Top-Down + Side Yes Real RGB 2 1728

synthetic dataset with RGB-D annotations, created using domain ran-
domization techniques to reduce the reality gap between synthetic and
real-world data. This was achieved by introducing random variations in
distractor object properties, background textures, camera positions and
orientations, and lighting conditions. The dataset contains 117,000 an-
notated frames, making it one of the largest datasets available for hand
segmentation. For our study, we used only the RGB modality of HADR,
as our test data, described later, was captured using RGB cameras. Each
frame in HADR contains a maximum of two hand instances, all viewed
from a top-down perspective. While the dataset is comprehensive in
terms of synthetic diversity, its static camera viewpoint and synthetic
nature limit its application in fully dynamic or real-world settings.
HAGS, on the other hand, provides a realistic dataset consisting of 1728
frames with pixel-level annotations of human hands interacting with
industrial robots. The dataset includes both gloved and ungloved hands,
addressing a key limitation of many previous datasets. Images in HAGS
were captured using two stationary cameras: a GoPro Hero 7 captur-
ing top-down views and a RealSense Development Kit Camera SR300
capturing side views. To increase variability, the dataset incorporated
background replacement techniques, using both real and synthetic
backgrounds. However, like HADR, HAGS restricts the number of hands
per frame to two instances and focuses on industrial scenarios while
overlooking the presence of some challenging conditions like rare hand
gestures.

To provide further insights into the datasets, we report the relative
frequency distribution of the hand instance sizes (defined as the ratio of
hand pixels to total image pixels) for each dataset in Fig. 2. As evident
in this figure, for all four training datasets, most of hand instances
occupy less than 0.1 of the total image pixels. Additionally, the hand
instances in the HAGS, EgoHands, and HADR datasets generally occupy
smaller image areas compared to those in Ego2Hands. This differ-
ence can be attributed to both camera placement and experimental
conditions. Specifically, HAGS and HADR datasets are captured from
static viewpoints from a distance to encompass the entire human-robot
interaction scene. Consequently, human hands do not occupy larger
portions of the images, limiting the presence of large hand instances.
Also, the EgoHands dataset involves an egocentric, mobile viewpoint
of a participant performing joint activities with another person. This
collaborative experimental setup naturally restricts hand instances from
becoming excessively large within each frame. In contrast, Ego2Hands
captures participants performing free-hand motions directly in front of
a head-mounted egocentric webcam, allowing the dataset to encompass
a wider range of hand instance sizes.

3.2. Test dataset design

To evaluate the trained models, we created a realistic image dataset
by recording interactions with an industrial robotic arm (FANUC LR
Mate 200iD 7L robot). The dataset was captured from two camera per-
spectives: a static side-view camera and an egocentric camera mounted
on the operator’s head. This dual-camera setup was chosen to provide
comprehensive coverage of the interaction scene and to evaluate model
performance across varying viewpoints.

For the side view, we used an Intel RealSense D435 camera, po-
sitioned on the right-hand side of the robot, as shown in the left
of Fig. 3. The camera angle was carefully adjusted to capture the
interaction space, including the operator’s hands and the robotic arm,
ensuring that the entire workspace was visible. For the egocentric

view, a GoPro camera was mounted on the operator’s helmet using a
headband, allowing us to capture the perspective of the operator during
the interaction as evident in the left picture of Fig. 3.

The dataset includes diverse interaction scenarios with one and two
operators closely working with the robot. To ensure varied background
complexity, we recorded videos in both object-free environments and
cluttered industrial settings with industrial tools (e.g. hammer, scissors,
wrenches, nuts and bolts, ...) present. Hands were captured with and
without gloves to reflect realistic industrial conditions, where operators
frequently wear gloves for safety. Additionally, some videos intention-
ally included rare hand gestures (e.g., interlocked fingers and crossed
hands) to create out-of-distribution (OOD) data for testing in these
conditions. Motion-blurred frames caused by fast-moving hands were
also included to simulate real-world challenges as aleatoric uncertainty.

To streamline the description of dataset conditions, we use the
following abbreviations: one operator (O1), two operators (02), gloved
hands (GH), hands with rare gestures (RG), and motion-blurred noisy
hands (MBN). Fig. 4 illustrates these conditions for clarity.

3.3. In-distribution (ID) and out-of-distribution (OOD) scenarios

For effective evaluation of deep learning (DL) models, it is crucial
to assess their performance not only on data that aligns with their
training distribution (in-distribution (ID) data) but also on data that
deviates from this distribution (out-of-distribution (OOD) data). The
discrepancy between ID and OOD data introduces uncertainty in the
model’s predictions, which can significantly affect their reliability.
Understanding and addressing this uncertainty is essential, especially
in safety-critical applications like human-robot interaction. Uncertainty
in predictions can arise from two main sources: epistemic uncertainty
and aleatoric uncertainty [35]. Epistemic uncertainty, often referred
to as knowledge uncertainty, occurs when the model has not encoun-
tered all the characteristics of the data during training. This type of
uncertainty can be reduced by introducing additional training data that
better represents these unseen scenarios. On the other hand, aleatoric
uncertainty, also known as data uncertainty, arises due to inherent
variability in the data, such as noise or measurement errors. Unlike
epistemic uncertainty, aleatoric uncertainty is irreducible and cannot
be mitigated by adding more training data [16].

In our experiments, OOD data stemming from epistemic uncertainty
includes conditions absent in the training datasets, such as gloved
hands (GH), rare gestures (RG), and the presence of two human op-
erators (02), when the training data contained only one operator.
Aleatoric uncertainty arises from noisy conditions, such as motion-
blurred hands (MBN), which were not included in the training datasets.
These conditions were specifically designed to evaluate the robustness
and generalization capabilities of the models, as summarized in Table
3.

As shown in Table 3, certain scenarios are consistently classified
as OOD across all training datasets. For instance, rare gestures (RG)
are absent in all datasets, making them OOD for all trained models.
Similarly, motion-blurred hands (MBN), representing aleatoric uncer-
tainty, are not included in any training datasets and are treated as
00D for all models. However, some scenarios depend on the specific
training dataset. For example, gloved hands (GH) are considered ID
for models trained on HAGS, as this dataset includes gloved hands
during training, but OOD for models trained on EgoHands, Ego2Hands,
and HADR. Likewise, two human operators (O2) are considered ID
for models trained on EgoHands, as this dataset includes scenes with
multiple operators, but OOD for other datasets where the presence of
two operators is absent.
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Fig. 2. Distribution of relative hand instance sizes for the training datasets.

Fig. 3. Dataset collection setup. We mount an Intel RealSense D435 on the right-hand side of the robotic arm for static images (left), and a GoPro camera on the helmet of the

operator to capture egocentric images (right).

7

Fig. 4. Different scenarios of human-robot interactions from the side view static camera: one operator (O1) in (a) simple background and (b) cluttered background, (c) presence
of two operators (02), (d) one operator (O1) with gloves (GH), (e) two operators (02) with gloves (GH), (f) two operators (02) with rare gestures (RG), (g) two operators (02)
with gloves (GH) having rare gestures (RG), and (h) image with motion blurred noise (MBN).

3.4. Data preparation

To construct the test dataset, we recorded nine videos capturing
interactions between one and two operators with an industrial robotic
arm, using both side-view and egocentric cameras. In total, 34,577
frames were recorded from each camera and each frame for the side
camera has the dimensions of 640 x 480 pixels and for the egocentric

camera 1920 x 1080 pixels. Since the videos were captured using
high-frame-rate cameras, many frames were repetitive, with minimal
or no change between consecutive frames, making them redundant for
our analysis. To address this, we conducted a manual review of the
recorded videos, carefully selecting frames that were non-repetitive and
meaningful for our study. After this refinement process, 1871 unique
frames were retained from each camera (side-view and egocentric).
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Table 3
OOD scenarios of the training dataset.

Mechatronics 110 (2025) 103365

Training dataset OOD scenarios

Epistemic uncertainty

Aleatoric uncertainty

EgoHands [13]
Ego2Hands [14]
HADR [15]
HAGS [12]

Gloved hands (GH), rare gestures (RG)

Two human operators (02), gloved hands (GH), rare gestures (RG)
Two human operators (02), gloved hands (GH), rare gestures (RG)
Two human operators (02), rare gestures (RG)

Motion-blurred noisy hands (MBN)
Motion-blurred noisy hands (MBN)
Motion-blurred noisy hands (MBN)
Motion-blurred noisy hands (MBN)

Fig. 5. Sample frames with ground truth masks, captured from egocentric view (left)
and side view camera (right).

For the testing phase, we aimed to achieve a balanced dataset across
the 8 conditions defined in Fig. 4. From each condition, 20 frames were
randomly selected for annotation, resulting in a total of 320 annotated
images (160 frames each for the side and egocentric views).

The selected images were annotated with pixel-wise accuracy for bi-
nary classification, where hand regions were labeled as the foreground
and all other areas as the background. To achieve high-quality anno-
tations, we utilized Label Studio [36], an open-source data labeling
tool, to create initial coarse annotations. These annotations were metic-
ulously refined manually to ensure precision and consistency across
the dataset. As the trained models are designed to segment only the
hand region — from the tips of the fingers to the wrist — we adhered
to this definition, excluding the arm and forearm from the annotated
hand regions to maintain alignment with the training datasets. Fig. 5
illustrates examples of annotated images, showcasing the accuracy and
uniformity of the labeling process.

This rigorous data preparation workflow resulted in a dataset that
is not only diverse and representative of various conditions but also
meticulously balanced across all categories. By ensuring high annota-
tion quality and meaningful representation of scenarios, the dataset
is well-suited for comprehensively evaluating the performance of DL
models under different conditions.

For additional information about the test data, we present the rel-
ative frequency distribution of hand instance sizes for both egocentric
and side-view images in Fig. 6. As shown in this figure, similar to the
training datasets (Fig. 2), most hand instances in both views of the test
images occupy less than 0.1 of the total pixels. However, the egocentric
images display a wider range of hand instance sizes, which can be
attributed to the fact that hands in this viewpoint can appear closer
to the camera, compared to the fixed side-view perspective.

3.5. Models and metrics

In this work, we used deep ensemble for the evaluations. Deep
ensembles are consist of multiple of DL models called base learners
which are trained independently to improve predictive accuracy and
make the uncertainty of predictions quantifiable [16]. For the choice

of base learners, we selected two widely recognized DL algorithms for
segmentation: UNet [37] and RefineNet [38]. These models leveraged
the encoder-decoder technique and have been successfully employed in
prior works on human hand segmentation [12,14,39,40]. To justify the
choice of these models over other existing segmentation models, UNet
has been shown to have better segmentation accuracy results over other
recent segmentation models, e.g., MobileSAM [41] and BiSeNetv2 [42]
in a HRI study on the HAGS dataset [12]. It was also considerably
faster due to its lightweight architecture (more than 6 times faster than
MobileSAM and 3 times faster than BiSeNetv2), reinforcing the choice
of UNet. Also, RefineNet, was used as a selected segmentation model
in the Ego2Hands study [14], showing its high generalization accu-
racy for cross-dataset evaluation. Additionally, RefineNet outperformed
other baseline segmentation models in the study using EgoHands in
segmenting hands [40].

The configuration of this model is illustrated in Fig. 7. in this
configuration, DE-Mix, combines both UNet and RefineNet models as
base learners. This approach incorporates the concepts of the het-
erogeneous ensembles (different base learners), as discussed in prior
ensemble learning research [43]. Using heterogeneous ensembles, have
been shown to enhance performance by leveraging the diversity of base
learners [44]. While deep ensemble models have been applied to hand
segmentation tasks before [12], to the best of our knowledge, the prior
work has employed only homogeneous ensembles combining identical
DL architectures for hand segmentation, such as ensemble of UNet [12].

As shown in Fig. 7, the output of the deep ensemble is derived from
the predictions of K-base learners. Since we do binary classification of
segmenting hands from background, each base learner performs binary
pixel-wise classification on the input image, determining whether each
pixel belongs to the background or a hand. The final output of the
deep ensemble is computed as the average prediction across the K-base
learners.

To evaluate segmentation performance, we use the mean Inter-
section over Union (mloU), a widely accepted metric that quantifies
the overlap between predicted and ground truth hand regions. This
metric provides a comprehensive measure of segmentation accuracy by
comparing the predicted segmentation mask to the ground truth.

To quantify the uncertainty of predictions, we use the average
predictive entropy, a standard metric that evaluates the uncertainty
associated with each pixel’s prediction across all classes. For a given
pixel p, the predictive entropy E(p) is defined as:

c
E(p) = — Y P(c|p)log P(c|p) ¢8)
c=1

where P(c|p) is the predicted probability of class ¢ for pixel p. Since
this is a binary segmentation task (hand and background), the number
of classes is C = 2.

For deep ensemble models, the predicted probability P(c|p) is com-
puted as the average of the output scores from K base learners:

K
Pelp) = Y, PiCelp) @
k=1

where P,(c|p) is the predicted probability from the kth base learner. The
predictive entropy provides a pixel-level measure of uncertainty, with
higher values indicating greater uncertainty in the model’s prediction
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Fig. 6. Distribution of relative hand instance sizes for the test datasets.
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Fig. 7. Deep ensemble architectures (DE-Mix) made by K-trained models which half are UNet and RefineNet.

for that pixel. The average predictive entropy for the entire image,
denoted as E, is calculated as:

N
E=L1YE 3

5 E ®) ®3
where N is the total number of pixels in the image.

To further evaluate uncertainty specific to the hand regions, we
calculate the average predictive entropy for ground truth hand pixels,
denoted as E,, which focuses only on pixels that belong to the ground
truth hand regions. This measure is computed as:

= 1
Ey=— 2 E(®
Nh PEH

4

where N, is the total number of ground truth hand pixels, and H
represents the set of pixels corresponding to the hand regions in the
ground truth. This metric helps evaluate whether the model exhibited
uncertainty specifically in predicting the hand regions.

The previously defined metric, average predictive entropy of ground
truth hand pixels (£,), is suitable for post-prediction analyses where
ground truth labels are available. However, for uncertainty quantifica-
tion during the inference phase (where ground truth is unavailable), a
complementary metric based on the model’s predicted hand regions is
necessary. Let H denote the set of pixels predicted by the model as
belonging to the hand class. We define the average predictive entropy
of predicted hand pixels (£;,) as follows:

= G 2, E0.

peH

Ey (5)
where |H| represents the total number of pixels predicted as hand, and
E(p) is the predictive entropy of pixel p. Note that the set of predicted
hand pixels (H) differs from the set of ground truth hand pixels (H).

To leverage E;, for uncertainty analysis, we establish a threshold us-
ing the validation dataset. Following the approach introduced in [44],
we employ the Inter-Quartile Range (/QR) proximity rule for outlier
detection to determine a reliable threshold (r) as follows:

7= Q3(Ey) + 1.5IOQR(Ey), 6)

| Trained DE-Mix |

| Validation | | Test |

| T (uncertainty threshold) ||

NO! (X /\. YES!
Untrustworthy Trustworthy
Segmentation Segmentation

Fig. 8. Uncertainty analysis pipeline.

where Q3;(EH) denotes the third quartile, and IQR(EH) is the inter-
quartile range (the difference between the third and first quartiles)
computed over the validation dataset. During the test phase, predic-
tions with average predictive entropy of predicted hand pixels (£;,)
exceeding this threshold (z) are flagged as untrustworthy, while those
below it are considered trustworthy.

This pipeline thus serves as an OOD detection mechanism, allowing
us to filter out predictions with high uncertainty. Ideally, this approach
identifies most OOD scenarios as untrustworthy, thereby avoiding un-
reliable hand segmentation results. Fig. 8 illustrates the described
uncertainty analysis pipeline.

4. Results and discussions

In this section, we evaluate the performance of the proposed deep
ensemble models on human hand segmentation using metrics such as
mloU for segmentation accuracy and average predictive entropy for
uncertainty quantification. The evaluations were performed under both
ID and OOD conditions. We also present qualitative examples of some
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Prediction accuracy and predictive uncertainty of the DE-Mix model trained on each dataset using our test images with simple and cluttered backgrounds. Results are presented
as mean and standard deviation (inside the parentheses) computed over five runs over 20 samples for each condition.

Training dataset Test image condition

mloU mean (SD) E mean (SD) E, mean (SD)

One operator (01) in simple background

0.382 (0.016) 0.114 (0.006) 0.195 (0.014)

EgoHands One operator (01) in cluttered background 0.361 (0.021) 0.163 (0.010) 0.223 (0.019)
Eeo2Hands One operator (01) in simple background 0.377 (0.020) 0.082 (0.003) 0.212 (0.016)
g One operator (01) in cluttered background 0.318 (0.028) 0.140 (0.007) 0.275 (0.023)
HADR One operator (01) in simple background 0.419 (0.021) 0.095 (0.005) 0.229 (0.017)
One operator (01) in cluttered background 0.401 (0.030) 0.148 (0.009) 0.261 (0.024)

HAGS One operator (01) in simple background 0.496 (0.018) 0.158 (0.007) 0.186 (0.015)

One operator (01) in cluttered background

0.479 (0.022) 0.195 (0.011) 0.283 (0.025)

ID and OOD examples to discuss the segmentation performances in
more detail.

4.1. Training and validation

For training, we selected annotated images from each dataset rep-
resented in Table 2. The data was split in a 9:1 ratio for training and
validation respectively. It is important to note that the images in all four
training datasets are in RGB format, except for HADR, which includes
Depth information. For consistency, we utilized only the RGB format
of the HADR dataset. All images were resized and reshaped to ensure
compatibility with the generated test dataset.

The deep ensemble architecture (DE-Mix) was trained using the
training data. Validation data was used to monitor the mIoU during
training. We evaluated the performance of ensemble models with K =
2,4,6,8,10, and observed that model achieved an mIoU exceeding 0.80
on the validation set for K > 4 across all different training datasets.
Based on these results, we selected K = 4 for all subsequent evaluations
to balance performance and computational efficiency.

4.2. Quantitative results

We evaluated the trained models based on our test data, on ego-
centric images for models trained on EgoHands and Ego2Hands and
on side-view images for models trained on HAGS and HADR-trained
models. It is worth mentioning that all results presented are averaged
over five runs for each of the 20 samples per condition, and the
corresponding standard deviations are reported as well.

4.2.1. Background effect

To consider the effect of background in images we compare the
segmentation results of pre-trained models on our test images when
one operator (O1) is interacting with robot in a simple background
(without any other objects) and when the background is cluttered
with a lot of industrial objects. The results regarding segmentation
accuracy (mloU) and entropy of predictions of entire image (E) and
hands specifically (E_h) are listed in Table 4. Before presenting the
results, it is important to clarify the performance metric ranges used
in this study to facilitate interpretation. Since the models evaluated in
this study are trained on datasets different from our custom-designed
dataset, achieving significant mIoU values is not expected. Such perfor-
mance drops have been reported in previous cross-dataset evaluations
in the literature. For example, Sharma et al. [12], who introduced the
HAGS dataset, reported that a UNet model trained on HADR achieved
an mloU ranging approximately from 0.30 to 0.45 when evaluated
on HAGS under different conditions. Similarly, Lin et al. [14], who
presented the Ego2Hands dataset, reported cross-dataset mIoUs around
0.26 to 0.33 between EgoHands and Ego2Hands, whereas training and
testing within the same dataset resulted in mIoUs above 0.82. Regard-
ing predictive entropy, its values range from O (complete certainty) to
1 (maximum uncertainty). Thus, lower entropy values indicate that the
model predictions are more confident, whereas higher values reflect
greater uncertainty in predictions.

As shown in Table 4, the segmentation accuracy (mloU) for models
trained on EgoHands and Ego2Hands is significantly lower compared
to models trained on HADR and HAGS, regardless of background con-
ditions. This discrepancy can be attributed to the non-industrial nature
of the EgoHands and Ego2Hands datasets. The presence of industrial
robots and workplace elements in the test images introduces challenges
for these models, as their training data lacks such scenarios, reducing
their generalizability to segment hands in industrial settings. In con-
trast, the model trained on HAGS outperforms the model trained on
HADR, which may be due to the synthetic nature of the HADR dataset.
Models trained on synthetic data often struggle with domain adaptation
when applied to real-world scenarios. Additionally, the HADR dataset
primarily contains images captured from a top-down view, whereas
HAGS includes both top-down and side-view images, making it more
similar to our test dataset and therefore better suited for segmentation
in these conditions. Overall, segmentation accuracy decreased for all
models when tested in cluttered and messy backgrounds compared to
simple and minimalist backgrounds. This drop is more pronounced
for models trained on egocentric datasets (EgoHands and Ego2Hands),
likely due to the absence of industrial tools and environments in the
backgrounds of their training data. Interestingly, model trained on
HAGS was able to generalize well in the cluttered background while
HAGS dataset does not cover a variety of industrial backgrounds. In
general, the standard deviation of mIoU is relatively higher in cluttered
backgrounds than in simple backgrounds for all trained models, indi-
cating greater variability in model accuracy across different samples
within the same condition when the scene is complex.

Examining the average predictive entropy of the entire image (E)
reveals that simpler backgrounds consistently result in lower entropy
compared to cluttered backgrounds across all pre-trained models. This
indicates that models are more confident in their predictions when the
background is less complex while when the background is messy it
increases the uncertainty of the model so that it struggles to classify
each pixel to hand or background. Focusing on the pixels corresponding
to hand regions, the average predictive entropy for hands (E,) is sub-
stantially higher than the overall entropy (E), suggesting that models
are inherently less confident when predicting hand pixels. Additionally,
the standard deviation of E, is higher than that of E, meaning that
the uncertainty associated with hand pixels varies more across samples
than the overall uncertainty across all pixels within the same condition.
This uncertainty becomes even more pronounced in cluttered back-
grounds, likely because hands are often in close proximity to other
objects, making it more challenging for models to confidently classify
those pixels as hands.

4.2.2. Hand instance size effect

As discussed previously, the hand instance sizes within the training
datasets exhibit different distributions (see Fig. 2). To examine how
these size differences might affect segmentation accuracy, we inves-
tigated the relationship between hand size and the IoU score for the
condition of one operator (O1) interacting in a cluttered background.
For this purpose, we analyzed 20 samples from the test set in this
condition, covering a relative hand area range of approximately 0.008
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Fig. 9. IoU across different hand sizes for one operator (O1) in a cluttered background, for models trained on different datasets.

Table 5
Computed uncertainty thresholds (r) for each model trained on different datasets.

Training dataset Uncertainty threshold (r)

EgoHands 0.221
Ego2Hands 0.234
HADR 0.279
HAGS 0.292

(smallest instance) to 0.075 (largest instance) for the egocentric view,
and 0.008 to 0.044 for the side view, as hands appear smaller from the
side viewpoint (Fig. 6). Fig. 9 shows the IoU results for these samples
across models trained on each dataset. As observed from Fig. 9, all mod-
els, irrespective of the training dataset, tend to perform slightly better
on larger hand instances, though this relationship is not strongly pro-
nounced. Specifically, for models trained on EgoHands and Ego2Hands
(Figs. 9(a) and 9(b)), despite differences in their original dataset dis-
tributions (Figs. 2(a) and 2(b)), larger hand instances achieved slightly
higher IoU values—approximately 0.05 and 0.09 greater for the largest
instances compared to the smallest, respectively. Similarly, models
trained on HADR and HAGS datasets showed an IoU improvement of
approximately 0.09 and 0.06, respectively, for larger hand instances.
These observations suggest that while dataset distributions differed, all
models exhibited similar, moderate sensitivity to hand instance size,
with somewhat better segmentation performance observed for larger
hand instances. Notably, a similar trend was reported previously in the
HADR dataset study [15].

In conclusion, even though the distributions of hand sizes varied
across the training datasets, the trained models did not exhibit signif-
icant bias towards specific hand sizes. This indicates that the models
have a reasonable level of robustness to variations in hand instance
sizes within the range examined.

4.2.3. ID and OOD data

As previously mentioned, we conducted uncertainty analysis to
distinguish OOD data from ID data based on the threshold (z) defined in
Section 3.5. Table 5 reports the specific thresholds computed for each
model trained on EgoHands, Ego2Hands, HADR, and HAGS datasets.
Following the pipeline illustrated in Fig. 8, test samples whose aver-
age predictive entropy of predicted hand pixels (E;,) exceeds these
thresholds are flagged as untrustworthy predictions (potentially OOD),
enabling more reliable and interpretable segmentation outcomes.

The segmentation performance (mlIoU), predictive entropy, and per-
centage of detected as untrustworthy for the deep ensemble model
(DE-Mix) trained on four training datasets are listed in Table 6 for
both in-distribution (ID) and out-of-distribution (OOD) data. Notably,
all test conditions involve messy and cluttered backgrounds with indus-
trial tools, ensuring realistic and challenging evaluation scenarios. To
provide a structured analysis, the discussion is divided into two parts:
segmentation accuracy (mloU) and predictive entropy.

Accuracy of segmentation (mlIoU): As can be seen from Table
6, the trained model has better segmentation accuracy (mloU) for
the conditions it encountered during training (ID data) compared to
the scenarios it faced without prior exposure (OOD data) across all
four training datasets. Aside from presenting their mean and standard
deviation in Table 6, we further analyzed the IoU of each condition (see

the appendix) ensuring their distributions are meaningfully different.
The model trained on EgoHands when segment hands of one or two
human operators in the scene (O1 and O2), maintains its accuracy
for two operators since this condition was present during training. In
contrast, the model trained on Ego2Hands experiences a significant
accuracy drop in the same scenario since it has not faced two hu-
mans in its training (OOD data). In other OOD scenarios (e.g., two
operators with and without gloves), models trained on these egocentric
datasets perform poorly, with mIoU values below 0.2. Particularly for
rare gestures (RG), these models fail to segment even a small portion
of the operators’ hands (mloU less than 0.1). Similarly, for motion-
blurred images (MBN), representing aleatoric uncertainty, these models
achieve an mloU around 0.1, effectively failing to segment hands. On
the other hand, models trained on HADR and HAGS datasets show
significantly better segmentation accuracy in both ID and OOD data.
This performance can be attributed to their industrial context, which
closely matches the testing conditions in this study. The model trained
on HAGS performs better than the one trained on HADR, likely because
HAGS includes gloved hands (GH), contains both top-down and side-
view perspectives and its data is realistic (not synthetic), which are
similar to our test dataset. In O2 scenarios (two operators), both
HAGS- and HADR-trained models experience an accuracy drop, as these
conditions are OOD for their training sets. However, the HAGS-trained
model achieves better mloU ( 0.35) compared to the HADR-trained
model. In rare gesture (RG) and motion-blurred (MBN) scenarios, both
models struggle, but the HAGS-trained model performs slightly better
(mIoU 0.23 for RG, 0.28 for MBN) compared to HADR (mloU 0.12 for
RG, 0.24 for MBN).

Predictive Entropy and uncertainty analysis (£, £,, Ej, and
untrustworthy percentage): From Table 6, it can be observed that the
average predictive entropy for the entire image (E) remains relatively
stable between ID and OOD data with a low standard deviation over
different runs across samples in each condition. This stability contrasts
with the significant change observed in Table 4 when comparing simple
and cluttered backgrounds. This is likely because hand regions con-
stitute a small proportion of the entire image, so changes in hand
conditions do not significantly affect the overall uncertainty of the
image. However, when examining the predictive entropy for hand
pixels (E,), a good model is expected to exhibit higher uncertainty
for OOD data compared to ID data. Models trained on EgoHands and
Ego2Hands do not consistently follow this pattern. In these models,
the predictive entropy of predicted hand pixels (E;,) of OOD data is
also closer to ID data, and the percentage of OOD data flagged as
untrustworthy is relatively low in some conditions. Despite this, the
uncertainty-based filtering is still useful since approximately none of
ID data was flagged incorrectly as untrustworthy (since (E;;) of ID
data was lower than thresholds obtained from Table 5). Also, in some
cases (such as two operators with gloves), a considerable portion of
the OOD data was detected as untrustworthy. This analysis is helpful
for reliable segmentation, such that the OOD and ID can be better
separated in the inference phase and potentially discarding results
likely to be erroneous.

However, models trained on HAGS and HADR report higher both
(E,) and E,; in OOD conditions, indicating appropriate recognition of
unfamiliar scenarios as uncertain.
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Segmentation performance, predictive uncertainty, and uncertainty analysis results of models trained on each dataset using our test data in ID and OOD conditions. Results are
presented as mean and standard deviation (inside the parentheses) computed over five runs over 20 samples for each condition.

Training ID/OOD Image condition in test phase mloU E E, Ey Untrustworthy
dataset mean (SD) mean (SD) mean (SD) mean (SD) mean (SD)
D One operator (01) 0.361 (0.021) 0.163 (0.010) 0.223 (0.019) 0.177 (0.019) 0% (0%)
Two operators (02) 0.306 (0.023) 0.172 (0.012) 0.278 (0.022) 0.192 (0.018) 8% (7%)
One operator (01) with gloves (GH) 0.184 (0.026) 0.157 (0.013) 0.211 (0.021) 0.204 (0.023) 20% (8%)
EgoHands Two operators (02) with gloves (GH) 0.115 (0.030) 0.174 (0.015) 0.215 (0.024) 0.212 (0.022) 41% (8%)
00D Two operators (02) having rare gestures (RG) 0.052 (0.029) 0.168 (0.016) 0.231 (0.019) 0.225 (0.021) 51% (8%)
Two operators (02) with gloves (GH) having rare gestures (RG) 0.058 (0.031) 0.170 (0.015) 0.164 (0.020) 0.198 (0.025) 18% (17%)
Images with motion blurred noise (MBN) 0.103 (0.032) 0.154 (0.011) 0.126 (0.015) 0.178 (0.023) 4% (2%)
D One operator (01) 0.318 (0.028) 0.140 (0.007) 0.275 (0.023) 0.205 (0.019) 2% (4%)
Two operators (02) 0.202 (0.033) 0.153 (0.010) 0.247 (0.025) 0.223 (0.022) 27% (9%)
One operator (01) with gloves (GH) 0.171 (0.037) 0.134 (0.008) 0.198 (0.021) 0.209 (0.024) 11% (5%)
Ego2Hands 00D Two operators (02) with gloves (GH) 0.105 (0.034) 0.165 (0.013) 0.250 (0.024) 0.243 (0.027) 65% (10%)
Two operators (02) having rare gestures (RG) 0.069 (0.033) 0.146 (0.011) 0.212 (0.019) 0.225 (0.025) 37% (11%)
Two operators (02) with gloves (GH) having rare gestures (RG) 0.033 (0.020) 0.162 (0.016) 0.298 (0.028) 0.251 (0.029) 71% (4%)
Images with motion blurred noise (MBN) 0.115 (0.034) 0.149 (0.013) 0.165 (0.019) 0.192 (0.023) 3% (2%)
D One operator (01) 0.419 (0.021) 0.148 (0.009) 0.261 (0.024) 0.219 (0.025) 0% (0%)
Two operators (02) 0.349 (0.032) 0.155 (0.016) 0.312 (0.028) 0.288 (0.031) 61% (10%)
One operator (01) with gloves (GH) 0.279 (0.031) 0.131 (0.010) 0.329 (0.030) 0.273 (0.029) 45% (8%)
HADR 00D Two operators (02) with gloves (GH) 0.201 (0.036) 0.160 (0.017) 0.412 (0.033) 0.313 (0.030) 92% (7%)
Two operators (02) having rare gestures (RG) 0.148 (0.031) 0.152 (0.016) 0.403 (0.035) 0.361 (0.033) 99% (2%)
Two operators (02) with gloves (GH) having rare gestures (RG) 0.123 (0.028) 0.150 (0.014) 0.365 (0.026) 0.307 (0.027) 77% (10%)
Images with motion blurred noise (MBN) 0.239 (0.029) 0.135 (0.011) 0.287 (0.023) 0.251 (0.025) 17% (8%)
D One operator (01) 0.479 (0.022) 0.195 (0.011) 0.283 (0.025) 0.226 (0.017) 0% (0%)
One operator (01) with gloves (GH) 0.465 (0.025) 0.182 (0.015) 0.272 (0.022) 0.212 (0.020) 0% (0%)
Two operators (02) 0.362 (0.029) 0.204 (0.019) 0.348 (0.029) 0.310 (0.031) 75% (7%)
HAGS Two operators (02) with gloves (GH) 0.346 (0.031) 0.199 (0.020) 0.302 (0.031) 0.308 (0.026) 65% (9%)
00D Two operators (02) having rare gestures (RG) 0.238 (0.032) 0.196 (0.018) 0.417 (0.037) 0.391 (0.038) 98% (3%)

Two operators (02) with gloves (GH) having rare gestures (RG)

Images with motion blurred noise (MBN)

0.229 (0.033)
0.278 (0.030)

0.201 (0.017)
0.193 (0.015)

0.404 (0.034)
0.292 (0.024)

0.356 (0.033)
0.288 (0.029)

97% (2%)
50% (7%)

Accordingly, the untrustworthy percentage is high for OOD data
(with low standard deviations across different runs) while remaining
negligible for ID data. This pattern results in a more reliable segmen-
tation pipeline where OOD and ID data can be separated at inference
time, and segmentation results can be trusted with greater confidence.
This is especially pronounced for the model trained on HAGS, which
flags between 50% and 98% of OOD data as untrustworthy, thus
achieving highly reliable performance under data distributional shift.

The superiority of models trained on HAGS and HADR is clearly
evident compared to those trained on EgoHands and Ego2Hands in
terms of segmentation accuracy and uncertainty analysis. This can be
attributed to the fact that the images in HAGS and HADR datasets
are more aligned with our testing conditions, as both datasets are
specifically designed for industrial human-robot interaction scenarios.
In contrast, the images in EgoHands and Ego2Hands primarily depict
hands in general, non-industrial activities, making them less relevant
for the industrial context of our evaluation.

It is important to note that the results reported above are based
on models evaluated directly without fine-tuning on the test dataset.
This deliberate choice ensures that the evaluation highlights the mod-
els’ generalization capabilities in novel, realistic industrial conditions.
However, this approach inherently results in lower segmentation accu-
racy (mlIoU) compared to models that undergo fine-tuning on similar
test data.

All experiments were conducted on a workstation equipped with an
NVIDIA GeForce RTX 3090 GPU, an AMD Ryzen 9 processor, and 64 GB
of memory. This setup provided the computational power required
for training and evaluating the deep ensemble model (DE-Mix). With
this configuration, the DE-Mix model (with K = 4 base learners)
achieved a segmentation speed of 38 frames per second, demonstrating
its capability for real-time performance in practical applications.

4.3. Qualitative results

The segmentation results for both ID and OOD images captured from
egocentric and side cameras are presented in this section.

10

Fig. 10 shows an egocentric image of ID data, depicting one operator
(01) interacting with the environment. The ground truth and predicted
segmentation masks from models trained on EgoHands and Ego2Hands
are displayed. The model trained on EgoHands is able to segment some
pixels of both hands of the operator but mistakenly identifies part of
the wooden handle of the hammer as hand pixels. In contrast, the
model trained on Ego2Hands segments only a small portion of one
hand and mistakenly assigns hand labels to the wooden handle of the
hammer and another nearby tool. These results indicate the limited
accuracy of models trained on these datasets even dealing with ID data.
In both cases, the models did not flag these segmentations as untrust-
worthy, since the predictive entropy of the predicted hand pixels (£5)
remained below the corresponding threshold (z). This suggests that
the uncertainty-based filter does not mistakenly reject segmentation
on ID data, demonstrating its reliability in retaining trustworthy ID
predictions.

Fig. 11 depicts a side-view image of the same condition shown in
Fig. 10, with segmentation results from models trained on HADR and
HAGS. The model trained on HADR segments some pixels of one hand
while misclassifying parts of the tool carried by the operator as hand
pixels. Conversely, the model trained on HAGS demonstrates better
performance by detecting portions of both hands, even though the
operator’s left hand is occluded by the industrial robot. This highlights
the higher accuracy of the HAGS-trained model compared to the HADR-
trained model in ID scenarios. Consistent with the previous example,
the predicted segmentations in this side-view ID scenario were correctly
not flagged as untrustworthy.

Fig. 12 illustrates an OOD image featuring two operators (02) wear-
ing gloves (GH) and performing rare gestures (RG). The segmentation
masks from the model trained on EgoHands reveal segmenting only a
few pixels of the operators’ forearms, which are not considered part of
the hand since training and testing data define hands as the region from
the fingertips to the wrist. Additionally, the model incorrectly identifies
parts of the robotic arm and the wooden hammer handle as hand pixels.
The model trained on Ego2Hands, however, fails to segment any human
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Fig. 10. (a) an ID data in the egocentric view, (b) the segmentation ground truth mask, (c) segmented by DE-Mix trained on EgoHands, (d) segmented by DE-Mix trained on

Ego2Hands.

Fig. 11. (a) an ID data in the side view, (b) the segmentation ground truth mask, (c) segmented by DE-Mix trained on HADR, (d) segmented by DE-Mix trained on HAGS.
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Fig. 12. (a) an OOD data of two human operators O2 with gloves (GH) having rare gestures(RG) in the he egocentric view, (b) the segmentation ground truth mask, (c) segmented

by DE-Mix trained on EgoHands, (d) segmented by DE-Mix trained on Ego2Hands.

Fig. 13. (a) an OOD data of two human operators O2 with gloves (GH) having rare gestures(RG) in the side view, (b) the segmentation ground truth mask, (c) segmented by

DE-Mix trained on HADR, (d) segmented by DE-Mix trained on HAGS.

hand pixels while erroneously assigning hand labels to parts of the
robotic arm and tools. These observations explain the near-zero mIoU
values reported for these models when dealing with these kinds of OOD
data, as shown in Table 6. Interestingly, for this challenging OOD case,
the model trained on Ego2Hands correctly flagged the segmentation as
untrustworthy. Conversely, the model trained on EgoHands failed to
flag the segmentation as untrustworthy.

Fig. 13 displays the side-view perspective of the same OOD scenario
shown in Fig. 12. The model trained on HADR correctly segments
a small portion of one operator’s hand but misclassifies the wooden
hammer handle as hand pixels. The model trained on HAGS, however,
accurately segments portions of one operator’s hand without incorrectly
assigning other pixels as hands, although it fails to detect the other
operator’s hands. These results align with the lower mloU values ob-
served for OOD data compared to ID data, as reported in Table 6. For
both models in this OOD scenario, the resulting segmentations were
correctly identified as untrustworthy during inference, as the predictive
entropy for the predicted hand regions exceeded the threshold.

5. Conclusions and future works
This study investigated the performance of a deep ensemble model,

DE-Mix, composed of UNet and RefineNet, for human hand segmen-
tation in industrial human-robot interaction scenarios. Using four
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datasets EgoHands, Ego2Hands, HADR, and HAGS we evaluated the
generalization capabilities of models trained on these datasets under
diverse and challenging conditions, including both in-distribution (ID)
and out-of-distribution (OOD) scenarios. The results underscored the
importance of domain-specific datasets, with models trained on HAGS
and HADR consistently outperforming those trained on EgoHands
and Ego2Hands in segmentation accuracy and predictive uncertainty
metrics. In addition, we introduced an uncertainty analysis pipeline to
flag OOD data as untrustworthy during test. This provides a mechanism
for identifying unreliable segmentations in practical deployment.
Although OOD conditions posed significant challenges for all models
in achieving accurate hand segmentation, those trained on industrial
datasets demonstrated greater robustness in handling scenarios such
as gloved hands, rare gestures, and motion blur. In contrast, models
trained on non-industrial datasets struggled to generalize, often failing
to accurately segment hands or misclassifying non-hand regions. Im-
portantly, the proposed uncertainty analysis pipeline was effective in
filtering out unreliable segmentations. A substantial proportion of OOD
data was correctly flagged as untrustworthy, particularly for models
trained on HADR and HAGS. At the same time, the pipeline maintained
high reliability for ID data, as almost no ID samples were incorrectly
rejected across all models, and even models trained on EgoHands and
Ego2Hands benefited by correctly flagging certain OOD cases. This
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Fig. A.1. Distribution of IoU values across 20 samples for each test condition with respect to Table 6.

indicates that the entropy-based filtering enhances the trustworthiness
of segmentation outputs under challenging real-world conditions.

The complex and realistic nature of the test dataset characterized
by cluttered backgrounds, industrial tools, and multiple human hands
highlighted the inherent challenges of deploying segmentation models
in dynamic, real-world environments. While segmentation accuracy
was relatively low due to the absence of fine-tuning on the test data,
this limitation emphasized the challenges of generalizing to novel
industrial conditions, reinforcing the need for more diverse datasets and
adaptive techniques.

Future research could focus on fine-tuning pre-trained models with
industrial datasets to enhance their applicability to specific scenarios.
Expanding the diversity of training datasets by data augmentation and
also incorporating rare gestures, motion blur, and occluded hands could
be another option. Although constructing such comprehensive datasets
is a resource-intensive and time-consuming and inclusion of certain
conditions (particularly rare gestures) comprehensively into datasets
remains challenging due to their inherent variability and unpredictabil-
ity. We also restrict our experience to two human operators and also
two cameras, i.e. egocentric and side camera, extending future work to
include more complex scenarios, such as multiple operators in the scene
of interaction and different camera placements by considering different
angles and distances from participants, would provide further insights.
Additionally, integrating multimodal data, such as depth, may further
enhance segmentation accuracy under challenging conditions.

Exploration of advanced model architectures, such as Transform-
ers, offers promising potential to improve spatial understanding and
generalization to OOD scenarios. Furthermore, optimizing lightweight
models for real-time inference would facilitate deployment in industrial
environments, where speed and efficiency are critical.
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Appendix

Fig. A.1 shows the distribution of IoU values across 20 samples for
each test condition (both ID and OOD conditions listed in Table 6),
evaluated using the four pre-trained models. As evident, the distribu-
tions vary across conditions for each model. To statistically validate
this observation, we applied the Kruskal-Wallis test separately for each

12

pre-trained model to assess whether segmentation performance differed
significantly across conditions. The test results were statistically signif-
icant in all cases (p-value < 1.3x10723), indicating substantial variation
in IoU distributions. Therefore, the null hypothesis, stating that there is
no significant difference in model performance across test conditions,
was rejected in each case.
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