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Abstract—Gesture recognition in Human-Machine Interaction
(HMI) refers to the automatic detection of human gestures,
assigning semantic meaning to physical movements and enabling
interaction with computers, robots, or the analysis of human
behavior. This work proposes a method for static gesture recogni-
tion, focusing specifically on the “pointing” gesture, based on 3D
human skeletons reconstructed through a multi-camera system.
The objective is to automatically detect the presence or absence
of the gesture using spatial pose data derived from the three-
dimensional reconstruction of the human body from multiple
viewpoints. Following manual annotation and segmentation of
the gesture sequences, structural features were extracted from the
skeletons. A normalization process was applied, which performs
translation to the origin and rotation to align the skeleton
with the X-axis. Classical supervised machine learning models
were then employed to classify body poses: Logistic Regression,
Random Forest, and Decision Tree. Experiments were carried
out using Leave-One-Subject-Out (LOSO) cross-validation. The
results demonstrate the viability of the proposed approach for
applications in intelligent environments, where recognizing the
pointing gesture could be used to indicate goals, highlight objects
of interest, or define target positions for mobile robots.

I. INTRODUCTION

In Human-Machine Interaction (HMI), gestures are regarded
as one of the least intrusive and most natural forms of
communication. They are often preferred over speech, as they
typically do not require a grammatical structure for their for-
mulation [1]. These gestures can be dynamic or static: (i) static
gestures do not vary in time, e.g. pointing or grasping; (ii)
dynamic gestures can be defined as a set of small movements
that makes possible the communication between individuals,
e.g. waving or drawing letters in the air [2].

In recent years, various approaches have been proposed
for static gesture recognition. Osipov et al. [3] proposed a
real-time method for static gesture recognition based on hand
skeletons, specifically targeting sign-digit gestures, using a
Support Vector Machine (SVM) classifier. Similarly, Cosmi-
Filho et al. [4] introduced a decision tree-based approach for
recognizing static gestures using 3D skeletons obtained from
a multi-camera system, aiming to identify when users raised
their left hand, right hand, or both.

Among the various types of static gestures, pointing ges-
tures have gained significant attention due to their intuitive
nature and versatility in real-world applications. Lorentz et al.
[5] present an application of human-robot interaction using
pointing gestures and a humanoid robot. Čorňák et al. [6]

developed a collaborative method for interaction between a
human operator and robotic manipulator also using pointing
gestures. Medeiros et al. [7] used a pointing gesture interface
for human-drone interaction in a firefighting scenario.

To recognize the pointing gesture, many existing methods
rely on single monocular RGB cameras or stereo camera
setups. In contrast, this work presents an approach for rec-
ognizing the static pointing gesture using a system composed
of multiple calibrated cameras. This setup enables the 3D
reconstruction of skeletal data, which is then employed to
identify the pointing gesture. To this end, we propose the use
of classical machine learning models to classify the gesture.
Once the gesture is detected, a 3D line is estimated based
on the shoulder-to-wrist joints. This methodology thus allows
seamless integration with other systems, enabling functional-
ities such as indicating goals, highlighting objects of interest,
or defining target positions for mobile robots (see Fig. 1).

Fig. 1. Example of application using pointing gesture recognition: highlight-
ing object of interest.

II. PROPOSAL

For better understanding, our proposal is structured into five
main stages: the method employed for 3D skeleton pose esti-
mation using a calibrated multi-camera system (Section II-A),
the dataset used in this study (Section II-B), the preprocessing
techniques applied to the data (Section II-C), the machine
learning models used for gesture classification (Section II-D),
and the method for estimating the 3D line (Section II-E).

A. 3D pose estimation

The skeleton estimation method employed in this work is
based on the adaptation proposed by Cosmi-Filho et al. [4],



which builds upon the work of Chu et al. [8].
Using images captured simultaneously from multiple cali-

brated cameras, the system processes the set of different view-
points by applying a person detector, aiming to isolate each
individual in the scene and extract their respective bounding
boxes. These bounding boxes are then passed through a 2D
pose estimator, which determines the bidimensional locations
of body parts and joints, resulting in 2D joint coordinates. For
this purpose, YOLOv11 [9] was used as the person detector,
and RTMPose [10] for pose estimation.

Then, 2D poses are associated across multiple views, and
a 3D pose reconstruction is performed to estimate the full-
body skeletons of all individuals in the scene. To achieve this,
the method leverages temporal consistency, associating the 2D
poses detected in each camera view with previously recon-
structed skeletons. To handle imprecise or noisy samples, the
method incorporates a part-aware measurement that evaluates
the affinity between specific body parts, along with an outlier
filtering mechanism applied to the 2D estimations during the
reconstruction process [4].

B. Dataset

The dataset used in this study was built from recordings
conducted in a laboratory environment equipped with four
cameras (see Fig. 2). Approximately 5 minutes of video
were collected per participant, during which individuals were
instructed to perform the pointing gesture in various positions
and directions, covering the following scenarios: (i) right arm,
(ii) left arm, and (iii) arms at rest.

Fig. 2. Reconstruction example using a four-view camera system.

Subsequently, the frames from each recording were seg-
mented and labeled as ’1’ (pointing gesture) or ’0’ (no
gesture). Then, the method described in the previous section
was used to estimate the 3D joint coordinates of the subjects.
For training purposes, only the 3D coordinates of the shoulder,
elbow, and wrist from both arms were used.

The final dataset comprises a total of 4,606 frames, collected
from four individuals (the authors of this work) with variation
in height and gender. The class distribution in the dataset
consists of 60.6% “gesture” frames and 39.4% “no gesture”
frames.

C. Data pre-processing

To ensure invariance to the global position and orientation
of the skeletons, a two-step normalization process was applied
to each frame in the sequence:

• Translation to the origin: All joints in the skeleton are
translated so that a reference joint (e.g., the nose) is
positioned at the origin of the coordinate system.

• Alignment with the X-axis: The skeleton is then rotated
so that the vector defined between the shoulder joints
becomes aligned with the X-axis.

This normalization is applied to every skeleton at each time
step, producing a standardized spatial representation of the
motion.

D. Machine Learning Models

The following machine learning models were employed in
our experiments to classify to gesture of interest:

• Random Forest (RF) [11]: An ensemble learning method,
which combines multiple individual models (in this case,
decision trees) to create a more powerful and reliable
model. It improves predictive performance and reduces
overfitting by leveraging the diversity of the ensemble.

• Logistic Regression (LR) [12]: A linear classification
model that estimates the probability of a binary outcome
based on a linear combination of input features.

• Decision Tree (DT) [13]: A tree-based model that re-
cursively splits the feature space based on criteria like
information gain or Gini impurity. It models decisions as
a sequence of simple rules, making it both interpretable
and effective for capturing non-linear relationships.

E. 3D line estimation

After classifying a given sample as a pointing gesture, the
pointing direction is defined using the parametric equation
of a line in 3D space. Let Pshoulder and Pwrist denote the
3D coordinates of the shoulder and wrist, respectively. The
direction vector v of the line is obtained by the difference
between these points, defined in Equation (1).

v =
−−−−−−−−→
PshoulderPwrist (1)

The wrist is selected as the reference point P0 lying on
the line, due to its proximity to the hand. Thus, the line r
is characterized as a parametric equation, defined in Equation
(2).

r : P = P0 + tv⃗ ; t ∈ R (2)

Here, P denotes a generic point on the line, P0 corresponds
to the 3D coordinates of the wrist, v is the direction vector
derived from the shoulder–wrist displacement, and t is a real-
valued scalar parameter.

To determine which arm is performing the pointing gesture
(right, left, both, or none), a distance-based criterion is applied
individually to each arm: if the distance between the shoulder
and wrist of a given arm exceeds a predefined threshold
(determined empirically through a parameter sweep), the arm
is considered to be executing the gesture.



III. EXPERIMENTS AND RESULTS

First, we analyzed the impact of the normalization proce-
dure through a Principal Component Analysis (PCA) (Section
III-A). Then, we described the performance evaluation of
different classification models using a Leave-One-Out Cross-
Validation strategy (Section III-B).

A. Normalization effects
To evaluate the effectiveness of the normalization procedure,

Principal Component Analysis (PCA) was applied to the sam-
ples both before and after normalization. In Figure 3a, all sam-
ples from the dataset were projected into a lower-dimensional
space (three dimensions) without any prior normalization.
In contrast, Figure 3b shows the same projection applied
to the samples after the normalization process described in
Section II-C.

(a) w/o normalization (b) w/ normalization

Fig. 3. Principal Component Analysis (PCA) with and without normalization.

The results revealed that, prior to normalization, the pointing
gestures exhibited high variability in orientation and position.
After applying the normalization process a spatial pattern
emerged, with gesture samples becoming more consistently
aligned and clustered. This indicates that the normalization
step effectively reduces pose variability, facilitating the learn-
ing process for the classifiers.

In this context, the PCA algorithm was used solely to
illustrate the importance and necessity of data normalization.
For the classification task, the normalized joint information
is employed to perform binary classification of pointing and
non-pointing gestures.

B. Cross validation
To train the models, first we perform a grid search cross-

validation parameter optimization. After finding the best pa-
rameters for each machine learning model, we used the leave-
one-subject-out cross-validation strategy for evaluation [14].
This ensures that samples from the same person are never
used simultaneously for training and testing. Additionally, to
mitigate class imbalance within each fold, the models were
configured to automatically adjust class weights inversely
proportional to class frequency.

The detailed results (accuracy, precision, recall and F1-
score) for each fold and the corresponding averages for each
classifier are presented in Table I. Additionally, Figure 4 shows
the mean confusion matrices for each classifier. These matrices
represent the average across all validation folds. As shown,
the Logistic Regression (LR) classifier achieved the highest
average performance among the evaluated models.

Method Test Subject Acc. Prec. Rec. F1

LR 1 92.35 99.62 88.13 93.52
2 92.63 99.85 86.96 92.96
3 88.70 99.28 81.66 89.61
4 91.79 97.73 90.02 93.72

Mean 91.37 99.12 86.69 92.45

RF 1 87.51 86.97 94.18 90.43
2 85.97 84.91 91.14 87.91
3 79.88 77.32 93.79 84.76
4 89.57 91.76 93.04 92.40

Mean 85.73 85.24 93.04 88.87

DT 1 82.60 81.34 93.73 87.10
2 59.46 64.42 61.65 63.00
3 87.56 92.80 85.80 89.16
4 90.84 94.72 91.65 93.16

Mean 80.11 83.32 83.21 83.11
TABLE I

CROSS VALIDATION RESULTS WITH DIFFERENT CLASSIFIERS.

(a) LR (b) RF

(c) DT

Fig. 4. Mean confusion matrices obtained across all folds for the different
classifiers.

C. Evaluating system

To evaluate our method in a real-world scenario, we con-
ducted an experiment where specific objects were placed at
known and fixed positions. These positions were not estimated,
but inserted virtually into the system.

To verify whether the system could correctly identify when
a person is pointing and to which object, we designed an
experiment placing objects in known and fixed positions. In



the frame illustrated in Figure 5a, the subject is pointing to
the object labeled “robot”. The gesture was correctly classified,
the pointing line was estimated, and the distance between the
object and the line was d = 0.01,m, confirming that the
person was indeed pointing to the “robot”. A video of this
experiment can be seen at this link.

(a)

(b)

Fig. 5. Experiment in a multi-camera system with four views.

IV. CONCLUSION

This work presented a method for static pointing gesture
recognition based on 3D human pose estimation from a cali-
brated multi-camera system. By integrating person detection,
2D pose estimation, and multi-view 3D reconstruction, the
system generates skeletal representations of individuals in a
scene. These representations are preprocessed through spatial
normalization and used to train machine learning classifiers
capable of distinguishing pointing gestures. Once a gesture
is detected, a 3D pointing vector is estimated using the
shoulder–wrist joint configuration, enabling integration with
downstream applications.

The proposed approach may be used in several applications,
including human-robot interaction, context-aware systems, and
spatial referencing tasks in smart homes, museums, and
collaborative workspaces. However, the method depends on
reliable multi-view detection and accurate calibration between
cameras. Future work will explore the use of temporal models
to capture gesture dynamics, the incorporation of deep learning
approaches for improved classification, and the evaluation of
the method on more diverse and complex datasets.
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