
View-Independent 3D Gait Recognition
Using Sequence-Based Siamese Networks

Mikolaj Klimek? and Bogdan Kwolek

AGH University of Krakow, 30 Mickiewicza, 30-059 Kraków, Poland
{miklimek,bkw}@agh.edu.pl

Abstract. Gait recognition is a rapidly evolving area of computer vi-
sion research. In recent years, emphasis has been placed on the ap-
proaches based on multi-camera datasets and the three-dimensional data
derived from them. However, a notable research gap persists between
gait recognition results obtained from precise motion capture data and
those achieved using marker-less approaches. The synchronized GPJATK
dataset used in this study enables this issue to be addressed by vali-
dating methods that rely on approximated joint positions obtained via
linear triangulation against ground-truth motion capture data. We pro-
pose a sequence-based Siamese framework for view-independent 3D gait
recognition. Using low-dimensional representations derived from similar-
ity learning, the proposed approach achieves a Rank-1 person identifica-
tion of 91.79% on triangulated data and 98.74% when evaluated using
ground-truth motion capture data.

Keywords: Computer vision · Gait recognition · Siamese neural net-
works · Motion capture · Triangulation.

1 Introduction

Walking is a fundamental human activity that is performed by nearly all indi-
viduals as a primary mode of locomotion. It is defined as a method of locomotion
that involves the use of the two legs, alternately, to provide both support and
propulsion. As the walking person moves forward, one limb act as a source of
support while the other limb moves itself to a new support site. Then the limbs
reverse their roles. The literature identifies numerous variables that can influence
gait characteristics, including illnesses, injuries and fatigue, social and cultural
context, type of footwear, training and muscle development, and the terrain on
which the person is moving. This manner or style of walking is defined as gait
whereas a single sequence of events repeated by each limb multiple times is called
a gait cycle [4–6].

Due to its unique characteristics, gait analysis might be useful in distinguish-
ing one person from another [12]. Unlike other popular biometric methods, such
as facial and fingerprint recognition, vision-based gait recognition can be per-
formed from a greater distance. This approach can be employed, for instance, to
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identify criminals responsible for offenses captured on surveillance cameras, while
individual elements of gait analysis may prove useful in medicine, physiotherapy,
sports, gaming and human-robot interactions [15].

The existing literature categorizes gait recognition methods into two main
groups: model-based (skeleton-based) and appearance-based (model-free) ap-
proaches [13–15]. The main difference lies in the methodological approach –
the first method utilizes extracted key joints of a skeletal model, whereas the
second relies on the full body shape or extracted silhouettes. Gait recognition
methods based on skeletal representations have a potential to be more robust to
variations in viewpoint and clothing than those relying on silhouette-based ap-
proaches. However, accurately estimating the positions of the joints of a moving
person remains a challenging task.

In the field of gait-based person identification, popular methods include Con-
volutional Neural Networks [23, 29], Graph Convolutional Networks [26], Recur-
rent Neural Networks [28], Long Short-Term Memory networks [25], and archi-
tectures based on Transformers [27, 29]. State-of-the-art approaches are capable
of achieving Rank-1 accuracy significantly exceeding 90% on large-scale datasets.
For a long time, gait recognition relied primarily on 2D representations of gait;
however, recently there has been a shift towards methods using 3D data, which
are more robust to covariate factors present in real-life scenarios, such as different
clothing, camera angles, or more complex environments [21]. However, creating
a solution that is completely independent of such external factors remains a
challenge [15].

While 3D gait datasets exist – collected using depth sensors such as Kinect
[19] or motion capture systems [20–22] – research in this field typically uses
larger, more widely recognized multi-camera datasets [16–18]. These datasets
allow for the determination of 3D human poses through various techniques, such
as triangulation and machine learning models. A research gap still exists between
studies based on datasets containing precise 3D ground-truth data and those
employing 3D data reconstructed from images using alternative approaches.

The GPJATK [1] synchronized dataset used in this study provides a unique
setting by incorporating multi-view video data from four distinct perspectives
along with synchronized motion capture data. This specific structure enables the
validation of video-derived joint positions against ground-truth motion capture
data for the same subjects. The GPJATK dataset makes it also possible to eval-
uate the accuracy of a model pretrained on motion capture ground-truth data
against 3D data obtained through triangulation or modern machine learning
techniques. This dataset is relatively small, as it comprises only 32 participants,
with 4 to 10 recorded sequences per individual. Despite being challenging, train-
ing models on such limited datasets might be valuable, given the difficulty of
collecting large-scale datasets with accurately annotated 3D ground-truth joint
positions. To date, no effective neural network-based methods have been de-
veloped for view-independent 3D gait recognition based on comparable scale
datasets. Previous work including the GPJATK dataset has focused mainly on
minimizing joint position estimation errors and performing identification using
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popular machine learning algorithms, often incorporating PCA-based compo-
nents [1, 2].

2 Background and Relevant Work

In this research, the GPJATK dataset [1] was used. It offers a unique integra-
tion of two data sources, containing both synchronized video data from four per-
spectives for each sequence and corresponding three-dimensional data acquired
through professional motion capture techniques. It comprises 166 gait sequences
recorded from 32 individuals. Each sequence includes four RGB video streams
(in AVI format) and motion capture data acquired using markers attached to
the subjects. The video streams were recorded at a frame rate of 25 frames per
second with a resolution of 960 × 540 pixels, while the motion capture data
was collected at a rate of 100 frames per second. In addition to the recordings,
the dataset also includes intrinsic and extrinsic camera parameters, allowing the
triangulation to be performed.

For six of the 32 participants, clothing changes were introduced during the
data collection process. In these cases, the gait sequences recorded with the first
clothing set are designated as sequences 1-4, whereas the sequences recorded with
the second clothing set are designated as sequences 5-8. For each clothing set,
four walking sequences were recorded: straight and diagonal walks, each from
right to left and from left to right. In addition, for seven participants, additional
sequences were recorded in which individuals wore backpacks. Motion capture
data are not available for these particular sequences, so these sequences were not
used in this investigation.

The GPJATK dataset has been thoroughly examined with respect to its
applicability for 2D gait analysis in research [3]. The authors demonstrated that
pose estimation using OpenPose can provide estimates of human gait parameters
with sufficient accuracy to detect changes in gait patterns. The reported results
indicate a temporal difference of 0.02 s for gait cycle parameters and 0.049
m for step length. Moreover, the mean error in sagittal plane hip and knee
angles between motion capture data and OpenPose estimates was 4.0◦ and 5.6◦,
respectively. Other widely adopted pose estimation algorithms, such as YOLO,
have not been assessed in this context.

Using the GPJATK dataset, previous work [1], which employed Annealed
Particle Swarm Optimization (APSO), reports mean 3D pose estimation errors
of 36.8 mm for the head, 37.7 mm for the torso, 43.4 mm for the tibiae, and
approximately 28.5 mm for the forearms, relative to ground-truth motion cap-
ture data. However, studies evaluating the accuracy of gait feature extraction
have not been conducted for 3D data obtained via triangulation or other avail-
able methods. No applications of this dataset for neural network-based person
recognition are known – previous research has made use of Principal Component
Analysis [1], Swarm intelligence [2], and other classical techniques.

ICCS Camera Ready Version 2026
To cite this paper please use the final published version:

DOI: 10.1007/978-3-032-29909-3_35

https://dx.doi.org/10.1007/978-3-032-29909-3_35
https://dx.doi.org/10.1007/978-3-032-29909-3_35


4 Mikolaj Klimek and Bogdan Kwolek

3 Methods

3.1 Contribution

The primary contributions of this research involve the development of an effective
neural network-based method for view-independent 3D gait recognition, which
utilizes low-dimensional representations of gait cycles obtained through simi-
larity learning. It was evaluated using the publicly available GPJATK dataset.
Furthermore, the study provides a comparative analysis between results obtained
from motion capture-based data and those derived from triangulated 3D data,
focusing on strategies to minimize the performance gap between these two dis-
tinct approaches. The proposed view-independent 3D gait recognition pipeline
follows a structured five-step process summarized in Fig. 1:

– Pose detection – utilizing YOLO26 to detect joint positions within video
sequences.

– 3D pose reconstruction – applying linear triangulation based on camera
parameters to obtain 3D joint coordinates.

– Feature extraction – calculation of gait features from the acquired 3D
positions

– Similarity learning – training a Siamese neural network (with 1D-CNN or
LSTM backbone) to quantify similarity between gait patterns.

– Identification – performing rank person identification based on the learned
Siamese embeddings.

Gait video
Camera 1

2D joints position
estimation 

(YOLO)

Triangulation used for estimation of 3D joints position

Gait features calculation

Siamese neural network for person identification
(Embeddings obtained with 1D conv based or LSTM based subnetwork)

Gait video
Camera 2

2D joints position
estimation  

(YOLO)

Gait video
Camera 3

2D joints position
estimation  

(YOLO)

Gait video
Camera 4

2D joints position
estimation 

(YOLO)

Rank classification on embeddings retrived from subnetwork
(k-NN, SVM, MLP, Naive Bayes, Logistic Regression, 

Random Forest, Gradient Boosting)

Fig. 1: Computational pipeline for gait analysis based on synchronized views from four
cameras.
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3.2 Pose Detection and Triangulation

For each video in every gait sequence, the positions of key joints were estimated
using the largest available YOLO26 [11] model for pose estimation. The human
pose model utilized in motion capture (MoCap) differs slightly from the one
used in YOLO26 pose estimation. Skeletons for both data sources are shown
in Fig. 2a. The main differences involve the spine and toe markers, which are
present in the MoCap datasets but are not included in YOLO skeletal model. In
contrast, YOLO provides more detailed head markers, featuring distinct points
for the nose, eyes, and ears. Despite these differences, both models share a core
set of markers – shoulders, hips, knees, ankles, elbows, and wrists – which form
the basis for feature extraction in this study, with their positions approximately
coinciding across models (e.g., the MoCap foot markers are placed slightly lower
than the YOLO ankle markers, but this should not have a significant impact on
the calculated parameters).

Taking advantage of the fact that each gait sequence was recorded using
four synchronized cameras and that the corresponding camera parameters are
available, linear triangulation [8] was applied to estimate the 3D coordinates of
each joint. The dataset provides the parameters required to construct a Tsai
camera model [7], including geometry parameters defining sensor dimensions,
intrinsic parameters that specify internal optical properties (focal length, radial
distortion, principal point, and skew), and extrinsic parameters that describe
the camera’s translation and rotation. The intrinsic parameters form the camera
calibration matrix, while the extrinsic parameters define the rotation and trans-
lation matrices that compose the extrinsic matrix. The camera projection matrix
combines both intrinsic and extrinsic parameters and can be used to transform a
3D point in world coordinates directly into 2D homogeneous image coordinates.
The mean triangulation errors for each joint, compared to it’s position in motion
capture data are presented in Table 1.

Triangulation based on YOLO detections most accurately predicts the posi-
tions of the ankles, elbows, and knees, with a mean error below 70 mm compared
to the motion capture reference data. In contrast, wrist positions are estimated
with the lowest accuracy, with a mean error of nearly 100 mm. The average
error in the position of the right and left joints is the biggest for the elbow and
is approximately 6 mm.

Table 1: Comparison of mean triangulation errors for selected joints (in millimeters).

Joint Left Right

Shoulder 76.06 77.73
Hip 82.77 80.61
Knee 68.66 68.19
Ankle 57.15 56.89
Elbow 60.92 54.88
Wrist 99.79 95.75
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Joints BVH Bones BVH
Joints triangulation YOLO26 Bones triangulation YOLO26

Motion capture and YOLO joins

Comparison of motion capture and
YOLO26.

Hips

Knee

Ankle

Shoulder

Knee
    angle

Legs
angle

 Hip
angle

Elbow

Wrist

Humerus
angle   

Elbow
  angle

Gait angles and joints position schema.

Fig. 3: Gait features and skeletal comparison.

3.3 Gait Features Extraction

Based on previous studies [1, 2] and after confirming that a single step takes
approximately 29 frames on average, each gait sequence was segmented – us-
ing foot height – into subsequences representing an approximate full stride (a
complete gait cycle defined as the interval between two successive initial con-
tacts of the same foot), with a fixed length of 32 frames. Additional experiments
were conducted using a Butterworth filter applied to each dimension of the tri-
angulated joint positions. The best results were shown to be obtained using a
relatively aggressive filter with a cutoff frequency of 0.625 and a second-order
filter. Less aggressive filtering produced results closer to those obtained without
filtering, while stronger filtering reduced the visibility of temporal variations in
gait features.

In gait recognition, a person-independent descriptor is a feature representa-
tion that captures a person’s walking characteristics while remaining robust to
external covariate factors such as different clothing, carrying conditions, or view-
ing angles. To represent gait characteristics using this descriptor, the following
features were extracted:

– Change in center of gravity height – change in the distance between
the center of gravity (defined as the center of the pelvis) and the ground.

– Lateral pelvic tilt – angle in the frontal (coronal) plane between a global
horizontal axis and the transverse line connecting the two hip joints.

– Pelvis rotation – angle in the transverse (horizontal) plane between the
participant trajectory and the line connecting the hip joints.

– Distances between pairs of joints – ankles, knees, elbows, and wrists.
– Joint angles – left and right knee, hip, humerus, and elbow angles.
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– Leg angle – defined as the angle between the extensions of the femur lines
projected onto the sagittal plane.

Figure 2b illustrates the key joint positions along with their angular features
described above on the sagittal plane. These parameters were calculated for
each of the 32 frames within a stride, resulting in a feature representation of
size 32 × 16 for each gait sequence. In addition, a reduced feature subset was
considered that excluded upper limb joints. In this case, the dataset did not
include distances between the wrist and elbow pairs, nor the humerus and elbow
angle features, resulting in respectively smaller gait representation.

Given that the motion capture data was recorded at 100 Hz and the cor-
responding videos at 25 Hz, a comparable reference dataset was obtained by
resampling the motion capture data. Every fourth frame was selected, with an
appropriate offset, based on the metadata provided with the dataset.

To assess the impact of three-dimensional information on gait recognition,
similar features were also extracted from 2D joints position in sagittal plane.
These were computed using YOLO detections from a single camera view in
which the participant walked parallel to the camera. However, in this analysis,
the pelvis rotation and pelvic tilt features had to be omitted.

3.4 Representation of Person Similarity Using Siamese Neural
Networks

To address the challenge of gait sequence similarity, Siamese Neural Networks
[9] (SNN) were used. The SNN architecture processes two inputs, each repre-
sented as a matrix with the first dimension corresponding to the sequence length
(32) and the second to the number of features, through two identical backbone
subnetworks with shared weights. These subnetworks map the inputs into 32-
dimensional embedding vectors, which are then compared using the Euclidean
distance metric. The standard size of embedding equal to 32 has been used in
this research - larger embeddings might slightly improve the quality of person
identification, but may result in lower person similarity performance. If the dis-
tance between two embeddings falls below a predefined threshold (set to 0.5
during all experiments both in training and evaluation phase), the sequences are
classified as belonging to the same participant. A lower threshold used for eval-
uation improves model precision but reduces recall, whereas a higher threshold
increases recall at the expense of precision, so it could be adjusted depending
on the needs. In this research, two distinct architectures were evaluated as the
Siamese backbone:

– 1D Convolutional (1D-CNN) based neural network model employs a
series of three 1D convolutional layers, followed by adaptive average pooling
and a final dense layer to produce the embedding.

– Long Short-Term Memory (LSTM) based network [24, 25] utilizes a
two-layer LSTM with dropout to extract temporal features from the sequen-
tial data. The final hidden state is then mapped to the embedding space via
a single dense layer.
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Both models were trained using a contrastive loss function [10], which is defined
as L = (1− y) ·D2 + y ·max(0, m−D)2, where:

– y ∈ {0, 1} is the label (0 = similar, 1 = dissimilar),
– D is the distance between items in pair (Euclidean distance in this case),
– m is a margin value that defines the minimum distance required between

dissimilar pairs.

This approach encourages the network to minimize the distance between em-
beddings of similar pairs, while ensuring that dissimilar pairs are separated by
at least a specified margin.

During the training of Siamese neural networks, the Adam optimizer was
used with batches consisting of 32 pairs. Experimental results indicate that em-
beddings more suitable for gait recognition can be obtained even with relatively
low learning rate values. For 3D data (both ground-truth and triangulated), the
Conv1D-based Siamese neural network was trained with a learning rate of 1e-6
for 100 epochs, while the LSTM-based Siamese neural network used a learning
rate of 1e-5 and was trained for 150 epochs. For 2D data, the best performance
was achieved with a learning rate of 1e-5 for the Conv1D backbone and 1e-4
for the LSTM backbone. In both 2D cases, the training process was completed
within 20 epochs.

4 Experimental Results

4.1 Evaluation Protocol

For evaluation, we used the dataset comprising all sequences for which motion
capture data were collected (152 sequences, split into individual strides as de-
scribed earlier). The Siamese Neural Network models were evaluated using 4-fold
cross-validation. Given that the dataset consists of sequences from 32 partici-
pants, each fold was partitioned so the training set contained 24 participants,
while the remaining eight were reserved for test dataset.

To ensure a robust learning process, the following pairing strategy was im-
plemented – for each participant positive pairs were generated by creating all
possible pairs with samples presenting this participant. To obtain a balanced
dataset, the same number of negative pairs as positive pairs were created by
randomly selecting a sample representing this participant and a sample repre-
senting another participant from the same set. This procedure was applied to
each participant in the selected dataset. To increase the versatility of the model
and prevent overfitting, the negative pairs in the training set were regenerated
at the beginning of each training epoch. Since the problem at this stage reduces
to binary classification on a balanced dataset, Accuracy, Precision, Recall, and
the Area Under the ROC Curve (AUROC) were calculated for each classifier in
each fold using a test set with randomly generated negative pairs.
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Following the training of the Siamese Neural Network (SNN) for person
similarity prediction, the trained backbone can be utilized to generate low-
dimensional vector embeddings representing the gait sequence. Using these em-
beddings, individual identification can be performed using standard machine
learning models, including K-Nearest Neighbors (k-NN), Support Vector Classi-
fier (SVM), Multi-Layer Perceptron (MLP), Gaussian Naive Bayes (NB), Logis-
tic Regression (LR), Random Forest (RF), and Gradient Boosting (GradBoost).
The Correct Classification Rate (CCR) was calculated for each classifier. CCR
is defined as the ratio of correctly classified cases to the total number of test set
samples. In addition to the standard Rank-1 measure, Rank-2 and Rank-3 rates
were determined, indicating the percentage of correct identifications appearing
within the top two and top three predictions of classifier, respectively. This eval-
uation procedure was applied to each test set during the SNN training process,
employing 4-fold cross-validation.

4.2 Person Similarity Performance

Table 2 presents the performance results obtained during training using the full
feature set, including those derived from upper limb marker positions. Base-
line training with motion capture (MoCap) data demonstrates that presented
approach accurately determines whether two sequences represent the same indi-
vidual with an accuracy of 99.38% using a 1D convolution based backbone and
97.99% with an LSTM subnetwork.

Table 2: Person similarity performance using all features calculated from ground-truth,
triangulated 3D and raw 2D data.

1D Conv LSTM

Data type Accuracy Precision Recall AUROC Accuracy Precision Recall AUROC

MoCap data
(Ground truth)

99.38 99.96 98.80 100.0 97.99 96.14 100.0 99.94

Triangulated data 95.72 99.88 91.54 99.55 95.12 92.02 98.80 99.22
Triangulated data,
Butterworth

84.29 99.44 68.96 99.17 95.79 92.23 100.0 99.60

2D data 90.61 91.65 89.35 97.92 72.76 68.41 84.55 85.28
2D data, Butter-
worth

81.93 83.78 79.18 92.04 70.39 66.71 81.43 83.31

When using the triangulated dataset, the accuracy of similarity predictions
decreases by 3.66 percentage points for the Siamese neural network with a 1D-
CNN backbone and by 2.87 percentage points for the LSTM based version.
Further data smoothing via a Butterworth filter results in a decline in prediction
accuracy by more than 10 percentage points for 1D-CNN and an increase of a
few tenths of a percentage point for the LSTM backbone. For 1D-CNN backbone
and Butterworth-smoothed data, a large number of false negatives is observed,
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resulting in a low recall of 68.96%. All models evaluated on 3D data achieved an
AUROC exceeding 99%.

For 2D data, the 1D convolution based backbone shows a significant perfor-
mance drop – accuracy is 5.11 percentage points lower on raw data compared
to 3D results, with an additional decrease following Butterworth filtering. With
the LSTM backbone, the accuracy gap between triangulated 3D data and 2D
data is even larger and exceeds 20 percentage points, both with and without the
Butterworth filter.

Table 3: Person similarity performance using only features not involving hands calcu-
lated from ground-truth, triangulated 3D and raw 2D data.

1D Conv LSTM

Data type Accuracy Precision Recall AUROC Accuracy Precision Recall AUROC

MoCap data
(Ground truth)

97.92 98.15 97.68 99.87 97.02 94.38 100.0 99.81

Triangulated data 90.29 98.68 81.67 98.23 92.01 86.98 98.80 98.57
Triangulated data,
Butterworth

85.64 93.22 76.86 96.85 94.31 89.79 100.0 99.02

2D data 84.97 83.30 87.47 95.31 82.36 77.48 91.23 89.72
2D data, Butter-
worth

79.96 79.58 80.59 90.58 75.95 70.34 89.73 86.98

Table 3 summarizes the results obtained using the same methodology, but
with upper limb joint features excluded from the datasets. For the SNN with
a 1D convolution backbone, accuracy was 1.46 percentage points lower using
MoCap data, decreased by 5.43 for raw triangulated data, and increased by 1.35
percentage points after Butterworth filtered was applied.

In the case of the LSTM backbone, performance across all data types was
slightly worse than with all features, with the largest difference occurring for raw
triangulated data at more than 2 percentage points. Excluding upper limb re-
lated features led to improved performance on 2D data for the LSTM backbone,
while degrading the performance of the 1D-CNN backbone.

Figure 5 compares the t-SNE visualizations of test set embeddings across
one cross-validation iteration, highlighting three dataset types (motion capture,
raw triangulated data, and triangulated data with a Butterworth filter) and two
subnetwork architectures (1D convolution and LSTM based).

4.3 Persons identification based on Siamese neural network
embeddings

Table 4 summarizes the person identification results obtained using the motion
capture dataset. When utilizing the full feature set and the 1D convolution based
backbone, the highest Rank-1 scores were achieved by the Logistic Regression
classifier (98.74%) and the MLP (98.50%). Most classifiers, except k-NN, Naive
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Fig. 5: t-SNE visualization of Siamese embeddings (x/y: 2D t-SNE coordinates); better-
performing models show clearer participant separation.

Bayes, and Gradient Boosting, achieved at least 99% Rank-2, while only Gra-
dient Boosting remained below 99.5% at Rank-3. In contrast, when the LSTM
based backbone was employed on the same dataset, the maximum CCR reached
73.66% with the MLP. This classifier also proved to be the most effective for
Rank-2 and Rank-3, achieving 89.31% and 95.79%, respectively. Other classifiers
performed significantly worse. When training without wrist and elbow joints re-
lated features, the Rank-1 score for the 1D-CNN embeddings dropped to 97.27%,
while the LSTM backbone dropped to 71.11%.

The left side of Table 5 presents the training results for the triangulated
data (both raw and Butterworth-filtered). Using embeddings from the 1D-CNN
subnetwork, the raw data achieve a CCR of 89.90% with Logistic Regression,
Rank-2 scores reaching almost 98% with the same classifier, and Rank-3 scores
exceeding 99% for SVM, LR and RF. After applying the Butterworth filter, the
Random Forrest classifier achieved a CCR of 91.79%. LR and MLP achieved
more than 98% in Rank-2, while both methods, together with RF, exceeded
99% in Rank-3. The highest Rank-1 score obtained with triangulated data is
6.95 percentage points lower than the best result achieved using the motion
capture dataset.

The presented method outperforms the techniques described in [1] and [2],
where the highest Rank-1 values reached 80.13% and 87.05%, respectively, using
datasets without participants after changing clothes. As mentioned previously,
the dataset used in this research includes all individuals from the GPJATK
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Table 4: Top-K person identification comparison on embeddings obtained from motion
capture data.

All features

1D Conv LSTM

Model Rank-1 Rank-2 Rank-3 Rank-1 Rank-2 Rank-3

k-NN 90.78 98.50 99.75 60.90 82.90 91.81
SVM 98.00 99.51 99.76 54.75 77.37 92.08
MLP 98.50 100.0 100.0 73.66 89.31 95.79
NB 92.53 95.77 99.51 52.99 75.89 91.08
LR 98.74 100.0 100.0 69.64 84.85 95.06
RF 97.50 99.75 100.0 70.64 88.82 95.03
GradBoost 87.80 92.55 95.03 64.16 84.32 90.81

Features not involving hands

1D Conv LSTM

Model Rank-1 Rank-2 Rank-3 Rank-1 Rank-2 Rank-3

k-NN 86.61 98.75 99.50 52.94 78.87 86.82
SVM 93.53 98.76 99.51 51.48 74.89 85.83
MLP 95.52 98.99 99.50 71.11 84.06 90.79
NB 90.34 95.78 98.75 45.00 69.94 79.60
LR 97.27 99.00 99.50 66.85 82.81 91.04
RF 93.30 97.27 98.75 66.40 82.09 88.54
GradBoost 80.36 89.52 92.25 60.41 76.36 85.33

dataset for whom motion capture ground-truth validation was possible, including
several individuals recorded in two different clothing sets.

Consistent with the motion capture results, the person identification perfor-
mance on triangulated data using the LSTM subnetwork was significantly lower
than that of the 1D-CNN, peaking at 52.91% CCR for raw data and 65.22% for
filtered data. The performance gap between datasets with and without upper-
limb features is greater in triangulated data than in motion capture data. For
triangulated dataset with reduced features set, the highest achieved Rank-1 was
74.02% (using raw data and the 1D convolution based backbone).

The right side of Table 5 presents the CCR results obtained using two-
dimensional data. In this configuration, performance metrics are markedly lower,
with no classifier reaching a 50% Rank-1 score. The peak performance of 47.66%
was achieved on raw data using the 1D-CNN backbone. Interestingly, for 2D
data, the performance difference between the full feature set and the set exclud-
ing upper limb features is significantly less visible than in the 3D data scenarios.

5 Summary and Conclusions

In this work, a model-based, view-independent 3D gait recognition approach
based on Siamese neural networks with two types of backbone architecture is pro-
posed and evaluated with triangulated and ground-truth motion capture data.
The experimental results yield the following key conclusions:

– The proposed Siamese based approach demonstrates high effectiveness in
distinguishing between motion sequences belonging to different individuals.
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Table 5: Top-K person identification comparison on embeddings obtained from YOLO-
based data. The first column reports results for 3D triangulated data, while the second
column shows results for raw 2D data.

Triangulated data

All features

1D Conv LSTM

Model Rank-1 Rank-2 Rank-3 Rank-1 Rank-2 Rank-3

k-NN 76.12 92.95 98.46 45.94 67.87 80.14
SVM 83.47 96.06 99.09 49.27 71.32 84.13
MLP 86.14 96.92 98.77 51.06 72.22 86.17
NB 81.24 92.96 97.23 44.41 68.20 85.04
LR 89.90 97.87 99.39 48.92 73.38 87.77
RF 84.01 96.30 99.68 52.91 73.68 87.10
GradBoost 70.23 81.52 87.73 48.62 66.64 76.49

All features, Butterworth filter applied

1D Conv LSTM

Model Rank-1 Rank-2 Rank-3 Rank-1 Rank-2 Rank-3

k-NN 79.54 94.66 98.37 49.41 76.18 87.05
SVM 85.78 94.74 97.71 41.46 72.53 90.34
MLP 90.45 98.03 99.01 65.22 80.84 90.43
NB 88.85 95.77 97.73 51.04 71.23 88.16
LR 91.41 98.37 99.04 57.64 78.55 91.72
RF 91.79 97.39 99.01 63.22 80.14 90.45
GradBoost 73.27 85.77 90.42 56.75 73.62 80.60

Features not involving hands

1D Conv LSTM

Model Rank-1 Rank-2 Rank-3 Rank-1 Rank-2 Rank-3

k-NN 54.47 77.70 87.18 28.07 45.83 61.03
SVM 62.02 83.18 93.83 26.37 41.95 55.70
MLP 71.25 85.61 90.54 32.49 52.29 65.14
NB 60.46 77.65 87.39 21.38 36.70 54.09
LR 74.02 85.32 93.25 33.49 55.39 67.31
RF 62.31 79.78 89.31 30.89 50.14 61.98
GradBoost 55.37 69.46 75.85 25.72 44.31 58.99

Features not involving hands, Butterworth

1D Conv LSTM

Model Rank-1 Rank-2 Rank-3 Rank-1 Rank-2 Rank-3

k-NN 57.11 78.58 89.89 41.94 64.96 76.80
SVM 58.06 81.89 90.82 38.56 58.02 72.00
MLP 59.12 82.51 91.41 46.45 69.25 78.81
NB 57.48 83.27 91.15 36.69 61.30 77.21
LR 63.30 86.18 94.40 47.53 69.20 83.06
RF 62.11 84.58 93.77 49.57 70.86 79.37
GradBoost 56.15 72.35 78.32 41.50 60.72 74.53

YOLO 2D data

All features

1D Conv LSTM

Model Rank-1 Rank-2 Rank-3 Rank-1 Rank-2 Rank-3

k-NN 38.13 58.41 70.61 28.34 44.87 55.92
SVM 29.35 49.82 60.21 18.27 31.66 45.01
MLP 41.50 64.04 76.79 37.68 48.91 58.86
NB 30.35 52.89 65.16 24.88 47.73 59.45
LR 47.66 67.04 83.50 38.85 51.01 62.22
RF 40.31 60.84 72.93 28.98 47.71 58.21
GradBoost 35.36 52.00 64.74 26.00 39.83 57.46

All features, Butterworth filter applied

1D Conv LSTM

Model Rank-1 Rank-2 Rank-3 Rank-1 Rank-2 Rank-3

k-NN 34.83 52.87 62.40 34.81 48.19 63.44
SVM 31.39 46.26 58.97 24.30 39.53 55.23
MLP 44.83 60.99 72.91 35.86 58.62 71.49
NB 38.99 54.64 65.67 35.07 51.77 64.28
LR 46.03 61.32 72.40 35.16 58.98 72.83
RF 41.46 57.73 71.56 41.39 57.08 66.61
GradBoost 41.44 55.23 63.39 31.93 46.12 62.27

Features not involving hands

1D Conv LSTM

Model Rank-1 Rank-2 Rank-3 Rank-1 Rank-2 Rank-3

k-NN 33.51 50.69 68.55 35.47 57.57 71.24
SVM 27.04 44.65 56.82 29.25 48.30 61.45
MLP 40.98 63.52 76.82 45.44 66.92 77.38
NB 35.17 53.83 67.80 30.64 55.80 70.32
LR 43.64 63.73 77.52 41.17 64.76 74.61
RF 35.76 51.22 69.66 44.82 64.67 77.30
GradBoost 31.28 49.62 59.10 39.81 54.95 67.52

Features not involving hands, Butterworth

1D Conv LSTM

Model Rank-1 Rank-2 Rank-3 Rank-1 Rank-2 Rank-3

k-NN 32.32 45.84 56.72 27.99 43.68 64.69
SVM 24.83 43.41 57.66 25.65 41.35 55.72
MLP 31.01 48.04 61.05 32.40 59.99 74.33
NB 29.45 48.03 60.10 28.11 48.18 60.58
LR 37.75 54.33 68.14 36.79 55.20 70.13
RF 32.87 48.07 55.80 30.95 53.89 69.18
GradBoost 28.46 48.69 62.59 28.65 44.75 59.51

– Segmenting gait sequences into individual steps and training a Siamese
neural network with dynamically generated negative pairs enables effective
learning even when using a relatively small dataset.

– The transition from 2D sagittal plane data to 3D features (via triangulation
or motion capture) results in a substantial improvement in recognition per-
formance – differences of up to several tens of percentage points are observed
for the proposed datasets.

– Low-dimension embeddings generated by the Siamese neural network back-
bones are highly effective for person identification, and the proposed solution
remains robust to covariate factors, including different camera positions and
participant clothing. The 1D convolution based backbone proves to be a sig-
nificantly more robust feature extractor than the LSTM based alternative,
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achieving higher performance across almost all scenarios. Applying Butter-
worth filter to triangulated data also has a positive impact on the obtained
results and allows for the minimization of the discrepancy between the re-
sults obtained from triangulated 3D data and those derived from motion
capture ground-truth data.

– Among the machine learning models evaluated for person identification based
on Siamese low-dimensional embeddings, the Logistic Regression frequently
delivers the most accurate results. Nevertheless, Random Forest and Multi-
Layer Perceptron also emerged as competitive and viable options for this
task. Good performance is difficult to obtain without incorporating features
related to the upper limb.
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