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Abstract

This paper investigates human–AI collaboration through explainable AI where we interpret
the results of barefoot print clustering using unsupervised machine learning. This can be
used to identify the number of individuals from barefoot prints on the ground as a tool
in forensics or anti-poaching. A self-supervised vision transformer, DINOv2, is used to
automatically extract feature embeddings from localized barefoot-print regions to identify
trails belonging to an individual on soil substrate. Furthermore, we introduce an Embed-
ding Spatial Attribution Module (ESAM) to generate spatial attribution heatmaps, enabling
visualization of discriminative regions that contribute to individual-specific trail identifica-
tion and improving model explainability. The proposed method is named XTrail-ID, an
explainable human footprint trail identification framework with two variants, OBB-XTrail-
ID (oriented bounding box-based), and SEG-XTrail-ID (segmentation-based). We quantify
embedding similarity using three complementary metrics: cosine similarity, Pearson corre-
lation coefficient, and Spearman rank correlation. Twenty adults (ten males, ten females)
participated, with a total of 1000 trail images extracted from UAV imagery. SEG-XTrail-ID
using cosine similarity yielded the highest performance, with (3.21) discriminability and
(94.2%) accuracy, while OBB-XTrail-ID using cosine similarity achieved (2.54) discriminabil-
ity and (91.5%) accuracy. In addition, the latter exhibited reduced consistency in footprint
grouping when more than three individuals were present within a single frame.

Keywords: human–AI collaboration; explainable AI; barefoot trail; soil substrate; UAV
imagery; self-supervised learning; DINOv2 vision transformer; heatmaps; similarity
metrics; forensic applications

1. Introduction
Human footprint trails remain one of the most informative forms of trace evidence

encountered in outdoor environments, providing valuable clues for forensic investigations,
military tracking, border surveillance, and search-and-rescue operations, particularly when
other biometric cues are unavailable [1,2].
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Recent advances in computer vision for barefoot print analysis have focused pri-
marily on single-footprint identification and matching for forensic analysis [3]. How-
ever, in practical forensic scenarios, footprint evidence may occur as trails composed
of multiple impressions rather than isolated footprints, particularly when recovered in
outdoor environments [4].

The goal of this work is to group a trail of barefoot prints belonging to one individual
from UAV captured imagery using unsupervised machine learning. The explainable artifi-
cial intelligence (XAI) part is archived by spatial attribution heatmaps based on normalized
feature vectors of footprint morphology.

Nevertheless, most existing approaches continue to rely on statistical analysis and su-
pervised learning, using labeled data to learn and compare morphological features for asso-
ciating impressions with a suspect, limiting their applicability to such complex scenarios [5].
Recent methods have explored self-supervised learning frameworks that reduce reliance
on annotated data while enabling more interpretable feature representations [6,7]. Despite
these advances, the automatic self-supervised grouping of barefoot trail impressions belong-
ing to the same individual on soil substrates remains largely unexplored. And lastly, to the
best of our knowledge, there is no publicly available dataset for barefoot trail identification
on soil substrates.

Our proposed method utilizes normalized feature embeddings together with similarity-
based feature association to group unlabeled impressions into individual-specific trails
based on shared visual morphology. This avoids the black-box nature of supervised ma-
chine learning methods that raise concerns regarding explainability in forensic applications,
where understanding the basis of predictions is essential [8,9]. This work collected data
from 20 individuals and a total of 1000 images of trails, with 6 to 8 footprints per trail. In
addition, this study promotes interpretability through the Embedding Spatial Attribution
Module (ESAM), which leverages similarity analysis of feature embeddings and activation
heatmaps to show that the model focuses on discriminative footprint regions. The pro-
posed framework may support forensic reconstruction tasks, including movement pattern
interpretation and estimation of the number of individuals present within a scene.

2. Related Work
The research in this paper draws on methodologies from diverse domains, namely

human barefoot print analysis and self-supervised deep learning. Consequently, the related
work is structured into two subsections: one focusing on human barefoot print analysis
methods, and the other discussing self-supervised methods for visual feature learning,
which, although not previously applied to footprint identification, provide a theoretical
foundation for the framework proposed in this study.

2.1. Human Barefoot Print Analysis Methods

This section reviews an array of studies that utilize conventional methodologies,
sensor-based approaches, machine learning algorithms, and deep learning architectures
for the examination of barefoot prints across diverse domains. Early studies relied primar-
ily on manual landmark and morphometric measurements for barefoot print identifica-
tion and comparison, including techniques such as the Gunn method [10], the Overlay
method [11], the Optical Center method [12], the Robbins technique [13], and the
Reel method [14].

Subsequently, research shifted towards digital image processing and statistical simi-
larity metrics; nevertheless, these investigations continued to depend on contour-based
features, linear and angular measurements, or predetermined geometric descriptors. For
example, Osisanwo et al. [15] examined human footprints for forensic applications by
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photographically capturing crime-scene impressions and subjecting them to conventional
image-processing algorithms to evaluate their uniqueness. Švábová et al. [16] examined
stride length derived from dynamic footprints on controlled walkways to infer biological
attributes, including sex and stature. Their methodology used conventional statistical tech-
niques, without machine learning, and omitted any documentation of predictive accuracy.

Domjanic et al. [17] employed geometric morphometric analysis to investigate the
morphology of young women’s footprints, using landmarks and semi-landmarks to derive
Procrustes coordinates and principal components, thus quantifying variation in the shape
of the footprint. Liu et al. [18] developed a methodology to quantify the similarity of
barefoot prints in forensic applications. The investigation assesses various measurement
techniques for comparing two-dimensional footprint images, encompassing contour-based
and linear similarity metrics, to determine whether two footprints originate from the same
individual. Kennedy et al. [19] focused on single barefoot prints captured on inked paper
and analyzed using statistical linear and angular measurements to assess uniqueness and
similarity. Sun et al. [20] conducted a reliability study of the Chinese method for linear
barefoot print measurement, showing that it yields high test–retest and consistency for both
inked and dust footprints, and demonstrating its practical value as a reliable quantitative
approach in forensic footprint analysis.

However, these traditional footprint recognition methods are constrained by their
reliance on hand-made features, which often lack robustness to variations in walking style
and are highly sensitive to changes in gait dynamics and environmental conditions, such
as soil substrate variability [21]. In addition, they are typically developed and validated
in controlled acquisition settings such as inked prints, paper impressions, or laboratory
walkways—and are primarily designed for single-print comparisons rather than trail-based
analysis in unconstrained environments. Moreover, the dependence on manual landmark
placement and measurement introduces examiner subjectivity and susceptibility to human
error, potentially leading to inconsistent and non-reproducible outcomes. In addition
to traditional morphometric methods, several studies have explored the use of sensor-
based systems to capture dynamic characteristics of barefoot prints and gait, providing
quantitative insights that are difficult to obtain through manual observation alone.

For example, in ref. [22], Zhou et al. proposed a person identification approach using
pressure footsteps captured through a carpet-integrated fabric sensor system, extracting
features such as center-of-gravity shifts and maximum pressure per step and achieving about
76.9% accuracy in classifying individuals based on single steps. Zhang et al. [23] developed
a rule-based algorithm to extract and recognize footprints from dynamic plantar pressure
images, using segmented pressure distributions and geometric features for identification.
Xiang et al. [24] applied supervised machine learning (PCA/RFE with SVM and Naïve Bayes)
to classify habitually barefoot and shod populations using controlled plantar pressure and
foot shape data, achieving a precision of 93% to 95%. Bao et al. [25] used a CNN based on
supervised attention to classify barefoot pressure images acquired from sensor hardware
under controlled conditions. Unlike these sensor-based approaches, Our study utilizes self
supervised vision-based deep learning on soil footprint images, enabling automated feature
learning and trail-level identity matching in natural outdoor environments.

Recent advances in machine learning and deep learning have shifted footprint research
towards automated feature extraction and classification frameworks that offer greater sta-
bility and robustness. Abuqadumah et al. [26] applied deep transfer learning for human
identification using footprint images by fine-tuning various pre-trained CNN architectures
such as AlexNet, VGG, GoogLeNet and Inception-V3 on a small labeled dataset, achiev-
ing 90%+ recognition accuracies under controlled conditions. Hild et al. [27] developed
a person identification method based on the 3D shape of the barefoot sole, using geo-
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metric features from 3D scans of the sole surface to achieve robust biometric recognition.
Mmereki et al. [28] investigated deep learning approaches based on bounding-boxes, land-
marks and segmentation for the automatic classification of human barefoot prints on soil
substrates, achieving a maximum precision of 93.5%. Shen et al. [29] developed a footprint
detection method by integrating an enhanced StarNet backbone into YOLOv8, achieving
the latest barefoot print detection accuracy with mAP = 99.5%, while also reducing model
complexity and computational overhead. Jin et al. [30] proposed a personal recognition al-
gorithm that extracts multi-scale features from barefoot print images using a ResNet-based
network combined with Horizontal Pyramid Matching and metric learning, achieving a
top recognition accuracy of 96.2% on a large barefoot dataset.

Although these approaches achieve high accuracy, their dependence on labeled data,
single-footprint analysis, and controlled laboratory or sensor-based acquisition limits their
applicability to real-world forensic scenarios, as summarized in Table 1. Direct comparisons
of accuracy can therefore be misleading, as previous studies rely on data and conditions
that do not reflect the variability of natural soil-based footprints.

Table 1. Summary of prior methods, learning approaches, and analytical techniques in barefoot-print
research, with comparison to the present study.

Study Method Category
& Learning

Barefoot Print
Representation

Feature
Used

Acquisition
Medium

Performance
Metrics Analytical Task

[10,12,13] Manual
Landmarking

Traditional
morphometric

2D single
footprint

Landmarks/
linear
measurements

Footprint image

Measurement
reliabilty
& morphological
agreement

Footprint identification

[11,14] Overlay/
Statistical

Traditional
morphometric

2D single
footprint

Overlay
comparison/
statistical metrics

Footprint image
Anthropometric
measurement
consistency

Footprint comparison

[15] Pattern
matching

Traditional
& Rulebased

2D single
footprint Contour-based Crime scene

footprint image
Morphological
pattern matching

Footprint uniqueness
analysis/matching

[16] Gait analysis Traditional
& Statistical

Dynamic
footprints

Stride length,
step distance

Controlled
walkway
(paper surface)

Pearson
correlation
coefficient 0.295

Biological profiling
(sex/stature)

[17] Geometric
morphometric

Traditional
& Statistical

2D Single
footprint

Landmark
coordinates Foot scan p-value 0.003 Footprint shape

variation analysis

[18] Measurement
based

Traditional
& Statistical

2D single
footprints

Linear and
angular measures

Inked paper
footprints

Similarity
measurement
score

Footprint similarity
measurement

[19] Statistical
analysis

Traditional
& Statistical

2D single
footprint

Linear and
angular measures

Inked paper
footprints

statistical
significance tests

Footprint uniqueness
and similarity

[20] Linear
measurement

Traditional
& Statistical

2D single
footprint

Morphometric
linear
distances

Ink/dust
footprint
images

intraclass
correlation
coefficient 0.999

Reliability of linear
footprint measurements

[22] Pressure mat Sensor based Dynamic
footsteps

Pressure
distribution

Fabric pressure
sensor
under carpet

Accuracy 76.9% Person identification
from footstep pressure

[23] segmentation Sensor based 2D single
footprint Plantar pressure Flexible

force sensor Accuracy 97% Footprint extraction and
recognition

[24] PCA,SVM
Naïve Bayes

Sensor based
learning

2D single
footprint

Foot metrics +
dynamic
plantar pressure

Gait lab
pressure plate +
foot scans

Accuracy 95% Population classification
barefoot vs shod

[25] Deep CNN
Selective fusion

Sensor based
deeplearning

2D single
footprint

Regions of high
/low pressure Pressure sensing Accuracy 93.6% Footprint/pressure

image recognition

[26] CNN machine
learning

2D single
footprint

2D single
footprint

Controlled 2D
image capture Accuracy 98.33% Human identification

from footprint images

[27] PCA,/LDA
/SVM

Machine
learning

3D single
footprint

Shape
descriptors

Laser scanner
3D capture Accuracy 94% Person identification

[28] DeepFIT Supervised
deep learning

2D Single
footprint

Geometric and
deep features

Soil substrate
imagery Accuracy 96% Person individual

identification
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Table 1. Cont.

Study Method Category
& Learning

Barefoot Print
Representation

Feature
Used

Acquisition
Medium

Performance
Metrics Analytical Task

[29] YOLOv8-
StarNet

Supervised
deep learning

2D single
footprint

CNN-based
spatial
features

Inked paper
footprint mAP 99.5% Footprint detection

[30] ResNet Supervised
deep learning

2D single
footprint

Multi-scale
deep features
(HPM)

Specialized sensor Accuracy 96.2%
Personal identification
via footprint
features

This
Study XTrail-ID Self

supervised
2D trail
footprints

Normalized
feature vectors

UAV imagery
soil substrate Accuracy 94.2% Explainable individual

trail identification

Note: CNN, Convolutional Neural Network; DeepFIT, Deep Learning Footprint Identification Technology;
LDA, Linear Discriminant Analysis; PCA, Principal Component Analysis; SEG, Segmentation; SVM, Support
Vector Machine.

This underscores the need for an unsupervised framework capable of learning dis-
criminative features directly from soil-imprinted footprints, enabling trail-based identity
matching across multiple footprints without requiring labels or controlled acquisition
conditions. In summary, the key contributions of this study are as follows.

1. We implemented an unsupervised framework, XTrail-ID, to group barefoot prints
belonging to the same individual based on normalized morphological feature vectors
extracted by a vision transformer from localized footprint regions. These feature
representations enabled pairwise cosine similarity analysis for footprint association
and grouping.

2. This study promotes explainability through the Embedding Spatial Attribution Mod-
ule (ESAM), which converts frozen vision transformer patch embeddings into spatial
attribution heatmaps showing low and high relevance areas, enabling visualization
of the footprint regions that contribute most strongly to embedding similarity and
identity grouping.

3. This study provides a comparative evaluation of two footprint localization meth-
ods, namely oriented bounding boxes (OBB) and segmentation masks (SEG), and
investigates how each representation influences self-supervised feature embedding
extraction and barefoot trail grouping performance.

4. This study introduces and evaluates a UAV-acquired trail soil dataset for the assess-
ment of unsupervised barefoot trail grouping, providing a realistic benchmark for
associating footprints into individual-specific trails under real world field conditions.

2.2. Self-Supervised Methods for Visual Feature Learning

Recent developments in self-supervised learning and foundation models have shown
that effective visual representations can be learned without relying on task-specific la-
bels. Instead of supervised signals, these approaches exploit the intrinsic structure of
visual data to learn features that generalize across a wide range of downstream tasks [31].
Reconstruction-based approaches, such as masked image modeling [32], mainly focus on
pixel-level recovery, which may not explicitly preserve the discriminative identity-related
structure required for fine-grained matching.

Contrastive learning frameworks such as SimCLR [33] and MoCo [34] learn instance-
level representations but depend on carefully designed augmentations and large batch sizes
and may struggle to preserve subtle morphological variations critical for distinguishing
similar footprints. In contrast, DINO [35] and its successor DINOv2 [36] released by
Meta in April 2023, based on iBOT [37], represent significant advances in self-supervised
representation learning. These models employ a self-distillation framework built upon
Vision Transformers (ViTs), enabling the learning of robust and transferable visual features.
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Moreover, its framework incorporates large-scale curated datasets and improved
training strategies, resulting in more stable optimization and significantly improved per-
formance [38]. ViTs process images as sequences of patches and leverage self-attention
mechanisms to capture both fine-grained local details and invariant global image structures,
while exhibiting robustness to multiple views and crops and benefiting from large-scale
pre-training. DINO-based models learn structured feature embeddings in which visually
similar instances cluster together, enabling similarity-based inference via metrics like cosine
similarity. They also exhibit emergent behaviors such as unsupervised object segmenta-
tion, with attention maps often aligning to meaningful object boundaries without explicit
supervision [39].

To the best of our knowledge, self-supervised methods have not yet been applied to
barefoot print analysis. Frameworks such as DINOv2 can encode structural information
from raw soil footprint images, allowing trail based identity matching and clustering
across impressions, and helping to address variability and annotation challenges in forensic
settings. Although self-supervised models such as DINOv2 are expensive to pretrain, pre-
trained frozen encoders can be directly used to obtain rich, invariant visual representations
for similarity-based and downstream vision tasks [40].

3. Dataset
3.1. Data Acquisition Platform and Sensor Configuration

Aerial imagery was acquired using an Inspired Flight IF1200A (Inspired Flight Systems
Inc.), equipped with a Gremsy T3 gimbal (Gremsy, Vietnam) carrying a Sony Alpha 7R IV
camera (Sony), with a 35 mm lens. Flights were conducted at 8 m above ground level with
the gimbal fixed in the nadir position, producing imagery with a ground sampling distance
of approximately 1.49 mm/pixel. Flight planning used 80% forward and 70% side overlap,
while image acquisition settings were fixed at f/5.6, ISO 400, and 1/1000 s shutter speed.
Georeferencing relied on dual GNSS receivers onboard without ground control points.

3.2. Participants and Ethical Approval

The study involved 20 healthy adult participants (10 males and 10 females) who
provided their written informed consent. Ethical approval was obtained from the Human
Ethics Research Committee of the Botswana International University of Science and Tech-
nology (HREC-12, approved 10 August 2023), with additional permission granted by the
Ministry of Environment and Tourism (Permit No. ENT 8/36/4 LVII 7).

3.3. Data Collection Protocol and Imaging Conditions

The participants walked side-by-side and along a single trail path. A total of
1000 images of the trail were extracted from 30-s aerial video recordings. The membership
of the ground-truth trail was established during data collection and independently verified
by an expert tracker specializing in military tracking within the Botswana Defense Force.
To our knowledge, no publicly available benchmark dataset currently exists for barefoot
trail identification on soil substrates.

3.4. Substrate Conditions and Environmental Characteristics

Two soft-soil substrate conditions with differing compaction characteristics were con-
sidered during data acquisition to incorporate substrate variability. The first condition
comprised compact soft soil, which provided firmer ground and improved footprint re-
tention, whereas the second comprised loose soft soil characterized by a finer granular
texture and reduced impression definition. To incorporate environmental variability, data
collection was conducted in the morning and evening under different lighting conditions

https://doi.org/10.3390/make8060168

https://doi.org/10.3390/make8060168


Mach. Learn. Knowl. Extr. 2026, 8, 168 7 of 27

and in some instances footprints were partially occluded by grass. Table 2 presents the
substrate characteristics, and environmental conditions observed during data collection.

Table 2. Environmental and Substrate Conditions During Data Collection

Soil
Type

Soil
Moisture

Relative
Compaction

Grain
Size

Surface
Roughness

Vegetation
Coverage

Environmental
Disturbance

Footprint
Age Illumination Occlussion

Level

Compact
soft soil Dry Medium Fine Smooth None Lightning

& shadows
Immediately
captured

Morning
& evening No occlusion

Loose
soft soil Dry Lower Fine Smooth Sparse grass Partially

occlusion
Immediately
captured

Morning
& evening Partial overlap

4. Methodology
4.1. Proposed Framework

Building on the dataset described above, we propose XTrail-ID, a self-supervised
pipeline designed to group barefoot prints based on their normalized feature embeddings
captured on natural soil substrates. An overview of the framework is illustrated in Figure 1.
Barefoot prints are localized using a detection module that outputs either OBB or SEG.
The OBB representation explicitly captures the orientation of the footprint, enabling robust
localization under rotational variability. Segmentation provides pixel-level delineation
mask, focusing on feature extraction within the footprint region. Despite these differences,
both localization strategies produce a unified footprint region bk, defined directly by an
OBB or derived from a SEG mask-based region. DINOv2 extracts latent embeddings,
and similarity metrics compute pairwise similarity while the proposed ESAM transforms
similarity-driven embedding activations into spatially attributable heatmaps for explainable
Trail-ID grouping.

Figure 1. Overview of the proposed XTrail-ID framework. Footprint regions are localized us-
ing OBB and SEG, followed by feature embedding extraction using the self-supervised DINOv2
ViT-B/14 model (released by Meta in April 2023 and available on GitHub: https://github.com/
facebookresearch/dinov2 accessed on 20 February 2026) for robust feature representation, simi-
larity metric computation, and finally ESAM module, which converts embeddings into spatially
interpretable heatmaps.
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XTrail-ID comprises five main stages: (Section 4.2.1) detection and localization
of barefoot prints, (Section 4.2.2) cropping with horizontal mirror normalization, and
(Section 4.2.3) extraction of DINOv2 features. In addition, two supporting components
are presented: (Section 4.2.4) the use of oriented bounding boxes instead of axis-aligned
bounding boxes and (Section 4.2.5) motivation for using DINOv2 and ESAM.

4.2. Implementation Details

The XTrail-ID pipeline was implemented in Python 3.10 using PyTorch 2.2 on an
NVIDIA RTX 2080 Ti GPU. The feature extraction backbone is a frozen DINOv2 vision
transformer model DINOv2 (ViT-B/14 variant) with an input resolution of 518 × 518 pixels
and a patch size of 14 × 14 pixels, producing 768-dimensional embeddings. Table 3 presents
the operational workflow of the X-Trail-ID pipeline.

Table 3. Operational workflow of the XTrail-ID system for independent implementation.

Stage Input Operation Output Parameters

Detection UAV soil imagery
with trails

Barefoot print localization
model OBB & SEG Confidence threshold = 0.7

Cropping OBB & SEG Crop each detected footprint
ROI Rotated rectangle & binary mask Zero-valued background

padding

Orientation
normalization Cropped patch Horizontal flip (left/right

standardisation) Aligned footprint Geometric heuristic

Resizing Aligned cropped
image Resize to fixed input size Standardized image 518 × 518

Feature
encoding 518 × 518 image Feature extraction using frozen

transformer 768-dimensional embedding vector DINOv2 ViT-B/14

Normalization Embedding vector unit vector normalization L2-normalized unit vector (768-D) L2 norm scaling

Similarity
computation

L2-normalized
768-D embeddings Pairwise similarity computation Similarity score/trail-id Cosine similarity

ESAM
DINOv2 patch
tokens + global
embedding

Token attribution mapping
(patch-to-spatial) 2D spatial attribution heatmap Token relevance

(patch-level)

4.2.1. Barefoot Print Detection and Localization

In this work, the location of the barefoot prints is performed using an adapted version
of DeepFIT [28], a deep learning footprint identification technology previously validated
for identifying footprints on soft and sandy soil substrates. Although the original DeepFIT
model was developed for single footprint images, transfer learning was used to extend its
applicability to trail image scenes containing multiple footprint instances within a single
image. Specifically, the pretrained DeepFIT weights were used to initialize the network and
subsequently fine-tuned on a small trail dataset of compact and loose soil substrates using
a learning rate of 0.001, batch size of 16, momentum of 0.99, weight decay of 0.0005, and
300 training epochs.

This adaptation enabled the model to retain the generalized morphological repre-
sentations of the footprint learned from the original data set while accommodating the
increased complexity of the new scene, background variability, and footprint arrange-
ments characteristic of the trail imagery. Following standard transfer learning practices for
adapting pretrained object detectors to new domains [41], the network uses its multi-head
detection architecture, including the extra small detection head (XSDH), to localize multiple
barefoot footprint instances within a single image. Importantly, DeepFIT is used solely as a
footprint location module, generating accurate footprint regions that are subsequently used
for unsupervised feature extraction and footprint matching, which constitute the primary
focus of this study.
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4.2.2. Footprint Cropping and Horizontal Mirror Transformation

We normalized each footprint by cropping and mirroring, ensuring that feature ex-
traction focuses on the footprint itself rather than the background soil textures. Mirroring
aligns the left and right footprints of the same individual, resulting in comparable feature
embeddings, consistent with the established behavior of deep networks in producing
mirror-symmetric representations [42,43]. To illustrate this formulation, let {bk}M

k=1 denote
the detected footprint regions, each represented as an oriented bounding box (OBB) or
derived from a segmentation mask (SEG). The corresponding cropped footprint instances
{Ik}M

k=1 are obtained as

Ik = Crop(Itrail, bk), k = 1, . . . , M. (1)

where Itrail is the original footprint trail image, bk specifies the region corresponding to
the k-th footprint, and Ik corresponds to the cropped image of the k-th individual footprint.
The mirroring operation can be expressed as

Ik = {Ik, Flip(Ik)}, k = 1, . . . , M, (2)

where Flip(·) denotes horizontal reflection. Let f (·) represent the feature extraction function
that maps an input image to a d-dimensional embedding space, i.e.,

vk = f (Ik), f : RH×W×C → Rd. (3)

For each pair mirrored in Ik, the learned representation exhibits an approximate
invariance to horizontal reflection, which can be expressed as

f (Ik) ≈ f (Flip(Ik)). (4)

This indicates that both the original and mirrored images produce closely aligned
feature embeddings in the representation space. Importantly, horizontal mirroring does
not correspond to an inversion of the feature direction, i.e.,

f (Flip(Ik)) ̸= − f (Ik), (5)

but rather preserves semantic content, resulting in embeddings with similar orientation.
This behavior reflects the ability of the feature extractor to capture semantic equivalence
while remaining invariant to geometric transformations, and enables a more robust repre-
sentation of gait patterns and improves the consistency of footprint association. Figure 2a
shows the mirroring effect, while Figure 2b shows that the footprints are correctly identified
as similar after normalization.

(a) Mirrored (b) Normalization

Figure 2. Images of human barefoot prints showing (a) mirrored orientations of left and right
footprints, and (b) their alignment after applying orientation normalization.
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4.2.3. Self-Supervised Feature Extraction Using DINOv2

Given a cropped footprint image Ik, a pre-trained DINOv2 vision transformer is used
to extract patch-level representations from the final transformer layer, producing a set of
spatial feature embeddings fk ∈ Rd:

Fk = DINOv2(Ik) = {fk,1, . . . , fk,N}, (6)

where

• Ik denotes the cropped image of the k-th individual footprint,
• Fk represents the set of feature embeddings extracted from Ik,
• N is the number of image patches,
• fk,i ∈ Rd denotes the embedding vector of the i-th patch.

Each footprint crop produces its own heat-map or patch-level feature set. These patch
embeddings are reshaped into a spatial feature map, yielding a dense heat-map representa-
tion that highlights discriminative footprint regions. To obtain a compact footprint-level
descriptor, the spatial features are aggregated via average pooling:

vk =
1
N

N

∑
i=1

fk,i (7)

Each embedding vector is ℓ2-normalized to form a compact latent representation of
the visual and morphological characteristics of each localized barefoot print. Normaliza-
tion enforces scale invariance, allowing clustering to rely on directional similarity in the
feature space rather than embedding magnitude. The representation implicitly captures
the footprint impression’s global shape, local structure, and texture patterns without using
explicit outlines or predefined landmarks. This normalization is performed as follows:

v̂k =
vk

∥vk∥2
. (8)

4.2.4. Assessing Axis-Aligned and Oriented Bounding Boxes for Footprint Localization and
Orientation Representation

Footprint orientation provides critical information for individual identification. As
illustrated in Figure 3a, conventional axis-aligned bounding boxes are limited in that they
do not encode rotational information, making it difficult to distinguish between footprints
with similar shapes but different orientations.

To address this limitation, we investigate oriented bounding boxes (OBB), which
explicitly capture the angular orientation of each footprint. Therefore, as illustrated in
Figure 3b, when using OBB, the footprints of the same individual typically maintain
consistent orientation angles, while Figure 3c shows that different individuals exhibit
different orientation angles.

4.2.5. Motivation for Using DINOv2 Vision Transformer and ESAM for Explainability

DINOv2 was selected as the feature backbone due to its strong out-of-the-box represen-
tation capability under a frozen self-supervised setting. Previous studies have shown that
frozen DINOv2 representations can be used effectively without fine-tuning for downstream
tasks [44–46]. The pretrained embeddings preserve fine-grained structural and spatial
information without requiring supervised adaptation or task-specific heads, making them
suitable for similarity-based forensic footprint analysis in scenarios where labeled data are
unavailable. These properties are particularly important for barefoot footprint analysis,
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where identity cues are subtle, shape-driven, and distributed across multiple impressions
affected by soil deformation.

(a) BBox, axis aligned (b) OBB, same individual (c) OBB, different individuals

Figure 3. Images of human barefoot prints showing (a) axis aligned BBox does not encode angularity,
(b) OBB indicates that same individual maintain almost similar orientation angle, and (c) different
individuals exhibits distinct orientation angles.

The final transformer block outputs a compact latent embedding of 768-D unit vector,
where D denotes the dimensionality of the characteristic. These embeddings encode fine-
grained soil-impression texture, geometric footprint contours, and overall morphological
structure. Subsequently, similarity metrics are computed between normalized embeddings
generated by the projection head to measure relationships between footprint impressions
for Trail-ID grouping.

To improve interpretability, we introduce the Embedding Spatial Attribution Module
(ESAM), which constitutes the primary methodological contribution of this study. ESAM
transforms frozen DINOv2 feature embeddings into spatial attribution heatmaps by com-
puting token-level relevance between local patch embeddings and the global footprint
representation. The resulting patch tokens are reshaped onto the original DINOv2 spatial
grid, enabling spatial interpretation of discriminative footprint regions through heatmaps
that highlight the areas contributing most strongly to matching footprints belonging to the
same individual.

Figure 4 illustrates the proposed Vision Transformer pipeline consisting of: (1) trail
image crop processing, (2) patch embedding, (3) frozen DINOv2 feature extraction, (4) projec-
tion head, (5) Embedding Attribution Module (ESAM), (6) attribution heatmap, (7) similarity-
based Trail-ID grouping, and finally (8) forensic interpretation and explainability.
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Figure 4. ViT-based DINOv2 workflow for barefoot trail analysis. Cropped footprints obtained using
OBB and SEG are patch-encoded and transformed into feature embeddings. These embeddings are
processed through ESAM to produce spatially grounded activation heatmaps highlighting discrimina-
tive footprint regions. The resulting heatmaps are qualitatively evaluated by expert human trackers,
who verify whether the high relevance regions correspond to meaningful footprint structures relevant
for trail pattern interpretation and subject-level consistency.

5. Performance Evaluation
5.1. Similarity Metrics: Comparative Evaluation

In this work, we investigate three distinct approaches for quantifying similarity be-
tween footprint features extracted by DINOv2.

To evaluate the choice of similarity measure, we compare cosine similarity, Spearman
correlation, and Pearson correlation coefficient as ablation baseline. While cosine similarity
operates directly on L2-normalized embeddings and captures angular similarity in feature
space, Pearson correlation introduces an additional mean-centering step, while Spearman
correlation assesses the monotonic relationship between ranked feature values, making it
robust to non-linear but monotonic patterns.

The inclusion of Pearson correlation allows us to explicitly assess the effect of mean-
centering on similarity measurement. In particular, this comparison helps determine
whether footprint grouping benefits more from preserving the global structure of embed-
ding vectors or from emphasizing relative feature variations independent of their absolute
magnitude. This provides a principled basis for selecting an appropriate similarity metric
for the task. All three metrics are in the range [−1, 1], where 1 indicates perfect alignment,
0 indicates no linear relationship (orthogonality), and −1 indicates perfect opposition.
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5.1.1. Similarity Metric 1: Cosine Similarity

Cosine similarity measures the angular alignment between feature vectors in the
embedding space. Given two feature vectors vk and vl , we first L2-normalize them:

v̂k =
vk

∥vk∥2
, v̂l =

vl
∥vl∥2

.

The cosine similarity is then computed as the dot product of the normalized vectors:

CosSim(vk, vl) = v̂k · v̂l (9)

5.1.2. Similarity Metric 2: Pearson Correlation Coefficient

Pearson correlation measures the linear relationship between two feature vectors after
mean-centering. For feature vectors vk, vl ∈ Rd, it is defined as

ρ(vk, vl) =
∑d

i=1(vk,i − v̄k)(vl,i − v̄l)√
∑d

i=1(vk,i − v̄k)2
√

∑d
i=1(vl,i − v̄l)2

(10)

where

v̄k =
1
d

d

∑
i=1

vk,i, v̄l =
1
d

d

∑
i=1

vl,i.

denote the mean values of the feature vectors vk and vl , respectively.

5.1.3. Similarity Metric 3: Spearman Rank Correlation

The Spearman rank correlation assesses monotonic relationships between barefoot
feature vectors, providing robustness to non-linear or curved variations in DINOv2 embed-
dings. For feature vectors vk, vl ∈ Rd, define:

rk,i : rank of vk,i within vk, rl,i : rank of vl,i within vl .

The Spearman rank correlation is defined as:

ρs(vk, vl) =
∑d

i=1(rk,i − r̄k)(rl,i − r̄l)√
∑d

i=1(rk,i − r̄k)2
√

∑d
i=1(rl,i − r̄l)2

(11)

where

r̄k =
1
d

d

∑
i=1

rk,i, r̄l =
1
d

d

∑
i=1

rl,i.

5.1.4. Grouping Evaluation Protocol

For each group of footprints identified through our proposed Traid-ID framework, we
compute similarity metrics.

To report predictions as percentage scores on images, similarity values in [−1, 1] are
rescaled to the [0, 1] range using

• Similarity rescaling:

Rescaled similarity (%) =
(

Similarity + 1
2

)
× 100 (12)

and for a group G containing n ≥ 2 barefoot prints, we calculate:
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• intragroup cosine similarity:

CosSim(G) =
2

n(n − 1)

n

∑
i=1

n

∑
j=i+1

CosSim(vi, vj) (13)

• Intragroup Pearson Correlation:

rintra(G) =
2

n(n − 1)

n

∑
i=1

n

∑
j=i+1

r(vi, vj) (14)

• intragroup Spearman Correlation:

ρintra(G) =
2

n(n − 1)

n

∑
i=1

n

∑
j=i+1

ρ(vi, vj) (15)

• Group Ranking is defined as follows:
High consistency: No mixed groups.
Moderate consistency: A few mixed groups.
Low consistency: Many mixed groups.

• Discriminability Index:

D =
µinter − µintra√
1
2
(
σ2

inter + σ2
intra

) (16)

where µinter and σinter denote the mean and standard deviation of inter-class similarity
scores, and µintra and σintra denote the mean and standard deviation of intra-class
similarity scores. D is a unitless discriminability index, where higher values indicate
improved separability between classes.

6. Results and Analysis
We conduct a systematic comparison of cosine similarity, Pearson correlation, and

Spearman correlation for footprint grouping on the proposed XTrail-ID methods. Table 4
presents the quantitative comparison across the dataset.

Table 4. Comparison of Similarity Metrics for Footprint Identification Across Localization Methods.

Localization Metric n Intra-
Group

Inter-
Group Discriminability Accuracy

OBB-XTrail-ID
Cosine 40 0.80 ± 0.04 0.35 ± 0.07 2.54 91.5%
Pearson 40 0.70 ± 0.03 0.32 ± 0.08 2.06 87.3%

Spearman 40 0.64 ± 0.03 0.33 ± 0.07 1.82 85.1%

SEG-XTrail-ID
Cosine 40 0.91 ± 0.05 0.36 ± 0.06 3.21 94.2%
Pearson 40 0.86 ± 0.03 0.33 ± 0.07 2.92 90.8%

Spearman 40 0.85 ± 0.04 0.34 ± 0.08 2.53 89.9%
Note: Cosine similarity consistently outperforms Pearson and Spearman correlations across both localization
methods. Bold values indicate the best-performing metric.

A total of 40 images were used for evaluation, with each image providing paired
similarity measurements across all three metrics (Cosine, Pearson, and Spearman). This
sample size is sufficient for paired statistical testing, as it exceeds commonly recommended
minimum thresholds (n ≥ 30) and supports reliable estimation of mean differences and
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significance levels [47]. The paired design further improves statistical power by controlling
for inter-image variability.

To ensure evaluation integrity, the 40-image subset was selected from temporally
separated UAV frames. Frames were sampled such that no two images originated from
the same continuous walking sequence, ensuring temporal independence. In addition,
participant-level separation was enforced to prevent any overlap between evaluation
samples and data used in model development, thereby avoiding subject-level data leakage.

Figure 5 presents a comparison of intra-group similarity scores and overall accuracy
across the three metrics for both localization methods. Cosine similarity achieves the
highest intra-group similarity for OBB-XTrail ID (0.80 ± 0.04) and the highest accuracy at
91.5%, followed by Pearson (0.70 ± 0.03) and Spearman (0.64 ± 0.03). Similarly, for SEG-
XTrail ID, cosine similarity again outperforms both Pearson (0.86 ± 0.03) and Spearman
(0.85 ± 0.04) with a score of 0.91 ± 0.05 and the highest overall accuracy of 94.2%. The
superior intra-group similarity of cosine similarity indicates that footprints from the same
individual exhibit stronger directional alignment in their DINOv2 feature representations
than they do linear or rank-based correlations.

Figure 5. Performance Evaluation of XTrail-ID Models for Correlating Barefoot Prints on Soil Substrates.

6.1. Statistical Analysis

We conduct paired t-tests to verify the statistical significance of the performance
differences between the three metrics and presents the results in Table 5.

The difference between Cosine and Pearson is statistically significant (p < 0.0167,
paired t-test), as is the difference between Cosine and Spearman (p < 0.0167). All significant
results remain significant after Bonferroni correction (α = 0.0167). However, Pearson and
Spearman are not statistically significant (p > 0.05) for either localization. The statistically
significant differences confirm that cosine similarity provides a meaningful advantage over
both Pearson and Spearman correlations for footprint grouping with DINOv2 features.
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Table 5. Paired t-test comparisons between similarity metrics.

Localization Comparison t-Value p-Value Significant

OBB-XTrail-ID
Cosine vs. Pearson 4.52 0.0001 Yes
Cosine vs. Spearman 5.83 0.00001 Yes
Pearson vs. Spearman 1.52 0.14 No

SEG-XTrail-ID
Cosine vs. Pearson 4.27 0.0001 Yes
Cosine vs. Spearman 5.12 0.00001 Yes
Pearson vs. Spearman 0.89 0.38 No

Note: Paired t-tests were performed on 40 identical image pairs. Bonferroni-corrected significance threshold:
α = 0.05/3 = 0.0167.

6.2. Grouping Accuracy

Using cosine similarity as the similarity metric leads to the highest grouping accuracy
(OBB: 91.5%; SEG: 94.2%) compared to Pearson (OBB: 87.3%; Seg: 90.8%) and Spearman
(OBB: 85.1%; SEG: 89.9%. These results validate our choice of cosine similarity for the final
footprint grouping system.

6.3. Qualitative Results

Figures 6–8 demonstrate the effectiveness of our SEG-XTrail-ID method. Based on the
quantitative comparison in Table 4, we selected cosine similarity as the optimal similarity
metric, as it consistently outperformed both Pearson correlation and Spearman correlation
across all evaluation criteria (intra-group similarity, discriminability, and grouping accu-
racy) During qualitative evaluation, the automatically generated footprint groups were
compared against independently verified ground-truth trail information to assess whether
the predicted groupings corresponded to the known number of individuals present in
each scene. In addition, two experienced trackers independently examined the grouped
barefoot trails and interpreted the grouping outcomes based on footprint morphology, trail
continuity, and spatial heatmaps. Their assessments were used to qualitatively evaluate
whether the footprints assigned to the same group exhibited consistent morphological
characteristics and whether the resulting trail reconstructions were consistent with expert
tracking interpretations. The trackers also provided explanations for correctly grouped and
misgrouped footprints, offering domain specific insights into the strengths and limitations
of the proposed framework under field conditions.

https://doi.org/10.3390/make8060168

https://doi.org/10.3390/make8060168


Mach. Learn. Knowl. Extr. 2026, 8, 168 17 of 27
SE

G
-X

Tr
ai

l-
ID

Ground Truth: Two
Individuals

(a) Av score: 89.2%, Consistency = High

Ground Truth: Three
Individuals

(b) Av score: 91.6%, Consistency = High

Ground Truth: Five
Individuals

(c) Av score: 78.8%, Consistency = High

O
B

B
-X

Tr
ai

l-
ID

(d) Av score: 84.5%, Consistency = High (e) Av score: 83.8%, Consistency = High (f) Av score: 79.0%, Consistency = Low

Figure 6. Qualitative results of barefoot print clustering on clear soft soil. (a–c) SEG Trail-ID:
high consistency in grouping footprints. (d,e) OBB Trail-ID: effective grouping for two and three
individuals. (f) OBB Trail-ID: low consistency as number of individuals increases to five.
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Figure 7. Qualitative results of barefoot print clustering on partially occluded environment. (a–c) SEG
Trail-ID: high consistency in grouping footprints. (d) OBB Trail-ID: effective for three individuals.
(e,f) OBB Trail-ID: low consistency and wrong clustering for four and five individuals.
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Figure 8. Qualitative results of barefoot print clustering on a singular path walking. (a–c) SEG
Trail-ID: high consistency in grouping footprints. (e,f) OBB Trail-ID: low consistency and wrong
clustering in all scenarios.

7. Interpretation and Explainability of Spatial Attribution Heatmaps on
OBB-XTrail-ID and SEG-XTrail-ID
7.1. Explaination of SEG-XTrail-ID Method on Parallel Walking Dataset on Clear Soft Soil

As illustrated in Figure 6a, the ground truth indicates the presence of two individuals.
The spatial attribution heatmaps for G1 are highly concentrated along the principal axis
of the barefoot print, with a cosine similarity of 89%, indicating a stable and consistent
gait pattern. In contrast, G2 exhibits more spatially dispersed activation heatmaps, but
these remain consistent between barefoot prints, as evidenced by a cosine similarity of
89.4%. Moreover, the model precisely estimates the number of individuals, with predictions
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aligned with the ground truth. As shown in Figure 6b, the ground truth reveals the presence
of three individuals. The heatmaps for G1 exhibit a bias toward the left and right regions of
the barefoot prints, achieving a cosine similarity of 89.2%, potentially indicative of a gait
that preferentially engages the regions of the lateral feet during locomotion.

For G2, the heatmaps reveal concentrated hotspots in the heel and along the lateral
foot regions, with 92% similarity, suggesting pronounced consistency in initial heel contact
succeeded by weight transfer along the outer foot. In contrast to G1 and G2, the heatmaps
for G3 display prominent warm colors (yellow, green, and light red) extending into the
mid-foot region at 93.6%, indicating a more distributed pressure pattern. Furthermore, the
model accurately predicts the number of individuals with estimates that are consistent
with the ground truth. As shown in Figure 6c, the ground truth reveals the presence of
five individuals. The heatmaps for G1 exhibit a relatively uniform red distribution from
heel to forefoot, with a cosine similarity of 82.4%, denoting enhanced consistency and a
balanced gait pattern.

For G2, the heatmaps reveal a pronounced hollow center in the left barefoot prints and
a partially uniform distribution on the right, corresponding to a moderate similarity score
of 73.6%, which is lower than that of G1. G3 displays a mildly uniform activation pattern
from heel to toe, with a cosine similarity of 76.9%, suggesting a relatively neutral walking
pattern. In G4, the heatmaps are more pronounced from heel to midfoot, with a similarity
of 81.3%, indicating a gait pattern that emphasizes initial heel strike rather than a fully
uniform heel-to-toe transition. G5 demonstrates heel-dominant activation patterns, with a
cosine similarity of 78.8%, implying that this individual predominantly charges the heel
during walking, with comparatively less activation in the midfoot and forefoot regions.
Furthermore, the model accurately predicts the number of individuals present, with the
estimated count matching the ground truth.

7.2. Explaination of OBB-XTrail-ID Method on Parallel Walking Dataset on Clear Soft Soil

As demonstrated in Figure 6d, the OBB in G1 indicates that the red zones are isolated
and concentrated, with a very deep strike in the heel and a distinct strike in the forefoot.
The cosine similarity of 89% indicates a high degree of consistency in the features of the
footprint in all steps. This configuration suggests that the individual has a high arch or
employs a relatively light midfoot strike. In G2, the heatmaps exhibit greater continuity
and elongation, indicative of a flatter foot strike. The cosine similarity of 91.6% further
underscores the high consistency of this footprint pattern across steps.

In Figure 6e, G1 exhibits solid activation heatmaps extending from the heel to the
toes, signifying a firm and consistent gait. This consistency is further supported by a
high cosine similarity of 82% between activation patterns in successive steps. G2, by
contrast, exhibits fragmented heatmaps around the central region with noticeable shifts
toward the lateral edges, denoting irregular activation patterns, and a reduced cosine
similarity of 81% compared to G1. G3 demonstrates the most pronounced blue regions
in the center, accompanied by a cosine similarity of 87.3%. This profile likely reflects
a gap in the arch region of the barefoot print as a prominent characteristic. Figure 6f
reveals that the ground truth comprises footprints from five individuals. Nevertheless,
the heatmaps exhibit a reduced separability of characteristics, as the model delineates
seven distinct groups (G1–G7). This implies that several groups display fragmented and
overlapping activation patterns, thereby impeding the model’s capacity to reliably associate
footprints from the same individual. In particular, the model accurately clusters footprints
in G1, where activation patterns are more compact and consistent between successive
steps. Consequently, the model achieves an average cosine similarity of 79.0%, indicative of
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decreased consistency in the correlating footprints of the same individual amid increased
grouping complexity.

7.3. Explaination of SEG-XTrail-ID Method on Parallel Walking Dataset on Partially
Occluded Environment

Figure 7a indicates that the ground truth encompasses three individuals, which the
model accurately predicts through three different groups (G1–G3). G1 exhibits highly
compact and localized activation patterns, predominantly concentrated in the heel and
midfoot regions. G2 exhibits moderately distributed activations that extend from the
heel toward the forefoot, with slightly greater spread than in G1. G3, meanwhile, displays
heatmaps that are more distinguishable from G1 and G2, with increased attention to the heel.
In general, the model achieves a high average cosine similarity of 87.3%, demonstrating
robust consistency in the association of footprints of the same individual. Figure 7b
ground truth data shows four individuals present. The model accurately linked all barefoot
impressions. G1 displays more concentrated and localized activations, suggesting heavier
footfalls; G2 reveals moderately stretched activations; G3 exhibits robust, continuous heat
along the footprint’s axis, denoting a clearly defined shape. G4 shows the most vivid and
extended activation, indicative of stronger or deeper imprints. The cosine similarity reaches
88.7%, reflecting strong consistency between the footprints.

Figure 7c ground truth data reveal five individuals (G1–G5). G1 produces high-
intensity heatmaps from heel to toes, implying a flatter foot; G2 displays strong heatmaps
on the heel and toes; G3 shows lower-intensity heatmaps along the foot’s axis. G4 exhibits
a uniform distribution, suggesting full barefoot contact with the ground; The G5 activation
maps are intense on the heel, sides, and toes but weaker centrally. The cosine similarity is
86.6%, which signals high consistency.

7.4. Explaination of OBB-XTrail-ID Method on Parallel Walking Dataset on Partially
Occluded Environment

Figure 7d ground truth data uncover three individuals, correctly predicted. G1 shows
the strongest heat on the OBB’s vertical edges, indicating a stable, wide-based gait; G2
consistently displays redder tops than the heel, suggesting forward-driven or faster move-
ment. G3 reveals red at the bottom with a cooler center, indicating firm heel planting.
The cosine similarity is 85.7%, demonstrating robust discriminability of features among
a simpler grouping. Figure 7e ground truth data shows four individuals, yet the OBB
prediction identifies five, highlighting the diminished discriminability with more people.
G1 features intense red on the right vertical walls through the center; G2 exhibits a more
scattered and balanced thermal signature, indicative of lighter footfalls. G3, G4 and G5
suffer misgrouping from overlaps, although cosine similarity remains elevated (87.2%)
due to embedding overlaps. Figure 7f ground truth data indicates five individuals, but
the model predicts seven owing to overlapping instances. G1 shows strong activation
heatmaps on the heel, midfoot, and sides, suggesting a stable walker; G2 displays less
prominent heatmaps, indicating a lighter person. G3–G7 are misgrouped due to overlaps.

7.5. Explaination of SEG-XTrail-ID Method on Single File Path Dataset on Occluded and
Clear Environment

As illustrated in Figure 8a, the ground truth indicates that only two people are identi-
fied and follow a single-file trajectory. G1 displays a highly concentrated dark red intensity
at the heel, which indicates a pronounced heel strike. G2 appears to be fainter and more
dispersed, possibly indicating a lighter gait from someone landing with a flatter foot rather
than a forceful heel impact. The model correctly categorizes these two clusters, achieving
a cosine similarity of 83.8%. In Figure 8b, the ground truth confirms two individuals,
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accurately detected by the model. G1 exhibits a more forceful heel strike, while G2 reveals
a gentler, more tentative walker with evenly distributed and scattered heatmaps.

The ground truth of Figure 8c reveals four individuals—two following a single path
on the left and two on the right—all properly classified. G1 show intense red along the
outer edge of the barefoot, suggesting a gait that favors weight on the exterior. G2 displays
predominantly yellow tones with isolated red spots, characteristic of a softer stepper. G3
presents subtler heatmaps with a faint red heel, while G4 exhibits tighter, more condensed
patterns indicative of flat-footed walking. The similarity matrix reaches 91.3%, reflecting
strong alignment across the footprints.

7.6. Explaination of OBB-XTrail-ID Method on Single File Path Dataset Single File Path Dataset
on Occluded and Clear Environment

Figure 8d presents the ground truth as two individuals; however, the model incorrectly
associates overlapping and visually similar footprints, leading to an overestimation of four
individuals. A comparable pattern is observed in Figure 8e, where the model predicts three
individuals instead of two, and in Figure 8f, where five individuals are predicted instead
of four. These results highlight a limitation of the OBB approach, particularly in scenarios
where individuals traverse a common path, resulting in overlapping footprint patterns that
degrade detection accuracy.

Figure 8d depicts ground truth for two individuals; yet, the model erroneously merges
overlapping, visually similar footprints, resulting in a miscount of four. A similar is-
sue arises in Figure 8e, with three predicted instead of two, and in Figure 8f, where
five are identified rather than four. These results underscore a key drawback of the OBB
method, especially when people share a path, causing footprint overlaps that impair
detection precision.

8. Discussion
In this study, we evaluated two barefoot-print localization methods on soil substrates

namely, OBBs and segmentation masks. We used frozen DINOv2 patch-level embed-
dings for feature extraction and subsequent clustering of footprint trails belonging to the
same individual. Based on these methods, the assessment of three similarity matrices
demonstrates that cosine similarity consistently outperformed the alternative metrics (see,
Table 4), achieving the highest accuracy for both OBB and segmentation in correlating
footprints with similar feature embeddings. The proposed methods were qualitatively and
quantitatively evaluated in our diverse datasets to assess their practical forensic effective-
ness. The OBB-XTrail-ID with cosine similarity, the best-performing correlation metric,
achieved a promising accuracy of 91.5%. Despite this promising accuracy, a key limitation
observed for the OBB-XTrail-ID approach is a reduction in the consistency of the grouping
when more than three individuals are present, as shown in Figures 6f and 7e,f.

The OBB-XTrail-ID method provides compact object representations and reduces un-
necessary background inclusion compared with conventional horizontal bounding boxes,
particularly for arbitrarily oriented objects such as barefoot prints. However, they do not
accurately capture the fine-grained morphometrics of barefoot prints. This limitation is
consistent with findings in the oriented object detection literature, where OBBs improve
localization and provide a more compact representation but still approximate object ge-
ometry rather than explicitly modeling contours or boundaries [48,49]. Therefore, when
footprints are detected as OBBs, the Dinov2 vision transformer decomposes the footprint
region into uniform patches that may cover both the footprint and minimal surrounding
soil substrate. As a result, patch-level features may contain information from both relevant
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morphological regions (toes, arch, heel) and irrelevant surrounding soil, potentially diluting
the discriminative power of the global embedding.

However, we hypothesize that minimal background influence on the global feature
representation is expected to be limited when footprint regions dominate the OBB area. This
is evident because the visualizations of the X-Trail-ID attribution heatmap demonstrate
that ViT is still able to focus on prominent footprint regions, with stronger activations
concentrated around prominent anatomical structures [50,51].

In contrast, SEG-XTrail-ID improves performance by isolating footprint regions us-
ing segmentation masks, enabling more object-centric feature extraction and reducing
background noise. When combined with cosine similarity-based matching, this results
in a more robust and practically applicable framework for correlating barefoot feature
embeddings in forensic contexts. Consequently, SEG-XTrail-ID consistently outperformed
all variants of OBB-XTrail-ID in our experimental setup, achieving an average accuracy of
94.2%. This improvement may be attributed to the ability of the SEG-XTrail-ID method to
guide the Vision Transformer to focus on relevant footprint regions, which is consistent
with prior works on transformer attention [52]. The observed performance further supports
the motivation that our proposed method is more suitable for barefoot impression analysis
on natural soil substrates, where classical image-processing methods have been reported to
be limited by noise, low contrast, and variability in footprint appearance [53,54].

Therefore, our approach aligns well with the observations in [55–57] that deep learning-
based approaches enhance the robustness of feature learning from challenging datasets
while providing greater potential for interpretable and discriminative representations.
As shown in Figure 6a–c, on soft clear soil, the visualization of the XTrail-ID heatmaps
indicate a clear focus on critical morphological regions, leading to embeddings that capture
individual-specific characteristics more accurately.

The aggregation of patch-level embeddings into a global footprint descriptor produces
a more robust and discriminative representation for similarity computation and clustering,
even with increasing numbers of individuals and environmental disturbances such as
partial grass occlusion. This is evident in Figure 7a–c, where the model correctly associated
footprints belonging to an individual under challenging conditions. This is consistent with
previous work showing that combining segmentation with Vision Transformer-based archi-
tectures improves feature quality by suppressing background information and improving
object-centric representation learning [58–60].

9. Study Limitations
This study presents several limitations that must be acknowledged. First, the dataset

comprises barefoot print images collected from 10 male and 10 female participants. Al-
though the dataset was sufficient to evaluate the XTrail-ID framework, a larger and more
diverse participant population would provide a stronger basis to assess generalizability in
broader demographic groups. Second, currently there is no widely adopted benchmark
dataset for barefoot print trail grouping from UAV soil imagery. Consequently, the evalua-
tion was conducted using a custom dataset collected for this study. Although this dataset
allowed for assessment of the proposed framework, the absence of standardized benchmark
datasets limits direct comparison with existing approaches. Third, although the dataset
includes variations in compact and loose soft-soil substrates, illumination conditions, and
natural grass occlusions, it does not cover the full range of environmental conditions that
may be encountered in different operational settings. Factors such as severe footprint
degradation, adverse weather, dense vegetation, and additional substrate types were not
investigated. Therefore, further evaluation may be necessary under different settings.
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10. Conclusions and Future Direction
This study presented XTrail-ID, an unsupervised framework for grouping barefoot

footprint trails from UAV imagery using self-supervised vision transformer embeddings
and a cosine similarity-based feature association. The results demonstrated that cosine sim-
ilarity applied to normalized feature embeddings effectively groups footprints belonging
to the same individual, with SEG-XTrail-ID consistently outperforming OBB-XTrail-ID due
to improved footprint localization.

In addition, the proposed Embedding Spatial Attribution Module (ESAM) enhances
interpretability by transforming frozen Vision Transformer feature embeddings into spatial
attribution heatmaps that highlight discriminative footprint regions, addressing the black-
box nature of similarity-based grouping in forensic applications. Future work will focus on
evaluating the framework in larger, more diverse datasets and soil substrates, improving
robustness under broader environmental conditions to further establish generalizability.
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