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Multimodal Fusion of Face and Gait for Person
Identification in Automotive Applications

Federico Boscolo , Graduate Student Member, IEEE, Fabrizio Lamberti , Senior Member, IEEE,
Paolo Montuschi , Fellow, IEEE, and Mario Testa

Abstract—Smart and secure access to vehicles is a crucial
aspect of the evolving automotive industry. This article focuses
on the development of an end-to-end multimodal biometric
recognition framework that identifies people walking toward a
vehicle from an RGB video feed. The framework is based on a
deep learning pipeline for person detection and tracking, face and
gait feature extraction, and fusion of the two modalities at the
score and feature level. Traditional face recognition (FR) systems
can suffer from variations in lighting and occlusions. In order to
deal with these issues, the proposed framework integrates face
and gait features with the aim to enhance accuracy. The pipeline
is modular, enabling seamless integration of new models for
each step of person identification without the need for additional
training. Baseline face and gait recognition (GR) models, as well
as score- and feature-level fusion (FLF) techniques, are evaluated
on subsets of the CASIA-A and CASIA-B datasets. Experimen-
tal results show that weighted mean score-level fusion (SLF)
significantly improves both Rank-1 accuracy and verification
accuracy (TAR@FAR = 10−5) over unimodal baselines. Overall,
the reported work provides insights into current limitations and
suggests directions for future research about secure identity
verification in vehicles.

Index Terms—Face recognition (FR), feature fusion, gait recog-
nition (GR), intelligent vehicles, multimodal biometrics.

I. INTRODUCTION

IN THE era of cutting-edge technologies, the automotive
industry is increasingly embracing intelligent, connected,

and autonomous vehicles. This shift not only redefines the
driving experience but also provides different, more convenient
access methods over traditional key fobs, such as digital keys.
Nevertheless, scenarios involving exceptional or emergency
access, where physical or digital keys may be unavailable or
not viable, as well as new services to be possibly activated
at a distance before the driver’s entry, necessitate innovative
solutions.

The evolution of vehicle access methods passed from phys-
ical ignition keys to remote keyless entry (RKE) systems,
which, despite advancements like rolling keys, remain vul-
nerable to cryptographic and replay attacks [1]. Advances
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continued with the integration of smartphone apps, Bluetooth,
and near field communication (NFC) technologies, as seen
in solutions from major automobile manufacturers [2]. In
parallel, future 6G-ready vehicular networks are expected to
rely on machine learning-driven perception and authentication
services to meet stringent latency and security requirements
[3]. Machine learning also addresses the challenges of vehicu-
lar networks such as heterogeneous connectivity and real-time
constraints by enhancing perception and communication capa-
bilities through data-driven models [4]. Recently, biometric
identification techniques like fingerprints and face recognition
(FR) have been implemented in some vehicles to provide addi-
tional access methods. However, fingerprints require contact
with a sensor, while FR, besides suffering from variations in
lighting and occlusions, is vulnerable to spoofing attacks in
real-world scenarios, especially in the absence of additional
depth information [5]. Alternative contactless modalities, like
wireless sensing-based driver authentication [6] and behav-
ioral biometrics via CAN-bus command patterns [7], have
also been explored. The integration of biometric data from
multiple sources, e.g., face and gait, represents a promis-
ing path to enhance driver identification at a distance and
improve robustness of recognition systems, overcoming the
limitations of existing FR approaches, as demonstrated in [8]
and [9]. Similar multimodal frameworks, such as FIMBISAE
by Ahmed et al. [10], applied in the medical field, demonstrate
how fusing heterogeneous traits (e.g., fingerprints and ECG)
can strengthen system security. Gait recognition (GR), for
instance, allows for the analysis of walking patterns of distant
subjects and is less susceptible to lighting variations and
facial occlusions; it usually does not outperform FR, but
it can provide more robustness to FR systems and address
their shortcomings. In this article, we present a modular,
multimodal framework that integrates face and gait biometrics
to improve recognition performance in automotive access
scenarios. Our framework is based on a plug-and-play pipeline
that combines pretrained deep learning models within dis-
tinct modules for person detection, tracking, segmentation,
FR, GR, and fusion at both score and feature levels. We
evaluate our proposed framework using CASIA-A [11] and
CASIA-B datasets [12]. Unlike previous approaches that com-
bine face and gait modalities, such as [8], which rely on
single-frame FR, our approach aggregates face feature vectors
across multiple frames, enhancing robustness and yielding
substantially higher recognition performance. Notably, prior
literature lacks comprehensive evaluations comparing multiple
fusion methods within a unified pipeline, particularly for

© 2025 The Authors. This work is licensed under a Creative Commons Attribution 4.0 License.
For more information, see https://creativecommons.org/licenses/by/4.0/

https://orcid.org/0009-0001-9534-3334
https://orcid.org/0000-0001-7703-1372
https://orcid.org/0000-0003-2563-2250
https://orcid.org/0009-0004-3338-5303


BOSCOLO et al.: MULTIMODAL FUSION OF FACE AND GAIT FOR PERSON IDENTIFICATION 2439

automotive-oriented recognition and verification. Our findings
provide a comprehensive landscape of fusion techniques for
face and gait on CASIA-A and CASIA-B, underlining the
potential of fusion techniques to improve identity verification
systems at a distance in future automotive applications.

Our contributions are summarized as follows.
1) The development of a modular multimodal biomet-

ric pipeline that leverages pretrained state-of-the-art
models for vehicle owner recognition; this pipeline
substantially improves Rank-1 accuracy upon single-
modality approaches, demonstrating its effectiveness
with a 99.40% Rank-1 accuracy on CASIA-B using the
best fusion configuration, compared to 96.96% for the
best unimodal face baseline and 90.51% for the best
unimodal gait baseline.

2) The systematic evaluation of diverse fusion strategies,
including algebraic score-level methods (i.e., weighted
mean, sum, and multiplication) and more complex
feature-level fusion (FLF) techniques such as direct
concatenation, polynomial fusion, hierarchical fusion,
and Transformer-based neural fusion. Our experiments
demonstrate that weighted mean score-level fusion
(SLF) achieved a Rank-1 accuracy of 99.40% and a
true acceptance rate (TAR) at false acceptance rate
(FAR) = 10−5 of 98.06% on CASIA-B, significantly
outperforming unimodal baselines.

3) The introduction of preprocessing techniques such as
dynamic weighted mean fusion based on subject–camera
distance and input video upscaling to increase recogni-
tion robustness.

The remainder of this article is organized as follows. Sec-
tion II reviews related work in FR, GR, and their fusion.
Section III introduces our proposed multimodal framework,
including the pipeline architecture, its modules, and considered
fusion methods. Section IV presents the experimental setup,
baseline model performance, and comprehensive fusion results
on CASIA-A and CASIA-B datasets. Finally, Section V con-
cludes this article, discussing limitations and outlining future
research directions.

II. RELATED WORK

In this section, we review key contributions related to FR,
GR, and their fusion.

A. Face Recognition

FR is a widely studied and deployed task in computer
vision, particularly in identity verification and authentication
applications. It is commonly used in access control systems,
where it enables secure entry based on facial features, and
in surveillance, where it assists in monitoring and identifying
individuals in real time. FR tasks can be split into two
main categories: face verification and face identification. Face
verification involves comparing two face images to determine
whether they depict the same individual, typically needed
for confirming identities. Face identification, in turn, involves
comparing a face against multiple stored identities to find

a match and is commonly used in surveillance and law
enforcement.

Furthermore, FR can operate under two different protocols:
the closed-set protocol, in which all testing identities are
present in the training set, thereby collapsing the recognition
task to a classification problem, and the open-set protocol,
which involves different identities in the training and testing
sets, resembling real-world scenarios. Most FR approaches
today focus on the open-set protocol.

Convolutional neural networks (CNNs) became the most
dominant approach in FR when DeepFace [13] demonstrated
near-human performance on the labeled faces in the wild
(LFW) [14] dataset in 2014. DeepFace used a deep CNN
trained with a softmax-based classification loss, mapping face
images into a discriminative feature space where intraclass
distances were minimized and interclass distances were maxi-
mized. Following DeepFace, two primary paradigms emerged:
softmax-based methods and contrastive learning methods. The
former category refined DeepFace’s approach by incorporat-
ing variations of softmax loss, treating FR as a multiclass
classification problem, and proving effective in closed-set
scenarios. Methods belonging to the latter category, such as
triplet loss introduced by FaceNet in 2015 [15], directly opti-
mized the embedding space for face verification and open-set
recognition by grouping positive pairs and distancing negative
pairs; despite requiring complex strategies for mining negative
samples, this approach significantly improved FR in real-world
applications.

To enhance the performance of softmax loss in open-set
scenarios, techniques like SphereFace [16], CosFace [17],
and ArcFace [18] were developed. SphereFace incorporated
a margin penalty into the softmax loss to optimize angular
distributions of features, though it faced stability issues. Cos-
Face and ArcFace further improved accuracy by introducing
additive cosine and angular margins, respectively; in particular,
ArcFace demonstrated superior margin control and robustness,
becoming the preferred loss function for recent FR architec-
tures due to its high accuracy in challenging conditions such
as lighting and pose variations.

One of the most widely used datasets for FR is the pre-
viously mentioned LFW dataset, which contains over 13 000
images of faces collected from the web under unconstrained
settings, making it a benchmark for face verification in
real-world conditions. Popular large-scale datasets include
MS-Celeb-1M [19], featuring over 10 million images of
100 000 celebrities, and VGGFace2 [20], comprising 3.3 mil-
lion images of over 9000 subjects, which includes a diverse
range of poses, ages, and ethnicities. Several datasets have
been devised to mitigate the effects of face occlusions such
as masks. One example is the masked FR dataset (MFDD) by
Wang et al. [21], which provides over half a million real and
synthetically masked face images.
B. Gait Recognition

GR is another popular computer vision task, which offers a
method to identify individuals based on their walking patterns.
Unlike FR, which can be impacted by changes in expression
or lighting, especially at a distance, gait is more robust to
variations in appearance, such as clothing or accessories, and
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can work despite face occlusions. This robustness makes it
an attractive method for security systems, surveillance, and,
in general, identification based on the overall appearance of a
person.

Like FR, GR can be categorized into closed- and open-set
protocols. In the closed-set protocol, all identities in the test set
are present in the training data, whereas the open-set protocol
handles unseen identities during testing. Most contemporary
works focus on open-set scenarios due to their relevance in
real-world applications such as video surveillance.

GR methods are primarily based on model-free or model-
based approaches. Model-free techniques, such as gait energy
image (GEI) [22], focus on silhouette-based representations,
making them easier to implement but sensitive to variations
in clothing and carrying conditions. Model-based methods, in
contrast, construct explicit models of the human body and
estimate joint movements, offering more robustness though,
often, at the cost of higher computational complexity.

With the advent of deep learning, model-free approaches
based on CNNs and recurrent neural networks (RNNs) have
become predominant in GR due to their ability to capture
both spatial and temporal information from gait sequences.
CNN-based methods such as GaitSet [23] and GaitPart [24]
leverage the hierarchical feature extraction capability of their
architecture, representing gait as a set of spatial features aggre-
gated across time. In particular, the two mentioned models use
a sequence of binary silhouettes to extract spatial–temporal
information, with GaitPart splitting gait sequences into parts
and focusing on localized body parts.

Several datasets have emerged to support research in GR,
with CASIA-A [11] and CASIA-B [12] being among the most
widely used. CASIA-A, one of the earliest datasets for GR,
contains sequences from 20 subjects walking in three direc-
tions (parallel, 45◦ and 90◦) relative to the camera. CASIA-B
is a larger dataset comprising 124 subjects, captured from 11
different viewpoints, and includes variations in clothing and
carried objects to simulate real-world conditions. Other notable
datasets are OU-ISIR [25], which offers extensive cross-view
data, and TUM-GAID [26], focused on indoor and outdoor
gait sequences under realistic conditions.

C. Fusion of Face and GR

Early works on fusion of face and gait, such as that by
Kale et al. [27], explored both hierarchical and SLF strate-
gies to combine the two biometric traits. Their hierarchical
approach involved cascading multiple classifiers in increasing
order of accuracy. Specifically, a gait classifier was applied
first to narrow down the candidate pool, reducing the number
of subjects passed to the face classifier, which operated on a
smaller and more refined set. This progressive filtering mini-
mized errors by decreasing the number of probes at the final
stage. This approach was compared to SLF techniques like
sum, product, and min rules, showing improved recognition
accuracy on the NIST gait database.

Later, Zhou and Bhanu [28] focused on feature fusion to
enhance recognition at a distance, working with side-view
data. Their method involved linear normalization of features
and dimensionality reduction, with subsequent concatenation

of face and gait features. They experimented on a proprietary
dataset of 46 subjects, which was not publicly released.

Geng et al. [29] introduced an adaptive fusion method
designed to account for variations in view angle and subject-to-
camera distance. By adjusting the fusion weights dynamically
based on silhouette size and angle on five different views, they
achieved improved performance over single modalities, espe-
cially with challenging view angles. Their approach, which
was tested on a subset of the CASIA-A dataset, incorporated
adaptive score fusion and demonstrated that optimized weight-
ing schemes could lead to more robust identification.

More recently, research has expanded to cover the fusion
of deep learning-based recognition approaches. For instance,
Fu et al. [8] focused on face and gait fusion at the feature
level, using pretrained face and gait models (ResNet50 with
ArcFace loss and GaitSet) on a subset of the CASIA-B
dataset. Their method combined min–max normalization with
feature concatenation, achieving moderate gains in cross-view
scenarios.

Prakash et al. [9], in turn, introduced an adaptive
fusion approach using convolutional long short-term memory
(LSTM) models and keyless attention mechanisms, adjusting
fusion weights based on view angle. They experimented on
CASIA-A, achieving improvements in accuracy over the sim-
pler method in [29].

III. METHODOLOGY

To integrate FR and GR effectively, we designed a mul-
timodal framework that leverages state-of-the-art models for
each stage of the recognition process, capable of applying a
wide range of fusion techniques. Sections III-A–III-C describe
the framework’s overall architecture, detailing the modular
pipeline and the fusion strategies employed.

A. Pipeline for Joint Face and GR

This section presents a multimodal biometric recognition
pipeline based on the combination of face and gait modalities,
designed for the integration of models with a plug-and-play
architecture. As discussed in Sections I and II, the primary
motivation for this fusion is to improve recognition perfor-
mance, especially in challenging scenarios with lack of face
clarity and variations in subject appearance. Gait, being less
affected by external factors, complements FR by mitigating its
limitations. Our approach aims to improve both accuracy and
robustness in out-of-vehicle identification tasks in the wild, by
exploring fusion methods at both score and feature levels.

To achieve our goal, the devised pipeline, illustrated in
Fig. 1, combines state-of-the-art models for each step of person
identification, from the detection of subjects in RGB videos to
the final recognition scores. The overall workflow is detailed
in Algorithm 1, which orchestrates the entire process from
gallery creation to final score generation. A crucial subroutine
within this pipeline is the feature extraction stage, separately
detailed in Algorithm 2.

An input video I is fed to the pipeline, whose first step is
person detection and tracking, to extract the bounding boxes
of each subject in the video. The resulting video sequences
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Fig. 1. Overview of the proposed pipeline. Given an input video sequence I, the system detects and tracks individuals, extracting cropped video sequences for
each of them. Face and gait features are then computed separately and compared against their respective galleries using a similarity metric m. The resulting
face and gait scores, along with their feature vectors, are passed to the fusion module, which performs SLF and FLF to generate the final prediction scores.
The specific models and fusion methods used depend on the pipeline configuration.

Algorithm 1 Recognition and Fusion Pipeline

Î = {Î0, . . . , Îns }, cropped to each subject’s bounding box
for all ns detected subjects, are processed in order by the
rest of the pipeline. Each processed sequence Î is passed to
the face detection and recognition module as well as to the
segmentation and GR module, which perform their respective
tasks. The face feature vector V f extracted from Î is compared
to the face gallery G f = {G f0 , . . . ,G fn }, comprised of the

Algorithm 2 Multimodal Feature Extraction

face feature vectors for all n subjects in the gallery, using
the preferred similarity metric m. In parallel, the gait feature
vector Vg is compared to the gait gallery Gg = {Gg0 , . . . ,Ggn }

using the same metric. The resulting gait prediction scores
S g = {S g0 , . . . , S gn }, along with Vg and V f and the face scores
S f = {S f0 , . . . , S fn }, are then fed into both SLF and FLF
modules. These modules perform fusion at their respective
levels and produce the final prediction scores for the particular
subject.

B. Pipeline Modules

As anticipated, the pipeline consists of the following mod-
ules, which cover each step of recognition from RGB images
as follows.
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1) Person Detection and Tracking: Detect individuals
approaching the vehicle and track their movement across
frames.

2) Face Detection and Recognition: Locate the face of
detected subjects in the frame and then extract face
features and recognition scores.

3) Segmentation and GR: Extract subject silhouettes and
perform GR, extracting gait features and recognition
scores.

4) Score/FLF: Combine face and gait outputs either at the
score level or feature level, determining the overall pre-
diction and the final decision for each detected subject.

The first three modules are encapsulated within the Feature-
Extraction routine detailed in Algorithm 2. The fusion module
corresponds to the logic in Algorithm 1, which consumes the
extracted features to produce recognition scores. The pipeline
modules are described in detail in the remainder of this section,
while the specific models employed for each module are
discussed in Section IV-A.

1) Person Detection and Tracking Module: The person
detection and tracking module handles the initial stage of the
person identification process and is split into two steps as
follows.

1) Person Detection: From an input video, the module
identifies individuals and outputs the corresponding
bounding boxes along with confidence scores.

2) Multiperson Tracking: Using the detected bounding
boxes, the module assigns a unique identifier (ID) to
each subject based on their appearance.

Each step is executed using a pretrained deep learning model.
The framework automatically crops frames, creates sequences
for each subject, and links them to the corresponding track
IDs. For a given input video, the final output is a set of image
sequences cropped to the bounding boxes of each tracked
individual. Each sequence is then passed to the face and
GR branches for further processing. This corresponds to the
PersonDetectorTracker routine in Algorithm 2. Processing of
the input sequence is conducted frame by frame, which allows
the module to work on a live recording with minimal latency,
depending on the complexity of the detection and tracking
models employed.

Advantages: This module ensures that all subjects detected
on camera are processed. Its real-time, frame-by-frame pro-
cessing allows for minimal latency, key for live applications.

Limitations: Performance can be affected by factors like
subject distance, extreme occlusions, or harsh lighting condi-
tions, which may lead to missed detections or tracking errors.

2) Segmentation and GR Module: The segmentation and
GR module is responsible for generating gait embeddings from
a sequence of video frames. This process consists of two steps
as follows.

1) Segmentation: Semantic segmentation is applied to the
input frames to create binary masks (i.e., silhouettes).

2) GR: The extracted silhouettes are fed into a GR
model, which produces temporally aggregated gait fea-
ture embeddings.

These two steps are represented by the ExtractSilhouettes and
ExtractGaitFeatures routines in Algorithm 2. Both steps are
performed using pretrained models; different model combina-
tions were tested.

Advantages: GR is highly robust to variations in facial
appearance (e.g., occlusions, expressions, and lighting) and
can identify subjects at a distance. It is also less susceptible
to spoofing attacks compared to FR.

Limitations: GR can be sensitive to changes in clothing,
carrying conditions, and camera view angles, which might alter
walking patterns. The accuracy may also decrease significantly
with degraded silhouettes.

3) Face Detection and Recognition Module: The face
detection and recognition module is responsible for generating
face embeddings from each frame in a sequence. This process
is divided into two steps as follows.

1) Face Detection and Alignment: The module identifies
and locates human faces and normalizes them to a
standard position using detected landmarks.

2) FR: The aligned faces are passed through a feature
extractor, generating embeddings.

In Algorithm 2, these operations are represented by DetectAn-
dAlignFaces and ExtractFaceFeatures routines, followed by a
mean aggregation to produce a single feature vector per subject
sequence. These steps are implemented using two pretrained
models; different FR models were tested.

Advantages: FR is a highly mature and widely accepted bio-
metric modality, offering high accuracy for identity verification
under ideal conditions. It is intuitive and directly verifiable by
users.

Limitations: Its performance significantly degrades with
variations in lighting, pose, facial expressions, and partial
occlusions (e.g., masks and hats). It is also known to be
vulnerable to spoofing attacks that use photos or videos.

4) Fusion Module: The fusion module is designed to
apply a variety of techniques for the fusion of face and gait
modalities. In general, fusion of modalities can be performed
at the decision level, score level, or feature level. In this work,
we do not consider approaches at the decision level because
they treat FR and GR as independent classifiers, preventing the
system from leveraging their combined discriminative power at
a more granular level. Therefore, the architecture of the fusion
module currently supports score and FLF methods only.

In the case of SLF, the scores S f of the comparison between
the face embedding V f with the face gallery G f , along with
the corresponding gait scores S g obtained from comparing Vg

with Gg, are combined in one of multiple ways (e.g., using
sum, multiplication, and weighted mean of scores).

FLF, in turn, operates directly on the embeddings V f and
Vg to integrate their feature representations into a unified
embedding space (e.g., by means of concatenation). To be
able to compare the newly fused feature vector V f⊕g with a
gallery, the same operations must be performed on both face
and gait galleries, resulting in a combined face and gait gallery
G f⊕g that can be compared with the feature vector to obtain
the combined score S ′. Algorithm 1 explicitly implements
both fusion paths. It first generates separate galleries (G f , Gg)
and a fused gallery (Gfused). Then, for each probe subject, it
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Fig. 2. Fusion module’s different modes of operation. The final prediction
scores are calculated using both SLF and FLF techniques. In the former
case, prediction scores are combined after comparison with their respective
galleries, while in the latter case, extracted features are combined and
compared with a fused gallery in order to obtain the scores. The specific
models and fusion methods used depend on the pipeline configuration.

computes scores via the SLF path (FuseScores) and the FLF
path (FuseFeatures followed by Compare). Fig. 2 provides a
diagram of the fusion module’s operation in the two different
fusion modes.

Advantages: Fusion significantly enhances overall recogni-
tion accuracy and robustness by combining complementary
information from FR and GR, mitigating their limitations. It
improves performance in challenging scenarios and increases
resistance to spoofing attacks.

Limitations: The effectiveness of fusion depends on the
chosen strategy and the quality of individual modalities. FLF
can be computationally more complex and may require model
training for optimal performance. The choice of the similarity
metric for the fused features also impacts accuracy.

C. Fusion Methods

A variety of different methods can be used to perform fusion
at the score or feature level. This section describes the main
fusion techniques that were considered in this work.

1) Score-Level Fusion: Fusion at the score level is typically
used for combining recognition scores in a fast yet effective
manner. This approach aggregates the prediction scores of
individual models before making the final recognition deci-
sion. Common SLF techniques include the following.

1) Sum: This method calculates the final prediction score
as the sum of individual scores from each modality

S sum = S f + S g. (1)

2) Multiplication: By multiplying scores, this approach
emphasizes cases where both modalities strongly indi-
cate the same identity. However, it is more sensitive to
low-confidence scores, as a single low score can lower
the overall score significantly

S mult = S f · S g. (2)

3) Weighted Mean: To account for the varying reliability of
different modalities, the weighted mean fusion applies
predefined weights to each score before averaging

S mean = α · S f + (1 − α) · S g. (3)

We employ all of these methods in our pipeline to determine
which one is best suited for recognition, as well as to provide
different fusion options in different scenarios.

2) Feature Concatenation: Fusion at the feature level
involves the combination of raw or processed feature vectors
from each modality before computing the prediction scores.
Feature concatenation represents a simple approach to FLF.

First, the face feature vectors are averaged over all frames
of the input sequence to obtain a mean face feature vector,
which is combined with the gait feature vector. The two vec-
tors are then normalized using either min–max normalization
or L2 normalization. Next, the feature vectors are flattened
and concatenated into a single composite feature vector. The
same operations are applied to the gallery features to enable
comparison.

3) Dynamic Weighted Mean: The dynamic weighted mean
approach represents an alternative to the weighted mean SLF.
Instead of combining scores using the same weight α for all
frames, the weight can vary based on external factors (e.g.,
time and subject distance).

For instance, when the subject is further from the camera,
gait is expected to be more reliable due to low face resolution.
As the subject approaches, the face modality becomes more
informative. We adopt this approach in our pipeline to dynam-
ically emphasize the most reliable modality in each section of
the input sequence.

4) Hierarchical Feature Fusion: This approach, first
described in [27], sequentially filters samples by performing
FR and GR in a sequential manner.

The process begins by applying the less accurate recognizer
(gait), ranking samples by gait scores. A subset of top-ranked
candidates is selected, and the corresponding face scores are
computed only for this subset. Final predictions are made
using face scores, reducing the computational load.

5) Automated Feature Fusion: Inspired by recent advances
in Transformer-based architectures, we introduce a deep fusion
method that leverages a Transformer encoder to model rela-
tionships between face and gait embeddings.

Face and gait embeddings are first normalized with L2
normalization. Given their dimensionalities (512 for face and
1184 for gait), we project both into a common 848-D space
using linear layers. These projections serve as two input tokens
to a Transformer encoder with four layers, eight attention
heads, and 2048-D feedforward layers.

Through self-attention, the network learns intramodal and
cross-modal features. We aggregate the output token embed-
dings by concatenation, for a fused embedding of 1696
dimensions.

We trained the fusion model using both contrastive and
triplet losses, with triplet loss yielding better performance.
Training lasted 50 epochs with early stopping on a validation
set of ten subjects drawn from the training data.

D. Dataset Selection

To evaluate the performance of our pipeline and fusion
techniques, we needed a dataset including both face and gait
information in RGB video format, simulating realistic out-
of-vehicle identification scenarios where subjects approach a
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TABLE I
SUMMARY OF THE CONSIDERED STATE OF THE ART DATASETS. ONLY

CASIA-A AND CASIA-B OFFER BOTH CLEAR, NONBLURRED FACE
DATA AND FRONTAL VIEW ANGLES, MAKING THEM SUITABLE FOR

TASKS INVOLVING JOINT FACE AND GR

vehicle (i.e., the camera). For our task, a combination of clear,
nonblurred faces and frontal or semi-frontal viewpoints was
required.

Given these constraints, we surveyed several available gait
datasets to determine their suitability for our task. A summary
of this evaluation is presented in Table I.

Some of the surveyed datasets ultimately had to be
discarded as they did not fully meet our requirements.
TUM-GAID [26] only provides side-to-side views, lacking any
frontal or semi-frontal angles for vehicle approaching scenar-
ios. Datasets such as FVG [30], CCGR [31], and SUSTech-1K
[32] contain blurred faces, which completely impair our FR
Module. The NIST database related to the USF HumanID
Gait Challenge [33] was excluded due to incompatible dataset
characteristics, namely, limited frontal views and the lack of
sufficiently clear face images. CASIA-E [34] appears to be a
promising dataset for our purpose, but it has not been released
for research use at the time of writing.

We ultimately selected CASIA-A [11] and CASIA-B [12],
deeming them most suitable for our task.

CASIA-A is one of the earliest gait datasets and contains
RGB video sequences of 20 subjects walking at different
angles (parallel, 45◦, and 90◦) relative to the camera. It
provides clear frontal and semi-frontal face views in a con-
trolled setting. CASIA-B extends the previous dataset with 124
subjects captured from 11 different viewpoints and includes
three walking conditions: normal (NM), with a bag (BG), and
with a coat (CL). These conditions are valuable for evaluat-
ing robustness to variations in appearance. For experimental
purposes, we only selected view angles at 0◦, 18◦, and 36◦,
which correspond to typical angles for approaching a vehicle.

It is worth remarking that these datasets have some limita-
tions as well. The image resolution is relatively low compared
to modern camera standards, and both were recorded in a
single background environment, which may not fully represent
the variability of real-world conditions. Ideally, a domain-
specific dataset tailored for out-of-vehicle identification would
address these gaps, but to our knowledge, such a dataset is not
yet available.

IV. EXPERIMENTS

In this section, we present the experimental evaluation of our
multimodal recognition pipeline, starting with the selection of
baseline models for each module.

A. Model Selection

After defining the pipeline modules, we selected state-
of-the-art models for each step. This section describes the
chosen models and discusses alternative approaches for the
key components of the pipeline: FR, GR, and segmentation.

1) Person Detection and Tracking: In the proposed
pipeline, YOLOv8 [35] is employed as the baseline model
for person detection due to its combination of speed and
accuracy. YOLOv8 leverages an advanced backbone and
head architecture to deliver state-of-the-art performance across
detection tasks. For person tracking, we utilize the ByteTrack
tracking algorithm [36]. ByteTrack combines high-confidence
detections with low-confidence ones, using a robust associa-
tion strategy to enhance tracking continuity. The combination
of ByteTrack with YOLOv8 ensures efficient detection and
tracking, allowing for reliable cropping of the input RGB
sequences to the bounding box of the subject for each frame.

2) Segmentation and GR: Three alternatives are considered
for segmentation or silhouette extraction. The HumanSegV2
model from Baidu’s PaddlePaddle framework [37] was
selected as the first alternative, due to its reliability and inte-
gration with the OpenGait framework. Mediapipe Selfie Seg-
menter [38] demonstrated effectiveness in extracting human
silhouettes across diverse contexts. Ultralytics YOLOv8’s seg-
mentation was also considered. GR is implemented using
models available in the OpenGait framework [39], including
GaitSet, GaitPart, and GaitBase. These models were trained
on the CASIA-B and OU-MVLP datasets, and we employed
them with their pretrained weights.

3) Face Detection and Recognition: YOLOv5Face [40] is
used as the baseline model for the face detection task. Trained
on the WiderFace dataset, YOLOv5Face demonstrates robust
performance in real-world scenarios.

For recognition, three alternative models were considered.
GhostFaceNets [41] was selected for its balance of accuracy
and efficiency. ArcFace [18] was chosen for its handling of
pose and expression variation. Facebook DeepFace [13] was
also considered for its scalability and robustness.

4) Image Upscaling: The quality of input images could
significantly impact the performance of biometric recognition
systems. Low-resolution frames, as in the case of the CASIA
gait datasets, can degrade feature extraction and potentially
reduce the accuracy of FR and GR models. To address
this issue, we incorporated a state-of-the-art image upscaler,
real-world enhanced super-resolution generative adversarial
network (Real-ESRGAN) [42], to increase image resolution
before processing. Real-ESRGAN is a deep learning-based
super-resolution model designed to handle real-world image
degradations, such as noise, blur, and compression artifacts.

For this work, we employed the Real-ESRGAN model using
pretrained weights and applied 2× image upscaling to subject
frames, bringing their resolution from 320 × 240 pixels to
640 × 480, before face and gait feature extraction. While
this preprocessing step does not improve FR performance
significantly due to the low resolution of faces in the input
images, it ensures a higher clarity of silhouettes before GR,
improving the quality of segmentation and subsequent gait
feature extraction.
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Fig. 3. Samples from the CASIA datasets used in this work. (a) Samples
from CASIA-A (angles: 45◦ and 90◦). (b) Samples from CASIA-B (angles:
0◦, 18◦, and 36◦).

B. Experimental Setup

Experiments were conducted on CASIA-A and CASIA-B
using only RGB video data. Fig. 3 depicts sample frames of
sequences from both datasets.

The first 74 subjects of CASIA-B were used for train-
ing. For testing, the first NM sequence (NM01) per angle
was used as gallery; all others (NM02-06, CL01-02, and
BG01-02) were used as probes. For CASIA-A, 0◦ view was
used as gallery; other 0◦ and two 45◦ views were used as
probes. This results in 150 gallery samples and 1350 probes
for CASIA-B, and 20 gallery samples and 60 probes for
CASIA-A.

Both Rank-1 accuracy and TAR@FAR = 10−5 were evalu-
ated. Two metrics were used to compute the similarity between
the gallery and probes. The first is cosine similarity, defined
for two feature vectors A and B as

cosine similarity := cos (θ) =
A · B
‖A‖‖B‖

.

The second one is Euclidean distance, with the formula
for two feature vectors A = (a1, a2, . . . , an) and B =

(b1, b2, . . . , bn) given by

d (A,B) =

vuut nX
i=1

(ai − bi)2.

These metrics are commonplace in both FR and GR domains.

C. Baseline Model Performance

The baseline performance of FR and GR models was evalu-
ated independently to establish reference points for subsequent
fusion experiments. Tables II and III report Rank-1 accuracy
and TAR@FAR = 10−5, respectively.

GhostFaceNetsV1 was selected as the face model for sub-
sequent experiments due to its superior performance. All
gait models were retained for fusion evaluations, given their
competitive baseline accuracy.

TABLE II
BASELINE RANK-1 ACCURACY RESULTS FOR THE CONSIDERED FACE AND

GR MODELS ON THE CASIA-B TEST SET. “COS” REFERS TO THE
COSINE SIMILARITY METRIC, WHEREAS “EUC” REFERS TO THE

EUCLIDEAN DISTANCE METRIC

TABLE III
BASELINE VERIFICATION RESULTS FOR THE BEST PERFORMING FACE

MODEL (GHOSTFACENETSV1) AND THE CONSIDERED GAIT MODELS,
USING BOTH COSINE SIMILARITY AND EUCLIDEAN DISTANCE

TABLE IV

SLF RESULTS FOR THE SELECTED COMBINATIONS OF MODELS

D. Fusion Results

To assess the effectiveness of multimodal integration, we
evaluated different fusion strategies for joint face and GR and
examined their impact on Rank-1 and verification accuracy.
Sections IV-D1–IV-D3 present results for SLF, feature con-
catenation, and more advanced fusion techniques.

1) Score-Level Fusion: In SLF, the individual similarity
scores produced by the face and gait modules are com-
bined to generate a unified decision metric. As described in
Section III-B.4, three different SLF methods are employed:
sum, multiplication, and weighted mean. A linear search was
conducted on parameter α for the weighted mean. The best
model combinations for all fusion methods are reported in
Table IV.

2) Feature Concatenation: Feature concatenation combines
the embeddings extracted from the face and gait modules.
Table V details the performance using the best model com-
binations.

3) Advanced Fusion Techniques: After initial experimen-
tation, the best model configuration (GaitBase + Ghost-
FaceNetsV1) and weighted mean fusion were defined as the
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TABLE V

FEATURE CONCATENATION FUSION RESULTS FOR THE SELECTED
COMBINATIONS OF MODELS. IN PARENTHESES, THE TYPE OF

NORMALIZATION USED FOR THE FEATURES

TABLE VI

COMPARISON OF ADVANCED FUSION APPROACHES WITH
DIFFERENT PREPROCESSING STRATEGIES

benchmark. Table VI presents the results for polynomial,
hierarchical, and Transformer-based fusion, with or without
preprocessing techniques (“UPS” refers to upscaling and
“DYN” refers to dynamic weighted mean).

E. Cross-View Performance on CASIA-A

To further verify the robustness of our pipeline, we con-
ducted additional experiments on CASIA-A, which presents a
more challenging cross-view setting compared to CASIA-B.
Unlike CASIA-B, where probes could be directly compared
with the corresponding gallery of the same angle, in CASIA-
A, there are only two sequences per angle with the subject
facing the camera: 0◦ and 45◦. This setup introduces significant
appearance variations, resembling a general scenario where a
subject may approach the vehicle at a substantially different
angle than the recorded gallery.

We replicated the evaluations performed on CASIA-B, first
by comparing the baseline face and gait approaches and
then applying SLF and feature concatenation techniques. The
results of these experiments are reported in Table VII.

Table VIII provides a comparison of a subset of the
advanced fusion techniques on the CASIA-A dataset.

The advanced fusion approaches evaluated on CASIA-A
achieved consistent Rank-1 accuracies of 96.67%, matching
the feature concatenation benchmark, except for the hierar-
chical approach. This inconsistency is likely due to a poor
generalization of the top results selection threshold for the

TABLE VII

COMPARISON OF BASELINE, SLF, AND FEATURE CONCATENATION
RESULTS ON THE CASIA-A DATASET

TABLE VIII

COMPARISON OF ADVANCED FUSION APPROACHES WITH THE FACE
BASELINE AND THE BEST-PERFORMING APPROACH, REFERRED TO AS

“BENCHMARK,” ON CASIA-A

gait classifier. The Rank-1 accuracy of 96.67% corresponds to
only 2 incorrect predictions out of a total of 60 probes, demon-
strating high performance. Consequently, we did not deem it
necessary to further evaluate the dynamic weighted mean and
upscaling preprocessing techniques, previously effective on
CASIA-B, due to the limited improvement potential. The small
size of the CASIA-A dataset, however, remains a significant
bottleneck, preventing a fully comprehensive assessment of the
performance of the tested fusion approaches.

F. Discussion

The experiments discussed in Sections IV-D and IV-E
evaluated various combinations of FR and GR models as well
as fusion techniques to determine the most effective pipeline
for out-of-vehicle person identification under the considered
conditions. The pipeline was tested on a subset of the CASIA-
B gait dataset and then validated on the CASIA-A dataset to
evaluate cross-view generalization.

The baseline results served to demonstrate the performance
of individual FR and GR models. GhostFaceNetsV1 achieved
the highest accuracy among the FR models, with a Rank-1
accuracy of 96.96% and a TAR@FAR = 10−5 of 70.05%. For
GR, GaitBase outperformed the other models, with a Rank-
1 accuracy of 90.51% and a TAR@FAR = 10−5 of 48.11%.
Rank-1 accuracy was already high for these approaches, but
the verification score could be improved.

For what it concerns SLF, the weighted mean proved
to be the most robust method, consistently achieving high
performance on both CASIA-A and CASIA-B. The benchmark
combination of GhostFaceNetsV1 and GaitBase (with PP-
HumanSeg) using weighted mean fusion reached a Rank-1
accuracy of 99.40% and TAR@FAR = 10−5 of 98.06% on
CASIA-B, improving the former score and greatly improving
the latter, establishing it as the most effective fusion method
for our pipeline.
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The simpler FLF method, i.e., feature concatenation, pro-
vided improvements to the baseline comparable to SLF on
CASIA-B but did not quite reach the weighted mean method.
On CASIA-A, it proved to be more effective than the weighted
mean method in terms of Rank-1 accuracy.

In addition, several advanced fusion methods were eval-
uated, including polynomial SLF, hierarchical fusion, and a
deep Transformer-based FLF method, as well as preprocess-
ing techniques such as input image upscaling and dynamic
weighted mean of features. The dynamic weighted mean
approach, which assigns weights to face frames based on their
distance from the camera, provided modest improvements to
accuracy and verification scores, particularly when combined
with polynomial fusion. The upscaling of input frames boosted
Rank-1 accuracy but did not consistently enhance verification
scores. However, the combination of dynamic weighted mean
and image upscaling yielded slight improvements across both
metrics.

The overall best configuration identified in this study was
the combination of GhostFaceNetsV1 for FR, GaitBase for
GR, and SLF using the weighted mean approach. This setup
performed better than baseline models as well as other fusion
approaches on CASIA-B, with a Rank-1 accuracy of 99.40%
and a TAR@FAR = 10−5 of 98.06%. The weighted mean
approach generalized well to CASIA-A, achieving high per-
formance, being outperformed only by feature concatenation
with min–max normalization on CASIA-A.

Regarding the advanced fusion techniques, their variable
performance deserves a closer analysis. The Transformer-
based model’s suboptimal verification accuracy can be
attributed to its significant data requirements; the relatively
small scale of the CASIA datasets is insufficient for the
Transformer to learn a truly generalizable fused embedding
space, likely leading to overfitting on the training subjects. The
performance of the hierarchical approach can be explained by
the limited accuracy of the first gait-based filtering stage. An
incorrect filtering decision at this step cannot be corrected by
the face classification step, causing a propagation of error that
particularly impacts challenging cross-view scenarios. These
factors highlight that, for the specific conditions and datasets
tested, simpler and more robust fusion rules offered a better
tradeoff between complexity and generalization.

G. Comparison With State of the Art

In this section, we present an analysis of our proposed
method’s performance against established state-of-the-art
approaches on CASIA-B and CASIA-A. To ensure a fair
and direct comparison, we adopted the same experimental
protocols employed by the authors of the original works.

For the CASIA-B dataset, we benchmarked our model
against the results presented by Fu et al. [8]. We replicated
their exact experimental setup, which involves using walking
sequences with view angles ranging from 0◦ to 90◦. For
the gallery set, we included the first four “Normal” (NM)
sequences (NM#01–04) for each subject; the remaining NM
sequences (NM#05 and 06), along with all “Bag” (BG) and
“Coat” (CL) sequences, were used as the probe set.

TABLE IX
COMPARISON WITH STATE OF THE ART ON CASIA-B

TABLE X
COMPARISON WITH STATE OF THE ART ON CASIA-A

TABLE XI
END-TO-END COMPUTATIONAL PERFORMANCE OF THE PIPELINE

As illustrated in Table IX, the results clearly demonstrate the
superiority of our approach. Our unimodal face module, lever-
aging GhostFaceNetsV1, achieves an average Rank-1 accuracy
of 96.94% compared to 8.85% reported in [8]. Similarly, our
gait module based on GaitBase reaches 85.39% on average.
Our fusion strategy is able to outperform the best method
described in [8].

For the CASIA-A dataset, we adhered to the evaluation
protocol by Prakash et al. [9], also previously adopted in [29].
This protocol involves, for each of the three angles (0◦, 45◦,
and 90◦), selecting two sequences per subject for the gallery
and using the remaining two sequences as the probe.

The results are presented in Table X. The unimodal face and
gait approaches already provide competitive results, while our
multimodal fusion approach is able to achieve a perfect Rank-
1 accuracy of 100%, effectively solving the recognition task
under this specific protocol and setting a new state-of-the-art
benchmark for this dataset.

H. Computational Efficiency Analysis

The computational efficiency of the proposed pipeline is
a critical aspect for its deployment in real-world applications
(which is already planned), especially on resource-constrained
embedded systems. This section presents an analysis of the
pipeline’s latency, computational cost, and memory consump-
tion to evaluate its overall computational requirements.

The analysis was conducted on a high-performance desktop
workstation equipped with an NVIDIA RTX 3090 GPU, an
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TABLE XII
MODULE-BY-MODULE COMPUTATIONAL BREAKDOWN (LATENCY, FLOPS, AND VRAM)

Intel Core i7-12700K CPU, and 32 GB of RAM. While this
setup does not represent a low-power embedded platform, it
serves to establish a benchmark for the pipeline’s raw perfor-
mance and identify computational bottlenecks. The pipeline
was implemented using PyTorch and evaluated in a Python
3.9 environment.

The following performance metrics were measured as fol-
lows.

1) Inference Time (Latency): Reported in milliseconds (ms),
representing the time taken for an inference pass through
a pipeline component or the entire system.

2) Computational Cost (FLOPs): Expressed in giga
floating-point operations (GFLOPs), serving as a
hardware-agnostic measure of the computational
workload.

3) GPU Memory Consumption (VRAM): Measured in
megabytes, indicating the peak video RAM used.

4) Power Consumption: Power consumption in watts was
monitored using nvidia-smi to provide an indication
of the load on a desktop GPU.

Table XI presents the end-to-end computational perfor-
mance of the full multimodal pipeline. These metrics represent
the average requirements to process a single frame.

The pipeline achieves an average latency of 5.84 ms/frame,
corresponding to a throughput of approximately 171 frames/s
on the test hardware. The total peak memory footprint is 2819
MB, with an average power draw of 160 W. While these
results demonstrate feasibility on high-end hardware, a more
detailed breakdown is required to identify optimization targets
for deployment on embedded systems.

To identify specific performance bottlenecks, a module-
by-module breakdown of latency, FLOPs, and VRAM con-
sumption was conducted. Table XII summarizes these results,
highlighting the computational burden of each component for
an entire probe sequence.

From the results, it is evident that the pipeline’s performance
is not uniformly distributed across its components. The face
detection and recognition module is the primary bottleneck
in terms of processing time, accounting for 472 ms, or
approximately 73% of the total 642-ms latency. This module
also represents the largest computational workload, requiring
201.7 GFLOPs.

Conversely, the segmentation and GR module is the most
demanding in terms of memory. It requires a peak of
1536 MB of VRAM, which is more than double the con-
sumption of the tracking module and nearly three times that
of the face module. The person detection and tracking module

presents a moderate load across all metrics, while the final
fusion step is computationally negligible.

Furthermore, the impact of including the Real-ESRGAN
upscaling module was evaluated. The additional overhead in
terms of latency and memory was found to be negligible in the
context of the entire pipeline’s workload, and for this reason,
its specific metrics are not detailed in the performance tables.
These findings suggest that future optimization efforts for
embedded deployment should prioritize reducing the latency
of the FR pathway and minimizing the memory footprint of
the segmentation and GR models.

I. Limitations and Future Work

While the proposed pipeline achieves high accuracy on
standard benchmarks, it faces two main limitations: dataset
generalization and computational cost. The CASIA-A and
CASIA-B datasets do not fully reflect the complexity of
real-world vehicle access conditions, which often include chal-
lenging scenarios such as heavy occlusion, extreme lighting
variations, and diverse subject–camera interactions. To our
knowledge, no publicly available dataset adequately simulates
these specific conditions.

Furthermore, as established in the computational analysis,
the current implementation has room for optimization. The FR
module represents a computational bottleneck, while the seg-
mentation and GR module has the largest memory footprint.
This presents a practical limitation for deployment on the low-
power or real-time embedded systems typical in intelligent
vehicles.

Future work will focus on addressing these limitations.
We plan to create a new, realistic dataset that reflects real-
world vehicle access conditions, featuring high intersubject
and intrasubject variability, diverse lighting, and occlusions.
We are also exploring the creation of a synthetic dataset for
access scenarios using state-of-the-art generative models (e.g.,
Stable Diffusion [43], Wan 2.1 [44], and ControlNet [45]).

Concurrently, a critical direction is the optimization of the
pipeline for embedded hardware, such as the NVIDIA Jetson
Orin family. This will involve leveraging frameworks like
PyTorch and the TensorRT framework to address the identified
computational and memory bottlenecks, moving the system
from a high-performance benchmark to a feasible real-world
application.

V. CONCLUSION

This article introduced a modular, multimodal person recog-
nition pipeline for out-of-vehicle scenarios. Our primary
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contribution is a system that effectively combines face and
gait modalities, demonstrating substantial improvements over
unimodal approaches in both recognition (Rank-1 accuracy)
and verification (TAR@FAR), an aspect often overlooked in
the literature.

Through extensive experimentation, we identified the com-
bination of GhostFaceNetsV1 and GaitBase, fused via an
SLF weighted mean, as the optimal configuration. This
pipeline achieved state-of-the-art performance on CASIA-B
with 99.40% Rank-1 accuracy and 98.06% TAR@FAR = 10−5.
It also showed strong generalization on CASIA-A, where our
fusion approach achieved a perfect 100% Rank-1 accuracy
under the tested protocol.

In conclusion, this work lays the foundation for out-of-
vehicle multimodal person recognition systems and demon-
strates the power of combining state-of-the-art recognition
modes with innovative fusion techniques. By addressing the
identified limitations, future research could extend the applica-
bility and reliability of this approach in real-world scenarios,
paving the way for reliable biometric vehicle access systems.
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