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Abstract

Efficient border control is becoming a significant global
challenge, mainly due to severe congestion and extended
passenger waiting times. To mitigate these bottlenecks
and facilitate passenger flow, biometric technologies are
increasingly deployed to streamline identity verification
and enhance crossing efficiency. Technical limitations
frequently impede biometric identification, particularly in
long-range surveillance, where systems must deal with ad-
verse atmospheric conditions and degraded image quality.
While high-quality frameworks like BRIAR exist, they are
frequently restricted to specific government agencies. This
paper introduces GaitFace, a new public dataset that con-
tains face and gait data captured at long distances. To
ensure that the research reflects authentic border scenar-
ios, we use Pre-Enrollment data, where a traveler regis-
ters via a mobile device, and ”In-the-Wild” captures, which
records individuals at a distance across multiple viewing
angles and different cameras. Benchmarking SOTA face
and gait models reveals that current architectures fail un-
der low-resolution and elevated viewpoints despite success
with optical assistance. GaitFace exposes these critical vul-
nerabilities, providing a rigorous public benchmark to drive
more robust, unconstrained biometric research. Available
at https://idiap.ch/paper/gaitface

1. Introduction

Biometric recognition at long distances is an essential
capability for automated border crossing [23, 21], surveil-
lance [29], and forensic [34] applications. Unlike tradi-
tional close-range biometrics in controlled scenarios, long-
distance person recognition presents scenarios with severe
image degradation caused by low resolution, motion blur,
changing viewpoints, atmospheric effects, and varying illu-
mination and weather conditions.

Face and gait data are particularly relevant in this set-
ting because both can be used to provide automatic biomet-
ric recognition. These two modalities also provide comple-
mentary information: face recognition is highly discrimina-
tive when sufficient facial detail is available, while gait can

(a) Map showing positions of recording teams and walking paths.

(b) Visual comparison of facial resolution across different cam-
eras/heights.

(c) ”Walking Towards Camera” (WTC) scenario.

Figure 1. Experimental overview: (a) station layout and path; (b)
hardware comparison; and (c) sample frames showing long- to
near-range capture.

https://idiap.ch/paper/gaitface


remain informative at long distances.
Despite recent progress in face and gait recognition, ex-

isting datasets only partially cover the conditions required
for realistic long-distance person recognition. Large-scale
face datasets collected in the wild have enabled the de-
velopment of highly-accurate face recognition models[30],
but they are driven by high-quality face imagery and do
not show the same performance with native low-quality
surveillance probes[27]. Low quality and surveillance face
datasets provide more challenging probes, but often lack
controlled high-quality enrollment data [3, 4], long-distance
optical-zoom captures[12], or temporal variability across
repeated sessions[20]. Similarly, most gait datasets [40,
41, 24, 14] include controlled or short-to-medium range
sequences, while long-distance gait probes with realistic
viewpoint, clothing, and accessory changes remain scarce.
As a result, current benchmarks encounter limitations in de-
signing person recognition protocols. Another important
constraint is dataset availability. Some of the most rele-
vant resources for long-range and surveillance biometrics,
such as IJB-S[20] and BRIAR[5], are highly restricted, lim-
iting reproducibility and excluding many academic, inter-
national, and commercial users. At the same time, bio-
metric dataset collection must address personal privacy, in-
formed consent, and comply with data governance regula-
tions [6, 35].

To address these gaps, we introduce GaitFace, a mul-
timodal dataset for long-range person identification de-
signed around a border-crossing-inspired acquisition pro-
tocol. GaitFace combines controlled pre-enrollment face
captures from mobile devices with outdoor long-distance
observations, including high-resolution optical-zoom face
images, native low-resolution face video, and long-distance
gait recordings from multiple viewpoints. The dataset con-
tains 70 participants recorded across two sessions on differ-
ent days, introducing temporal variability in clothing, ac-
cessories, hairstyle, subject appearance, and environmental
conditions. This design enables the study of high-quality
reference to long-distance probe matching, low-resolution
face recognition, long-distance gait recognition, and mul-
timodal face-gait analysis. The main contributions in this
paper are:

• We introduce GaitFace, a multimodal long-distance
person recognition dataset combining controlled mo-
bile pre-enrollment, high-resolution optical-zoom face
captures, native low-resolution face video, and long-
distance gait recordings.

• We design a realistic multi-session acquisition proto-
col with multiple viewpoints, subject motion, clothing
changes, accessories, phone usage, and natural envi-
ronmental variability.

• We define evaluation protocols for long-distance face
recognition, long-distance gait recognition, and cross-
session matching under realistic covariate changes.

• We provide benchmark results using state-of-the-art
face and gait recognition methods, highlighting the dif-
ficulty of the proposed setting and establishing base-
lines for future research.

The paper is organized as follows: Section 2 reviews related
work in long-distance face and gait recognition. Section 3
presents our proposed GaitFace dataset. Section 4 describes
the experimental setup and evaluation protocols. Section 5
reports benchmark results for face and gait recognition. Fi-
nally, we give our concluding remarks in Section 6.

2. Related Work
In this section, we review prior work across long-

distance face and gait recognition, highlighting the critical
gaps in publicly available multimodal benchmarks to moti-
vate our proposed dataset.

Unimodal Recognition Limitations
Modern face recognition relies heavily on large-scale, high-
resolution datasets (e.g., LFW [18], CASIA-WebFace [38],
MS-Celeb-1M [15], WebFace260M [42], Glint360K [1])
and benchmarks like IJB-C [31], but models trained on
these suffer severe performance drops when applied to low-
resolution surveillance scenarios (e.g., SCFace [12], UCCS
[13], DroneFace [17], TinyFace [3], SurvFace [4]) Simi-
larly, unimodal gait recognition methods are typically eval-
uated on datasets restricted to short-to-medium ranges (e.g.,
CASIA-B [40], Gait3D [41])

Multimodal Face and Gait Datasets
Because facial features degrade at a distance while gait re-
mains informative, multimodal evaluation is critical for re-
alistic border control and surveillance However, publicly
available datasets rarely provide synchronized face and gait
captures at extreme distances. While datasets like IJB-S
[20] and BRIAR [5, 26, 36] capture long-range surveillance
scenarios, their access is highly restricted, limiting broad re-
search and commercial reuse. To address this gap, GaitFace
introduces a public benchmark combining controlled mo-
bile pre-enrollment with long-distance multimodal outdoor
captures. Table 1 compares GaitFace against the limited ex-
isting multimodal datasets from the literature.

3. GaitFace: Long-distance face & gait dataset
Overview The dataset was ethically and legally acquired
from 70 consenting participants (ID 0–69) under a protocol
approved by the relevant institutional review boards, with
all individuals providing explicit informed consent for the
collection and processing of their biometric data. Recorded
across two acquisition sessions separated by several weeks,



Dataset Name Dist Env #Subjs Public
BRIAR [5, 26, 36] <1,000m Both ∼1,760 No
NIST Database [19] 10-15m Outdoor 30 Yes
OU-ISIR Database [32] ∼8m Indoor 1,912 Yes
FOCS [28] <8.3m Outdoor 437 Yes
NLPR Gait [10] 5-12m Outdoor 20 Yes
CASIA-B-Gait-Face [9] 5-15m Indoor 124 Yes
Walking Video [2] <25m Outdoor 25 No
GaitFace (Ours) <100m Both 70 Yes

Table 1. Comparison of Multimodal Face and Gait Datasets

the dataset includes associated demographic metadata and
amounts to approximately 2.7 TB of multi-modal data,
comprising RGB high-resolution facial images in RAW for-
mat and multi-view gait recordings. The collection protocol
incorporates repeated measurements to capture natural tem-
poral variations in appearance and utilizes a long-distance
acquisition design—capturing biometrics at distances of up
to 100 meters—to reflect realistic border surveillance condi-
tions. By recording face and gait data simultaneously from
multiple viewpoints, the dataset enables consistent multi-
modal analysis for each participant, and it will be publicly
released upon acceptance.

3.1. Capture conditions and devices

Data were collected outdoors, ensuring realistic variabil-
ity in illumination (natural daylight variations) and weather
conditions (sunny, cloudy, windy, and rainy). To introduce
controlled variations in appearance and behavior, partici-
pants were recorded under four standardized scenarios: nor-
mal walking, walking while simulating a phone call, walk-
ing with an accessory (hand bag or backpack), and walk-
ing with a different jacket. All recordings followed a pre-
defined walking trajectory (Figure 1a) shared across sce-
narios and sessions: participants started from a fixed point,
walked along the path to a designated stop location where
they briefly paused and faced the third floor camera (Fig-
ure 1b), continued to an end point, turned, and returned
to the starting point. This round-trip path was repeated
for each scenario. The acquisition geometry includes a
ground-level viewpoint (eye-level perspective) and an ele-
vated viewpoint (approximately 9–10 meters), simulating
typical surveillance camera positions.

3.2. Data Capture Modalities

We describe the multiple modalities considered in Gait-
Face which are: pre-enrollment face captures, outdoor face
captures, outdoor gait captures, and relevant subject meta-
data.

Pre-enrollment Face Captures. Face enrollment (Fig-
ure 2a) was performed indoors using two mobile devices
(iPhone 12 and Samsung Galaxy S9), where each partic-
ipant recorded facial sequences for 15 seconds, including

static (first 5 seconds of the recording) and controlled hor-
izontal and vertical head movements (last 10 seconds of
the recording) using the phones’ frontal camera. These
data serve as high-quality ground-truth references for sub-
sequent analysis. This setup mimics a real-world remote
pre-enrollment process.

(a) (b) (c) (d) (e)

Figure 2. Data samples: (a) Enroll, (b) Probe HQ, (c) 100m 3rd

Floor (3F), (d) 100m Ground Floor (GF), (e) 3m GF.

Outdoor Face Captures Facial data were collected in
an outdoor environment to simulate realistic long-distance
surveillance conditions under natural illumination. Partic-
ipants followed the predefined path and were instructed to
stop at a designated point and face the sensor for a short
duration (5–10 seconds), enabling the acquisition of high-
quality facial images using a long-range zoom camera (Fig-
ure 1b) positioned at the third-floor level (Figure 2b). The
captured images were stored in RAW format to preserve
fine-grained facial details. Simultaneously, the faces were
recorded from two cameras (Canon EOS 90D and Fujifilm
X-T4 shown in Figure 1b) from the 3rd floor (Figure 2
(c)) and Ground floor (Figure 2 (d),(e)). The acquisition
was conducted under varying weather conditions, including
sunny, cloudy, and rainy environments, introducing natu-
ral variability in lighting and visibility. This setup provides
high-quality reference imagery, enabling robust evaluation
of face recognition systems under challenging conditions.

Figure 3. Face captures acquired using the GF camera, showing the
subject’s face evolution while approaching the camera at different
timestamps (Top left: first frame, bottom right: last frame).

Outdoor Gait Captures Gait data were collected in an
outdoor environment using a multi-view acquisition setup
designed to capture full-body motion from complementary
perspectives. Participants followed the predefined walking
trajectory, ensuring consistent spatial alignment across
recordings. Data were acquired simultaneously from



ground-level cameras and an elevated viewpoint (third-
floor level), providing both frontal/lateral and top-down
observations of motion patterns. The recordings from the
third-floor level were consistently captured across both
sessions using the same cameras setup. At ground level,
gait videos were recorded using a Fujifilm X-T4 camera,
with the camera position intentionally varied between the
two sessions to introduce additional viewpoint variation.
Examples of the scenario of session 2 Walking Towards
the Camera (WTC) are given in Figure 1c for gait and
Figure 3 for face. The recordings were performed under
natural illumination and varying environmental conditions,
introducing realistic variability in appearance and visibility.
This multi-view configuration allows us to capture different
gait dynamics under unconstrained outdoor settings.

Quantitative Resolution Analysis. To quantitatively char-
acterize the dataset’s image degradation, we measured the
average face crop resolution and Inter-Pupillary Distance
(IPD) across configurations. At the maximum standoff dis-
tance of 100m without optical assistance (LQ probes from
GF and 3F cameras), the average face resolution is 18× 22
pixels with an IPD of 4±1.2 pixels, representing severe spa-
tial degradation. Conversely, the 100m optically-zoomed
HQ probes provide an average face resolution of 210× 250
pixels with an IPD of 55 ± 3.5 pixels. For the WTC pro-
tocol, the face resolution scales dynamically from the base-
line 18× 22 pixels at 100m up to 450× 520 pixels (IPD of
115± 6.2 pixels) at the 3m terminal range.

Protocol Enroll (# Frames, Criteria) Probe (# Frames, Criteria)
HQ-[1, 3] 1, 3 (Frontal) 1 (HQ)
HQ-[10, 20] 10, 20 (Mix: Frontal/Tilted) 1 (HQ)
GF-3 3 (Frontal) [1, 10, 20, 40] (LQ)
GF-10 10 (Mix: Frontal/Tilted) [1, 10, 20, 40] (LQ)
3F 3 (Frontal) [1, 20, 40] (LQ)
WTC 3 (Frontal) 1 (HQ/LQ)

Table 2. FR benchmarking protocols. HQ = High Quality (100m
zoom), LQ = Low Quality (no zoom), GF = Ground Floor, 3F
= 3rd Floor, WTC = Walking Towards Camera. All enrollment
data were captured using the frontal cameras of mobile devices,
imitating a real pre-enrollment scenario.

3.3. Metadata and demographic distribution

Along with visual data, this dataset includes participant
metadata (age, gender, and skin color) to enable future
benchmarking for algorithmic fairness and demographic ro-
bustness. The demographic distribution of the dataset is bal-
anced in terms of age and gender, with 45.7% of female and
54.3% of male volunteers. However, due to local population
characteristics at the acquisition location, the dataset pre-
dominantly represents individuals with lighter skin tones,
as illustrated in Figure 4, which present the distributions of
age, gender, skin color, and Fitzpatrick scale [16].

Figure 4. Demographic distributions of the dataset for Age and
skin color (Fitzpatrick scale [16])

V1 V2 V3 V4 Normal Phone Bag Clothes
Figure 5. Gait analysis data: RGB images (top) and generated
silhouettes (bottom). Left four columns show walking direction
variations; right four columns show walking style and appearance
variations.

4. Experimental Setup
4.1. Face Recognition

ISO/IEC 19795 Standardized Metrics To ensure scien-
tific rigor and operational relevance, the performance of the
LDFR system is characterized using standardized biometric
metrics. These metrics allow for a precise analysis of the
trade-off between security (False Match Rate (FMR)) and
convenience (False Non-Match Rate (FNMR)).

Protocol definition Focusing on border scenarios, we en-
roll using mobile phone data (Fig. 2a). Probes are cate-
gorized as High-Quality (HQ, 100m with optical zoom) or
Low-Quality (LQ, default lens, no optical assistance). LQ
probes vary by camera position (Ground-Floor [GF] vs. 3rd
Floor [3F]) and subject movement (Walking Towards Cam-
era [WTC] from 100m to 3m). Table 2 details the specific
enrollment and probe configurations for each protocol.

4.2. Gait Recognition

The challenge in long distance gait recognition is that the
motion of different parts get less detailed. Therefore, with



our dataset we want to study the efficacy of gait recogni-
tion models under these difficult scenarios. Similar to other
datasets [40, 14, 24], we record sequences with variations
like change of piece of clothing, carrying a bag, and gesture
variation, i.e. normal walk vs walking while talking on the
phone. There are two separate sessions to further include
diversity in the scene and person’s appearance.

Protocol and Metrics The walking pattern is broken
down into 4 directions(V1-V4 in fig. 5) where the camera
sees mainly the frontal or back part of the person or the
two sides. This setup is helpful to analyze models behav-
ior when the probe and gallery sequences are from different
views. As shown in fig. 1a, we record the same walking
pattern from two camera levels, the third floor of a build-
ing(G1) and the ground floor(G2). The two ground floor
sessions are recorded from a different location. This leads
to a drastic change of viewpoint between sessions. The
gallery consists of only one session of the normal walking
sequence per id. This choice reflects authentic operational
constraints: because high-quality personal gait enrollment
is practically unfeasible at remote registration, the system
must utilize standard baseline surveillance captures as the
gallery template. The probe set is entirely made of the sec-
ond session. The probe includes all the other variations that
include per id (a) normal walking sequence from the second
session.(b) walking with a phone. (c) carrying a bag.(d)
change of clothing. The probe set is entirely made of the
second session. For each sequence, we do a cross evalua-
tion of the walking direction, for e.g. V1 direction is only
compared with V2-V4 directions. Rank-1 accuracy is used
to evaluate performance for a closed id set.

5. Benchmarking Results

5.1. Long-Distance Face Recognition

To evaluate robustness against Long Distance Face
Recognition(LDFR)-induced degradation, we benchmark
four SOTA models (Table 3) representing a computational
spectrum: EdgeFace [11] (18.22M parameters) trained on
WebFace12M, for edge-deployment, AdaFace IR50/IR101
(43–65M) [22] trained on WebFace4M and WebFace12M
respectively, for quality-adaptive robustness, and LV-Face
[39] (140M+) trained on Glint360K, for maximum accu-
racy. This selection enables a comparative analysis of
how diverse architectures, ranging from lightweight hybrids
to large-scale Vision Transformers, utilize specialized loss
functions to mitigate the effects of atmospheric turbulence
and resolution loss inherent in long-distance sensing.

The HQ faces using optical zoom (HQ-1, HQ-3, HQ-
10 and HQ-20): All these protocols use the same set of
probes, that is the HQ faces captured using an optical zoom

Model Arch. Params Innovation Target

IR50 ResNet 43.6M Adaptive Margin Robustness/Latency
IR101 ResNet 65.2M Deeper Backbone High Accuracy
EdgeFace Hybrid 18.2M LoRaLin/STDA Encoder Edge/IoT
LV-Face ViT 140M+ Hybrid Loss Max Accuracy

Table 3. Comparison of the selected Face Recognition models.

Model HQ-1 HQ-3 HQ-10 HQ-20

1% 0.1% 1% 0.1% 1% 0.1% 1% 0.1%

IR50 1.3 1.8 1.1 1.6 0.9 1.2 0.9 1.1
IR101 0.9 1.3 0.9 1.1 0.8 1.0 0.8 0.9
EdgeFace 1.8 2.5 1.5 2.1 1.3 1.8 1.3 1.8
LVFace 0.9 1.2 0.5 0.7 0.4 0.6 0.4 0.6

Table 4. FNMR (%) evaluation results for HQ protocols. Model
thresholds were calibrated on IJB-C at FMR = 1% and 0.1%.

attached to the camera. Table 4 shows the FNMR perfor-
mance metrics for the four FR systems. The operational
thresholds used were calibrated on IJB-C at FMR = 1% and
0.1%. We can notice that all the four system acheive very
good recognition results, with slight advantage for LVFace
and IR101. This indicates that when baseline optical reso-
lution is maintained by the camera lens, larger models ef-
fectively leverage the preserved fine-grained facial features.
Performance improves slightly as enrollment samples in-
crease; LVFace’s FNMR drops from 0.9% (HQ-1) to 0.4%
(HQ-20). Notably, using only three samples (HQ-3) yields
results comparable to using twenty (HQ-20), suggesting a
performance cap.

Face captured from the Ground Floor (GF) at 100m
distance (GF-3, GF-10): In this protocol, we extracted
probe frames from a video sequence. We used 1, 10, 20
and 40 frames to investigate how increasing the number of
probe images would affect the performance. The overall re-
sults on this protocol were not as good as the ones from HQ
protocol due to the difference of face resolution as shown in
the example in figure 2-d.

Figure 6 shows the impact of probe frame count and en-
rollment strategy on long-distance face recognition. The
plot illustrates the True Match Rate (TMR) at a pre-
calibrated operational threshold (FMR=1% on IJB-C) as
the number of low-quality probe frames increases from 1
to 40. Notably, as shown in the performance trends, in-
creasing the number of fused probe frames and utilizing
a richer enrollment consistently improves recognition ac-
curacy across all evaluated architectures. We observe that
the best overall performance is achieved by the IR101 and
EdgeFace models under the optimal condition of a 10-Mix
enrollment combined with 40 fused probe frames. Interest-
ingly, EdgeFace outperformed the heavier LV-Face. This
suggests a critical domain gap; while SOTA models excel
when provided sufficient optical detail, lightweight archi-
tectures may exhibit greater robustness against extreme res-
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the four evaluated models (IR50, IR101, EdgeFace, LVFace). Line
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triangles indicate the rich 10-Mix strategy, while dotted lines with
circular markers represent the ”3-frontal” strategy.

olution loss, likely avoiding the reliance on high-frequency
details that hinders larger models under severe degradation.
Despite this configuration yielding the highest accuracy, the
peak True Match Rate (TMR) only approximates to 80%.
Face captured from the 3rd Floor (3F): Extreme res-
olution loss at 100m causes severe degradation across all
FR models. As shown in Fig. 7, ROC curves collapse to-
ward the chance line, indicating a systemic inability to dis-
tinguish genuines from zero-effort impostors. This failure
is reflected in high EERs: 36.7% (IR101), 37.7% (IR50),
40.2% (EdgeFace), and 43.9% (LVFace). These results
demonstrate that standard architectures are practically inef-
fective at this range, establishing a challenging benchmark
for future long-distance recognition research.

Walking towards the camera (WTC): This protocol
evaluates the effect of the distance on selected face recog-
nition algorithm. We will use the same four recognition
systems listed in table 4. For each video used in this ex-
periment, the first frames correspond when the person was
at around 100 meters away from the camera, while the last
frames correspond to when the person was close to the cam-
era (less than 4 meters) (examples in Figures 1c and 3).

Figure 8 illustrates a monotonic increase in genuine
similarity scores as subjects approach the camera (mov-
ing from Frame 1 to Frame 100). At extreme distances,
the genuine interquartile ranges (IQR) and the impostor
90% bands severely overlap, but as the subject closes the
distance, these distributions successfully separate. This
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Figure 7. Protocol 3F: ROC curves for four face recognition sys-
tems. All curves follow the chance line (AUC ≈ 0.5), demonstrat-
ing failure to separate genuine and zero-effort impostor scores.

physical improvement in image quality and discriminabil-
ity translates directly into enhanced verification accuracy,
as demonstrated in Figure 9. While all systems achieve
near-perfect True Match Rates (TMR) at close range, their
robustness degrades at farther distances and is highly sen-
sitive to the chosen operational security level; imposing
stricter thresholds (e.g., FMR = 0.01%) triggers an ear-
lier collapse in TMR. Notably, while the heavier archi-
tectures (AdaFace-IR101 and IR50) demonstrate the great-
est resilience within this performance corridor, EdgeFace,
despite being a lightweight model, consistently outper-
forms the heavier LVFace architecture across all distances
and thresholds. Nevertheless, all evaluated models ulti-
mately fail to sustain reliable recognition at the farthest cap-
tured frames, underscoring the profound challenge of long-
distance facial recognition.

5.2. Long-Distance Gait Recognition

We proceed to show baselines using state-of-the-art
models on gait recognition and discuss the findings.
Baselines. We compare the performance of silhouette-
based methods like GaitBase [8], DeepGaitV2 [7], and
GaitGL[25]. GaitBase and DeepGaitV2 both are trained
on a large GREW [14] dataset. GaitBase [8] uses a
ResNet-like (88M params) backbone and creates tempo-
ral and spatial features for a given sequence of silhou-
ette frames. Although it was a simple baseline, it im-
proved gait recognition on standard benchmarks. Deep-
GaitV2 [7](95M params) proposed novel residual layers to
increase the depth of the network and improve the recogni-
tion performance. GaitGL[25]on the other hand is trained
with a smaller CASIA-B[40] dataset. GaitGL architec-
ture is designed to address the limitations of traditional



Rank-1 Acc. on G1 Rank-1 Acc. on G2

Method Train Condition V1 V2 V3 V4 Mean V1 V2 V3 V4 Mean

GaitBase GREW

Normal 28.10 20.10 29.05 29.95 26.80 14.36 26.15 25.64 17.95 21.02
Phone 20.00 17.65 23.33 26.57 21.89 8.99 27.96 24.87 13.23 18.76
Bag 25.24 18.57 20.95 28.57 23.33 11.11 25.25 25.25 18.18 19.95
Clothes 23.67 24.15 21.26 27.05 24.03 7.58 20.00 23.74 12.12 15.86

DeepGaitV2 GREW

Normal 27.62 19.12 21.91 29.47 24.53 25.13 28.21 36.92 24.62 28.72
Phone 27.14 15.69 19.52 28.02 22.59 19.05 27.96 31.75 27.52 26.57
Bag 22.86 14.29 14.76 26.19 19.52 21.72 24.24 34.34 19.70 25.00
Clothes 24.64 15.46 15.46 28.50 21.01 19.19 26.15 29.29 20.71 23.84

GaitGL CASIA-B

Normal 10.47 8.33 15.72 14.49 12.25 5.13 14.36 11.80 2.57 8.46
Phone 10.00 9.80 17.14 13.04 12.50 4.76 9.68 8.99 4.76 7.05
Bag 9.52 7.14 13.81 13.81 11.07 3.03 11.62 10.61 3.03 7.07
Clothes 9.66 9.18 14.49 14.98 12.08 5.05 11.28 8.59 4.55 7.37

BiggerGait CCPG

Normal 6.67 6.86 11.43 10.14 8.78 1.93 3.98 3.92 2.90 3.18
Phone 10.48 2.94 8.57 8.70 7.67 1.99 2.53 3.98 3.49 3.00
Bag 5.24 8.09 13.33 11.90 9.64 2.94 3.92 5.39 1.96 3.55
Clothes 10.63 9.18 11.90 10.95 10.67 1.93 5.32 4.83 3.38 3.86

Table 5. Rank-1 accuracy (%) on G1 and G2 gait protocol. Probe sequences: Normal, Phone, Bag, Clothes. Gallery: Normal. V1-V4
denote the four camera views. GaitBase [8] (88M) and DeepGaitV2 [7] (95M) are trained on GREW [14], GaitGL [25](3.1M) on CASIA-
B [40], and BiggerGait [37](140M) on CCPG [24].
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gait recognition by simultaneously extracting both coarse-
grained global features and fine-grained local details from
silhouette sequences. This model is significantly smaller
number of parameters than GaitBase i.e 3.1M. Additionally,
we benchmark BiggerGait [37] trained on RGB-images
from CCPG [24] dataset. BiggerGait uses the layer-wise
features of foundation models such as DinoV2[33] to fine-
tune a shallow gait encoder network. In comparison to
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Figure 9. Protocol WTC: True Match Rate (TMR) degradation
as a function of distance across three False Match Rate (FMR)
thresholds. The shaded performance corridors bound the system
accuracy from the most lenient (FMR=1%, solid top line) to the
strictest (FMR=0.01%, dotted bottom line) operational settings.
Thresholds were calibrated on IJB-C dataset.

silhouette-based methods, they achieve better performance
on standard short distance gait benchmarks [24, 40] but with
a parameter size of 120M. We use OpenGait[8] framework
to evaluate these methods on our dataset and use their pub-
licly available trained weights.



Figure 10. CMC plot for gait recognition protocol G1: Here Gait-
Base [8] performs the best.

Results. We report in table 5, Rank-1 accuracy across
our defined protocols. Overall, both silhouette- and rgb-
images-based methods generalize poorly on our dataset,
highlighting the challenges of long distance gait recog-
nition. When the camera viewpoint between sessions is
small, as in G1, the performance is higher. With re-
spect to covariate changes such as phone, bag, or cloth-
ing, performance is worse than the normal walk sequences.
However, the impact of clothing change is less in Bigger-
Gait than in silhouette-based methods as it is trained on
a large CCPG [24] dataset, which contains large appear-
ance changes. The RGB-based BiggerGait severly under-
performs compared to the silhouette based method because
of the domain-gap between training CCPG dataset and ours.
This difference is less drastic in the binary-mask silhouettes
used in GaitBase, DeepGaitV2 and GaitGL. Through, CMC
plots figs. 10 and 11, we see that GaitBase [8] performs best
under G1 protocol and DeepGaitV2 [7] under challenging
G2 protocol. However, all of the models fail to achieve sat-
isfactory generalization on long distance gait recognition.
This encourages more research in this direction.

6. Conclusion and Future Work

In this paper, we introduced GaitFace, a novel mul-
timodal dataset explicitly designed to address the chal-
lenges of long-range person identification in realistic bor-
der crossing and surveillance scenarios. By combining con-
trolled, high-quality mobile pre-enrollment with highly un-
constrained outdoor probes, GaitFace exposes the opera-

Figure 11. CMC plot for gait recognition protocol G2: Here Deep-
GaitV2 [7] performs the best. This protocol is difficult than G1 as
there is an extreme viewpoint change between two session.

tional vulnerabilities of current biometric systems. Our
extensive benchmarking of state-of-the-art face recognition
models demonstrated systemic performance degradation at
extreme distances (up to 100 meters) and elevated view-
points, despite maintaining high accuracy when assisted by
optical zoom. Similarly, gait recognition baselines strug-
gled to generalize across the viewpoint shifts, clothing vari-
ations, and carried objects introduced in our multi-session
protocols. These baseline evaluations underscore that un-
constrained long-distance biometric recognition remains an
open and highly challenging problem. As future work, we
plan to explore the fusion between face and gait modali-
ties to leverage their complementary strengths, aiming to
achieve reliable identification even when individual biomet-
ric cues are severely degraded by distance or atmospheric
interference. We hope that the public release of the Gait-
Face dataset will stimulate the broader research community
to develop more robust biometric solutions.
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