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Abstract

Face morphing attacks represent a critical threat to Face
Recognition systems deployed in operational scenarios such
as automated border control gates and remote identity ver-
ification platforms. Although most Morphing Attack Detec-
tion (MAD) research focuses on static images, real-world
operational biometric systems typically acquire short video
sequences that provide additional temporal and quality-
related information. To address this gap, “Every Frame
You Take: The Video-based Morphing Attack Detection
(V-MAD) Challenge”, organized in conjunction with the
IEEE/IAPR International Joint Conference on Biometrics
2026, promotes research on Video-based MAD under real-
istic conditions. The competition introduces a novel bench-
mark composed of real and synthetic acquisition datasets
and evaluates submitted methods under two complementary
settings: a simple scenario aligned with the training dis-
tribution and a significantly more challenging scenario de-
signed to assess robustness against unseen morphing con-
ditions and acquisition variability. A total of 25 systems
were submitted and evaluated on sequestered datasets us-
ing standard and custom MAD metrics. This paper summa-
rizes the challenge organization, datasets, evaluation pro-
tocol, participating methods, and final results, highlight-
ing emerging trends and future directions for robust Video-
based MAD systems.

1. Introduction

Face morphing attacks [22] have emerged as one of the
most critical threats against modern Face Recognition sys-
tems (FRs) deployed in operational scenarios such as Auto-
mated Border Control (ABC) gates. By blending the facial
characteristics of two different individuals into a single syn-
thetic identity image, morphing attacks can allow multiple
subjects to successfully authenticate against the same iden-
tity document while maintaining visual plausibility to both
human operators and automated biometric systems [47].

Over the last decade, the research community has pro-
posed a large variety of Morphing Attack Detection (MAD)
approaches to counter this threat. Generally, existing meth-
ods are divided into Single-image MAD (S-MAD), where
only the ICAO-compliant [31, 32] document image is an-
alyzed, and Differential MAD (D-MAD), where the docu-
ment image is compared against a trusted live capture [46].
Recent advances in Deep Learning and feature fusion anal-
ysis have significantly improved detection performance un-
der controlled conditions [9, 27, 48]. Generally, most exist-
ing MAD benchmarks and algorithms are designed only for
single- and double-image analysis.

The use of a single or a pair of images in input only
partially reflects real operational biometric systems, such as
ABC gates. Indeed, in practical deployments, FRs typically
acquire short video streams rather than isolated frames [13].
The availability of multiple frames introduces both new vul-
nerabilities and new opportunities.
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Figure 1. Visual summarization of the V-MAD task. The input consists of an ICAO-compliant image and a short video sequence. Raw
frames can be selected (Frame Selection) to reduce the impact of several elements (such as non-frontal poses or uneven illumination); in
addition, features extracted from single frames can be merged (Frame Fusion) for a more robust result of the final V-MAD model.

On one hand, repeated acquisition attempts may increase
the probability of a successful morphing attack. On the
other hand, video sequences provide richer temporal and
quality-related information that can potentially improve ro-
bustness of MAD systems.

To address this gap between research benchmarks and
operational deployments, Borghi et al. [7] introduced the
task of Video-based Morphing Attack Detection (V-MAD),
demonstrating that combining information across multiple
probe frames can substantially improve MAD performance
compared to traditional frame-level approaches. Their work
established the first systematic formulation of V-MAD, in-
vestigating score-level fusion strategies, face image quality
assessment, and machine learning-based fusion methods in
realistic border-control scenarios.

1.1. Video-based Morphing Attack Detection

As mentioned, in real operational scenarios, Face Recog-
nition systems typically acquire short video streams rather
than isolated facial images [13]. Consequently, traditional
D-MAD approaches may not fully exploit the information
naturally available during the verification process.

The availability of multiple probe frames fundamentally
changes the landscape of morphing attacks, with important
implications for MAD systems from both adversarial and
defensive perspectives.

For attackers, the sequential nature of video acquisition
offers a clear advantage: unlike single-image verification, a
video stream effectively provides repeated comparison at-
tempts across all frames. In many automated border con-
trol and identity verification systems, a single successful
frame-level match may be sufficient to satisfy the verifica-
tion threshold and grant unauthorized access [23, 26]. As a
result, even a morphed image of moderate quality may yield
a high similarity score in at least a subset of frames, bypass-
ing detection if the system relies on independent frame-level
decisions rather than aggregating evidence over time.

From a defensive standpoint, videos provide richer and

more diverse evidence than a single image, enabling more
robust detection. The temporal dimension introduces natu-
ral variability in face dynamics, camera behavior, and en-
vironmental conditions: consecutive frames may exhibit
meaningful variations in head pose, expression, illumina-
tion, depth-of-field, motion blur, and overall quality. This
variability stems from both physical and technical factors.
The subject may shift position, blink, rotate the head, or
change expression, while camera processes such as auto-
focus, auto-exposure, and compression further alter frame
appearance. Consequently, some frames in a sequence
may show a frontal, well-lit, sharp, and unobstructed face,
whereas others may suffer from motion blur, shadows, off-
axis gaze, or sensor and compression noise.

The main advantage of V-MAD over classical D-MAD
is that the decision no longer depends on a single probe
acquisition. Instead, the system can exploit complemen-
tary evidence from multiple frames, thereby reducing the
impact of the aforementioned conditions and other acquisi-
tion artifacts [36] (see Fig. 1). Indeed, the original V-MAD
study showed that even simple score-level fusion strategies
can improve detection performance with respect to select-
ing a single frame [7]. Moreover, quality-aware strategies
can further support the selection or weighting of more re-
liable frames by incorporating Face Image Quality Assess-
ment (FIQA) scores into the aggregation process [7, 49].

In the literature, only limited previous works investigated
multiple acquisitions or multi-camera settings for morph-
ing attack detection [51, 52]. However, these works do
not fully address the document-to-video formulation con-
sidered in V-MAD, where a single document image is com-
pared against a live sequence acquired during an operational
verification attempt. Therefore, V-MAD represents a natu-
ral evolution of D-MAD toward more realistic biometric de-
ployment scenarios, opening the way to robust frame aggre-
gation, quality-aware decision strategies, temporal consis-
tency analysis, and video-oriented deep learning solutions.

Building upon this framework, the “Every Frame You



Take: The Video-based Morphing Attack Detection (V-
MAD) Challenge”1 was organized in conjunction with
IEEE/IAPR International Joint Conference on Biomet-
rics (IJCB) 2026 with the goal of fostering research on
sequence-based morphing attack detection under realistic
operational conditions. The competition introduces a novel
benchmark specifically designed for video-based MAD, in-
cluding both real and synthetic acquisition scenarios char-
acterized by pose variations, illumination changes, occlu-
sions, and heterogeneous acquisition conditions. Unlike
previous MAD evaluations, the challenge explicitly frames
morphing attack detection as a sequence-level biometric
security problem, encouraging participants to investigate
video-oriented deep learning strategies.

Summarizing, this paper presents an overview of the
competition, including the adopted datasets, evaluation pro-
tocol, participating solutions, and results. Furthermore, we
discuss the main methodological trends emerging from the
challenge and highlight future research directions toward
robust and operationally realistic V-MAD systems.

2. Related Work

2.1. Face Morphing Attacks

Face morphing consists of generating a synthetic facial
image by blending the biometric characteristics of two or
more different identities into a single image. Within the
context of electronic Machine-Readable Travel Documents
(eMRTDs), morphing attacks represent a severe security
vulnerability because a morphed document image may suc-
cessfully match multiple individuals while remaining vi-
sually plausible [22]. Previous studies demonstrated that
morphing attacks can deceive both human inspectors and
commercial face recognition systems, especially in uncon-
strained operational scenarios [45, 47].

The growing accessibility of generative artificial intelli-
gence techniques, including GANs [28] and Diffusion Mod-
els [44], has further increased the realism and diversity
of morphed images. In addition, modern retouching and
restoration techniques [8, 17] can effectively suppress vis-
ible artifacts that are typically exploited by traditional de-
tection algorithms [11]. These developments have consid-
erably increased the difficulty of the task and motivated the
need for more robust and realistic detection paradigms.

2.2. Synthetic Data for Morphing Attack Detection

The growing demand for large-scale and privacy-
compliant biometric datasets has progressively increased in-
terest in the use of synthetic facial data for both face recog-
nition and presentation attack detection research [10, 20].

1Official challenge website:
https://sites.google.com/view/vmad26competition

Indeed, synthetic data generation offers several advan-
tages, including reduced privacy concerns, improved de-
mographic balancing, controllable acquisition conditions,
and the possibility of generating large amounts of annotated
data at limited cost [14, 18].

Recent studies investigated the effectiveness of synthetic
facial images for improving the robustness and general-
ization capabilities of biometric systems. For instance,
the SDFR [50] and FRCSyn-onGoing [41] initiatives high-
lighted the potential of synthetic data and their combination
with real data to improve FRs performance across heteroge-
neous operational conditions. Similarly, synthetic identities
and AI-generated facial images have recently been explored
within the morphing attack detection domain to alleviate the
limited availability of operational morphing datasets and fa-
cilitate reproducible benchmarking [12, 30].

At the same time, the increasing realism of generative
models introduces additional challenges for biometric se-
curity. Modern synthetic face generation approaches based
on GANs and Diffusion Models can produce highly realis-
tic identities and morphing attacks that substantially reduce
the effectiveness of traditional artifact-based MAD meth-
ods [28, 44]. Consequently, evaluating MAD systems under
synthetic acquisition conditions is becoming increasingly
important to assess their robustness.

Motivated by these considerations, the V-MAD Chal-
lenge includes not only real operational acquisition scenar-
ios, but also a fully synthetic benchmark, specifically de-
signed to investigate the role of synthetic identities, sim-
ulated acquisition variability, and AI-generated content in
video-based morphing attack detection.

3. The Challenge

3.1. Datasets

At the time of writing, no public datasets for the V-MAD
task are available in the literature. Then, the first step of the
competition is to acquire and create a common dataset.

A dataset suitable for V-MAD requires a specific struc-
ture than databases commonly used for traditional MAD:
indeed, for each subject, at least one ICAO-compliant [32,
31] frontal photo must be included, usable as a document-
like reference image, and one or more video sequences cap-
tured under realistic conditions, such as to simulate the be-
havior of FRs in an operational environment. Additional de-
sirable properties include high-resolution frames with vari-
ability in pose, camera distance, illumination, and occlu-
sions, together with several identities.

Based on these criteria, several public or semi-public
datasets, including ChokePoint [55], PaSC [5], MBGC [43],
YouTube Faces [25], IJB-A [35], and UMD Faces [3], are
not fully suitable for V-MAD. ChokePoint, for instance, in-
cludes a few subjects and no ICAO-compliant frontal pho-

https://sites.google.com/view/vmad26competition


tos, while PaSC lacks ICAO-compliant images and has a
non-immediate access procedure. Hence, two proprietary
datasets, named VAMONOT-R (real) and VAMONOT-S
(synthetic), have been introduced for the competition.

3.1.1 VAMONOT-R

The dataset is designed to reproduce in a controlled yet re-
alistic way the scenario in which a document image is com-
pared with a live sequence acquired at a security check-
point. For each subject, a high-resolution frontal photo is
collected along with video sequences recorded in two envi-
ronments. Frontal images are captured with a Nokia Lumia
930 at 3024×5376 pixels, whereas videos are captured with
an Intel RealSense D435i, providing RGB and depth data
at 1280 × 720 pixels and 30 FPS. On average, videos are
14.3± 3.5 s long.

The acquisition setup introduces controlled variability
through two environments and three capture configurations.
The first environment is an entrance with mixed natural and
artificial lighting, while the second relies only on artificial
lighting and presents more challenging conditions. In each
environment, subjects are recorded while looking directly at
the camera, freely moving the head, or moving with partial
facial occlusions caused by accessories such as a hat, scarf,
or both. Subjects were able to wear prescription glasses
in non-occluded sequences. This protocol introduces varia-
tions in distance, pose, illumination, background, and facial
quality. An example is reported in Figure 2.

The final dataset includes 65 subjects, each with an
ICAO-compliant frontal photo, two non-ICAO frontal pho-
tos, and six video sequences, obtained by combining the
two environments and the three pose/occlusion configura-
tions. Videos are decomposed into RGB and depth frames,
for a total of about 330k frames, with an average of 800
frames per video and approximately 5k images per subject.
Although the competition protocol considers only ICAO-
compliant frontal images and RGB video frames, depth data
and non-ICAO photos are retained in the dataset to support
future studies on distance-aware V-MAD and quality-based
frame selection. Finally, 325 morphed images are gener-
ated from ICAO-compliant photos by selecting subject pairs
based on the cosine similarity of their facial embeddings,
thereby obtaining realistic and biometrically plausible mor-
phing attacks. The dataset is partially released2.

3.1.2 VAMONOT-S

The dataset is the synthetic counterpart of VAMONOT-R
and is built by sourcing 55 identities from the ONOT [18]
synthetic dataset of ICAO-compliant facial images. The
use of synthetic data is particularly advantageous, as it

2https://miatbiolab.csr.unibo.it/vamonot-r

Figure 2. Example of VAMONOT-R data acquired for a given sub-
ject, including an ICAO-compliant image and frames extracted
from video sequences under different conditions.

Figure 3. Example of VAMONOT-S synthetic data acquired for a
given subject. The dataset includes an ICAO-compliant image and
frames extracted from video sequences under different conditions.

reduces the constraints related to real-world data privacy
while explicitly controlling identity, acquisition conditions,
and sample variability. In fact, recent generative models
are now capable of producing highly realistic facial images,
making synthetic datasets a valuable resource for evaluating
biometric systems.

Synthetic video sequences are generated using tools
based on Hailuo AI3 and the Minimax S2V-01 model. The
videos are designed to simulate realistic verification condi-
tions, including both a scenario similar to an airport security
checkpoint, where the subject walks towards a fixed cam-
era while maintaining a frontal view, and less constrained
scenarios characterized by natural head and body move-
ments (Fig. 3). In this way, VAMONOT-S provides a fully
synthetic benchmark for V-MAD, complementary to the
real-world acquisition of VAMONOT-R but maintaining its
structure based on the comparison between a document im-
age and a live sequence. This dataset is publicly released4.

3.2. Challenge Setup

To encourage participation, we publicly release a split of
both datasets for training and keep the rest sequestered for
testing. In both VAMONOT-S and VAMONOT-R, subject
identities are split into strictly disjoint subsets, ensuring that
no morphed image is generated by combining one identity
from the training set with another from the test set. Specif-
ically, we release half of VAMONOT-S and five selected
identities from VAMONOT-R, while the remaining identi-

3https://hailuoai.video
4https://miatbiolab.csr.unibo.it/vamonot-s

https://miatbiolab.csr.unibo.it/vamonot-r
https://hailuoai.video
https://miatbiolab.csr.unibo.it/vamonot-s


ties are reserved for evaluation.
To further reduce the development effort for participat-

ing teams, given the relatively short submission window, we
provide multiple representations for each video. In particu-
lar, we release the original frames, as well as face-cropped
frames obtained using MediaPipe [40], and also OFIQ [42]
quality metrics computed for each frame. Moreover, to limit
the number of frames to be processed and reduce inference
time, videos are temporally downsampled before release,
retaining one frame every four frames for VAMONOT-R
and one frame every two frames for VAMONOT-S. This
way, each video contains roughly 120 to 150 frames.

The challenge is organized into two scenarios (Simple
and Hard) of increasing difficulty, defined according to the
morphing algorithms used, the type of acquisition environ-
ment, and the level of face occlusion and head poses. The
same submitted method is evaluated in both scenarios with
an independent leaderboard.

In the Simple scenario, morphed images are generated
using the algorithm described in [24]. Since this is a
landmark-based morphing algorithm, some images may
contain visible artifacts, mainly due to slight inaccuracies
in the landmark detection stage. Sequences are acquired
in a scenario with mostly uniform lighting, and all subjects
present a fully visible face without any garment. In half
of the sequences, the head pose is controlled and mainly
frontal, while in the other half, slow rotations are present.
The released training subsets of both datasets contain only
morphs generated with this morphing algorithm, allowing
participants to iterate on and tune their solutions.

Conversely, in the Hard scenario, morphed images are
generated using two algorithms, namely those described
in [4] and [19], which are landmark-based and diffusion-
based morphing algorithms, respectively. These algorithms
are not included in the released training data and are there-
fore unseen by the participating teams. The sequences are
acquired in more challenging conditions, i.e., in an environ-
ment with low artificial light where subjects present differ-
ent garments and head poses. Since models are evaluated
on this scenario only after the submission window closes,
teams cannot iteratively adapt their methods to these mor-
phing algorithms. This setting is designed to assess the
cross-algorithm robustness and generalization capability of
the submitted solutions.

The number of bona fide (BF) and morphing (M) attack
attempts that are used for both training and evaluation is
reported in Table 1, split by both scenario and dataset.

3.3. Metrics

The competition measures the performance of the sub-
mitted methods by leveraging common metrics for the
MAD task. In particular, we report the Bona fide Sam-
ple Classification Error Rate (BSCER), which quantifies

Split Scenario Dataset # BF # M

Training Simple VAMONOT-S 87 327
VAMONOT-R 20 68

Testing
Simple VAMONOT-S 78 294

VAMONOT-R 231 863

Hard VAMONOT-S 165 1233
VAMONOT-R 356 2709

Table 1. Number of bona fide and morphing attack attempts used
for evaluation, split by both scenario and dataset.

the percentage of genuine samples that are falsely classi-
fied as morphed. Conversely, the Morphing Attack Classi-
fication Error Rate (MACER) denotes the fraction of mor-
phed images that are incorrectly identified as genuine. In
the MAD literature, BSCER is usually evaluated at pre-
defined MACER operating points. Following this con-
vention, we report BSCER0.1 (B0.1), BSCER0.05 (B0.05),
and BSCER0.01 (B0.01), representing the minimum BSCER
achievable while constraining MACER to be at or below
10%, 5%, and 1%, respectively. Additionally, to obtain
a compact indicator of overall performance, we report the
Equal Error Rate (EER), defined as the operating point at
which the BSCER and MACER curves intersect.

To establish the final ranking on the leaderboard based
on a single metric, the competition relies on an aggregate
measure referred to as the Weighted Average Error across
Datasets (WAED) [6], which combines the main perfor-
mance indicators across both datasets into a single scalar
value, providing a more balanced view of overall system
quality than any single metric alone.

We define WAED as:

WAED =
∑
E∈E

∑
D∈D

wDwEE(D) (1)

where E(D) is the value of the error indicator E measured
on the dataset D; wE is a weighting factor assigned to each
error indicator to focus on the most relevant ones for a real-
world scenario (e.g. B0.01). The weights considered for the
WAED metric computation are chosen arbitrarily, by as-
signing the majority of the weight to the closest real-world
operating point (i.e. B0.01, wE = 0.4), followed by the
EER (wE = 0.3), and finally the other two chosen oper-
ating points (i.e. B0.05, wE = 0.2 and B0.1, wE = 0.1);
wD is a dataset weight that attempts to capture the dataset
complexity, quantified in our experiments by the similar-
ity of the morphed images to the two contributing subjects.
In particular, we arbitrarily assign a weight of wD = 0.33
to VAMONOT-S, which is generally simpler and partially
available for training, whereas VAMONOT-R is given a
weight of wD = 0.67, being the case more challenging and,
more importantly, closer to real operating conditions.



4. Evaluation
4.1. Description of Submissions

A total of 25 systems were submitted to the challenge
by a heterogeneous set of participants, including univer-
sity research groups, industrial teams, and independent re-
searchers. This diversity reflects the growing interest sur-
rounding morphing attack detection as an increasingly rel-
evant problem at the intersection of biometrics, multimedia
forensics, and trustworthy AI.

Given the large number of submissions and the
strong methodological overlap observed among several ap-
proaches, the following discussion focuses primarily on the
top-performing methods across the two challenge scenarios
(see Tab. 2). In particular, we summarize the main architec-
tural choices and processing strategies adopted by the most
competitive solutions, highlighting both their common de-
sign principles and their distinguishing characteristics.

MAD Affiliation Country

thisisananya Eli Lilly and Company India

Idiap-BSP Idiap Research Institute Switzerland

ArogyaPandit Arogyapandit Private Limited India

Dragons University of Ljubljana Slovenia

SBU-ML St. Bonaventure University USA

TCDML Trinity College Dublin Ireland

GHSYS University College Cork Ireland

AADE, smartALC,
Independent researcherTCVG, FactIT,

KLsys, IDECVG

Table 2. Top-performing MAD systems across the two challenge
scenarios and related affiliations.

thisisananya (#1 Simple, #8 Hard). The approach pro-
posed by team thisisananya uses a weighted ensemble of
EfficientNet-B0 [53] based document-video attention mod-
els. Each model uses the document image as the refer-
ence input and learns to combine information from mul-
tiple cropped video frames in relation to that document.
For each attempt, the video is represented with up to eight
frames cropped on the face: if more frames are available,
eight are sampled uniformly across the sequence; if fewer
are available, the remaining ones are padded with zero ten-
sors. When no cropped frames are available, the system
returns a score of 0.5, assuming there is no reliable video
input for a confident decision. During training, OFIQ-
based [1, 42] frame quality filtering was applied before sam-
pling. Frames with unified quality scores below 40 were
discarded to reduce the influence of blur, poor illumina-
tion, pose variation, and unreliable detections. This reduced
noisy training inputs and encouraged the model to learn
identity-related morphing cues rather than artifacts from

poor-quality crops, while the submitted inference pipeline
remained simpler by using the provided cropped frames di-
rectly. The architecture uses a shared EfficientNet-B0 en-
coder for both document images and video frames, produc-
ing 1280-dimensional features in a common representation
space. Most of the encoder is frozen, while the final four Ef-
ficientNet feature blocks are fine-tuned. The fusion module
that follows the encoders is an 8-head multi-head attention
layer [54]. The document feature is used as the query, and
the video-frame features are used as keys and values. In-
stead of treating all sampled frames equally, the model can
assign greater importance to frame features that are most
informative for the document image. This direction was
chosen because morphing cues may be subtle and may not
appear consistently across all frames. The attended 1280-
dimensional representation is finally passed to a lightweight
binary classifier. Models were trained using subject-disjoint
cross-validation to support generalization to unseen identi-
ties. The final ensemble includes five checkpoints that min-
imize cross-entropy and four that minimize focal loss [37],
the latter being used to improve sensitivity to difficult mor-
phing cases. At inference, each checkpoint is evaluated
with five deterministic test-time augmentations, producing
45 morph-class probabilities per attempt. The final score is
a weighted average, assigning weight 1.0 to cross-entropy
checkpoints and 2.0 to focal loss checkpoints.

Idiap-BSP (#1 Simple, #11 Hard). Team Idiap-BSP pro-
poses a dual-branch architecture to detect whether an ID
document has been morphed by comparing it with a live,
trusted video of the presenting subject. Given an ID doc-
ument image I ∈ RH×W×3 and {Ft}Tt=1 frames from
the video, process both modalities through independent but
weight-shared Vision Encoders. Each branch employs an
InternVL3-1B [57] vision encoder (0.3B parameters) to ex-
tract fixed-dimensional embeddings. The ID document is
encoded once to produce Edoc ∈ R1024, while each video
frame is encoded independently. Frame-level embeddings
are aggregated (mean pooling) to obtain Eframes ∈ R1024.
The two embeddings are then concatenated and passed to
a multilayer perceptron (MLP) that outputs a binary predic-
tion, i.e., bona fide or morphed. The core idea is to treat
the live video as a trusted identity reference. Using a shared
pretrained vision backbone across both branches enforces
a unified embedding space, enabling direct comparison be-
tween document and frame embeddings. Aggregating in-
dependently encoded frames preserves temporal diversity
while avoiding explicit sequence modeling, improving ro-
bustness to pose, expression, and illumination variations.
Freezing the encoder reduces overfitting while leveraging
strong pretrained visual priors. The vision encoder is kept
frozen, and only the MLP classifier head is trained. Their
system was trained for 20 epochs, using a batch size of 16
and a learning rate of 5× 10−4.



ArogyaPandit (#3 Simple). The method submitted by team
ArogyaPandit uses a quality-aware dual-branch late-fusion
strategy. They treat V-MAD as a document-to-video com-
parison problem rather than independent frame classifica-
tion, combining document artifact evidence with identity-
consistency evidence from the live sequence. More in de-
tail, in the artifact branch, the document image is processed
by an EfficientNet-B0 [53] binary classifier with sigmoid
output. The artifact detector was initialized from ImageNet-
pretrained weights [15] and trained to separate bona fide
and morphed face images using VAMONOT labelled sam-
ples together with compressed ChiMo [6] morph samples.
Training used 224× 224 resizing, ImageNet normalization,
random horizontal flipping, brightness/contrast augmenta-
tion, binary cross-entropy loss, and AdamW optimization.
In the identity branch, they use ArcFace [16] to extract L2-
normalized 512-dimensional embeddings from the docu-
ment image and detected video faces. Frames are filtered
using face detection confidence and OFIQ-derived [42]
quality indicators, including unified quality, sharpness, yaw,
and pitch. Frames with yaw or pitch above 25 degrees,
unified quality below 15, or detector confidence below 0.8
are discarded. Up to five accepted frame embeddings are
weighted by a composite score combining OFIQ values,
detector confidence, and a logistic pose penalty, then ag-
gregated into a quality-weighted centroid representing the
live subject. Finally, identity evidence is computed as the
cosine distance between the document embedding and the
live-video centroid. A raw score is formed as 80% doc-
ument artifact probability and 20% identity distance, then
calibrated with a temperature-scaled sigmoid.

Dragons (#4 Simple). Team Dragons’s submission
combines complementary S-MAD and D-MAD evidence
through a calibrated additive fusion rule. The docu-
ment face is first detected and aligned using the SCRFD-
10G keypoint detector [29]. The resulting crop is pro-
cessed by SelfMAD++ [33], a self-supervised foundation-
model-based S-MAD classifier trained to recognize generic
synthetic morphing artifacts, producing a morph poste-
rior sMAD ∈ [0, 1]. In parallel, we compute a face-
recognition-based D-MAD cue between the document im-
age and the bona-fide video. The document crop is em-
bedded with LVFace-L [56], pretrained using large-scale
face-recognition data [2], to obtain an identity descriptor
edoc. For the video, 30 frames are uniformly sampled and
processed by the same SCRFD + LVFace-L pipeline. The
frame-level embeddings are ranked by face-detection con-
fidence, and the top five are averaged and L2-normalized
to obtain evideo. The identity discrepancy is measured as
dFR = 1− cos(edoc, evideo). The final score is obtained as
sfinal = clip(sMAD+W ·clip(dFR−PLO

PHI−PLO , 0, 1)−0.5, 0, 1),
where PLO is the 10th percentile of bona-fide dFR scores
and PHI is the mean morph distance.

This asymmetric calibration makes the fusion conserva-
tive when decreasing the morph posterior, requiring very
strong bona fide identity agreement, while allowing larger
identity discrepancies to increase the final morph score.
The fusion weight W and calibration thresholds were tuned
on the training split from both datasets.

SBU-ML (#2 Hard), all remaining discussed teams. The
methods proposed by SBU-ML and all other teams propose
two-stream classification frameworks that jointly analyze
the document image and a selection of eight frames from
the live video sequence, leveraging an EVA-02-based [21]
Vision Transformer pipeline. All systems process one
static image together with eight video frames sampled at
regular intervals throughout the video: sequences shorter
than eight frames are zero-padded, tensors are resized
to 224 × 224 pixels and normalized with ImageNet [15]
mean and variance, and training samples are augmented
with random horizontal flips and brightness-contrast
variations. Architecturally, all teams use a two-stream
EVA-02 design in which both streams share the pretrained
transformer backbone. In all cases, the image stream
produces a compact spatial representation, while the video
stream generates frame-level embeddings that are averaged
over time. The image and video representations are then
concatenated and passed to a simple classification head
consisting of a 512-unit linear layer, batch normalization,
ReLU activation, dropout regularization, and a final linear
layer. Team SBU-ML avoids data leakage by splitting the
dataset at the subject level, ensuring that samples from
the same individual appear exclusively in the training or
validation subset. The same team also uses automatic
mixed-precision and gradient scaling to improve efficiency
and numerical stability, performs a hyperparameter search,
trains with AdamW [39], applies cosine annealing [38], and
uses early stopping with best-weight retention. Training
details are fully available only for the SBU-ML team; for
the remaining teams, these optimization and evaluation
details are unknown.

4.2. Results

4.2.1 Simple Scenario

Results obtained on the Simple scenario are reported in Ta-
ble 3. Overall, the competition revealed remarkably strong
performance across most participating methods, with sev-
eral approaches achieving near-perfect detection capability.
In particular, the top-ranked systems obtained WAED val-
ues close to zero (e.g., ≤ 0.1 for the four top-performing
systems), demonstrating that the proposed benchmark can
be effectively addressed when acquisition conditions and
morph generation processes remain relatively aligned with
the training distribution.

To facilitate comparison, following [7], we include an



# Team Name WAED EERS EERR

1 thisisananya 0.00% 0.00% 0.00%
1 Idiap-BSP 0.00% 0.00% 0.00%
3 ArogyaPandit 0.08% 0.00% 0.39%
4 Dragons 0.77% 1.15% 0.84%
5 AADE 0.80% 0.00% 1.68%
- Baseline 65.1% 26.9% 28.1%

Table 3. Results on the Simple scenario for methods that ob-
tained WAED ≤ 1% for VAMONOT-R (EERR) and VAMONOT-
S (EERS .)

adapted D-MAD system [48] as a baseline, where the final
sequence score is determined as the average score across all
document-frame pairs.

A common trend among the best-performing submis-
sions is the adoption of dual-branch architectures jointly
processing the document image and the associated video
sequence. Most approaches relied on pretrained visual
backbones combined with lightweight temporal aggregation
strategies, typically based on frame-level feature averaging
or attention-based fusion mechanisms. Interestingly, ex-
plicit temporal modeling through recurrent or transformer-
based sequence analysis was less prominent than expected,
suggesting that robust frame-level representations and ef-
fective aggregation strategies may already provide suf-
ficient discriminative information under moderate opera-
tional variability.

Another recurring design choice concerns the use of
quality-aware frame selection or filtering procedures. More
in detail, only team ArogyaPandit relied on pre-computed
frame-level OFIQ metrics (in particular, unified quality
score, sharpness, and head pose pitch and yaw) to compute
a quality score to weigh the single frames’ contributions; all
other teams that introduced frame-level weighing either re-
lied on learned attention mechanisms or confidence-based
frame ranking. This trend further confirms the importance
of acquisition quality in operational V-MAD scenarios.

Furthermore, we observe that for the Simple scenario
there is no clear winner in terms of face preprocessing: in-
deed, teams thisisananya and AADE rely on pre-cropped
frames obtained via MediaPipe [40], rather than implement-
ing their own face detection pipeline; conversely, teams
ArogyaPandit and Idiap-BSP process raw frames directly,
without any face detection step run beforehand, while team
Dragons relies on face detection and landmark extraction
with dlib [34].

The relatively homogeneous high performance observed
in this scenario also suggests that current deep learning ap-
proaches are already capable of effectively exploiting the
complementary information provided by document images
and video sequences when the evaluation conditions remain
sufficiently close to the training distribution. Under these

# Team Name WAED EERS EERR

1 TCDML 2.58% 1.80% 3.36%
2 SBU-ML 2.66% 3.60% 1.67%
3 TCVG 3.95% 1.88% 3.36%
4 GHSYS 7.34% 3.64% 4.00%
5 smartALC 8.67% 3.60% 5.44%
6 FactIT 9.47% 3.68% 5.04%
7 KLsys 9.57% 3.60% 7.88%
8 thisisananya 11.4% 9.09% 2.30%
9 IDECVG 13.5% 1.30% 9.27%

10 AADE 15.3% 1.80% 8.42%
11 Idiap-BSP 15.3% 3.89% 2.23%
- Baseline 61.3% 31.5% 23.9%

Table 4. Results on the Hard scenario for methods that obtained
WAED ≤ 16%.

circumstances, the main differences between methods ap-
pear to be more related to architectural details than to fun-
damentally different modeling assumptions.

4.2.2 Hard Scenario

Results on the Hard scenario, reported in Table 4, reveal
a substantially more challenging evaluation setting. Com-
pared to the previous scenario, all methods experience a
visible performance degradation, although with markedly
different robustness levels. The best-performing method,
TCDML, achieves a WAED of 2.58%, followed closely by
SBU-ML and TCVG, indicating that robust generalization
under unseen conditions remains feasible but significantly
more difficult.

One of the most interesting observations emerging from
this scenario is the strong methodological convergence
among the top-performing solutions. While the Simple
scenario exhibited a relatively heterogeneous set of ap-
proaches, the highest-ranked methods in the Hard sce-
nario shared the same underlying design principles, and
progressively converged toward highly similar architectural
paradigms based on dual-stream document-video process-
ing, pretrained visual backbones, and lightweight feature
aggregation strategies. Furthermore, the vast majority of the
best-performing teams in this scenario relied almost exclu-
sively on pre-cropped frames using MediaPipe [40], with-
out leveraging the quality metrics provided by OFIQ [42].

This behavior is itself an important outcome of the
competition. The increased complexity of the Hard sce-
nario, characterized by previously unseen morphing con-
ditions and stronger acquisition variability, appears to sig-
nificantly reduce the effectiveness of highly specialized
or dataset-dependent optimization strategies. As a conse-
quence, only a relatively narrow family of robust and gener-
alizable pipelines consistently maintained competitive per-



# Team Name WAEDS WAEDH ∆WAED

1 TCDML 3.45% 2.58% -0.86%
2 KLsys 9.19% 9.57% +0.38%
3 SBU-ML 1.98% 2.66% +0.68%
4 TCVG 3.25% 3.95% +0.70%
5 smartALC 6.03% 8.67% +2.64%
6 GHSYS 3.05% 7.34% +4.30%
7 FactIT 4.90% 9.47% +4.57%
8 IDECVG 6.93% 13.5% +6.52%
9 thisisananya 0.00% 11.4% +11.4%

10 AADE 0.80% 15.3% +14.5%
11 Idiap-BSP 0.00% 15.3% +15.3%
12 Dragons 0.77% 24.2% +23.4%
13 ArogyaPandit 0.08% 71.8% +71.7%

Table 5. Absolute difference in WAED obtained by comparing
Simple (WAEDS) and Hard (WAEDH ) scenarios.

formance across heterogeneous conditions.
Another relevant observation concerns the increased

importance of generalization-oriented training procedures.
Methods that rely on stronger regularization, subject-
disjoint partitioning, pretrained large-scale visual encoders,
and conservative aggregation strategies generally exhibited
greater stability under the Hard scenario. Conversely, sev-
eral approaches that achieved near-perfect performance in
the Simple track experienced substantially greater degrada-
tion when evaluated under previously unseen conditions.

At the same time, the relatively limited performance gap
among the best-performing submissions indicates that fu-
ture improvements in realistic V-MAD scenarios may in-
creasingly depend on advances in robustness-oriented train-
ing, synthetic data utilization, domain generalization strate-
gies, and temporal consistency modeling rather than on en-
tirely new architectural designs.

4.3. Cross-Scenario Robustness Analysis

Table 5 reports the absolute performance variation be-
tween the Simple and Hard scenarios. The results highlight
substantial differences in cross-scenario robustness among
the submitted methods.

Among the most stable approaches, TCDML achieved
the best overall robustness, showing even a slight per-
formance improvement in the Hard scenario. Similarly,
SBU-ML, TCVG, and KLsys exhibited only limited perfor-
mance degradation, suggesting that their pipelines success-
fully captured more generalizable representations rather
than overfitting to the specific properties of the original
benchmark. Conversely, several methods that achieved ex-
tremely low error rates in the Simple scenario suffered con-
siderably larger degradations in the Hard setting. In partic-
ular, thisisananya, Idiap-BSP, and ArogyaPandit obtained
near-perfect results under the original protocol but experi-
enced substantial increases in WAED when evaluated on

the harder benchmark. This behavior suggests that excel-
lent performance under controlled conditions does not nec-
essarily translate into operational robustness under realistic
distribution shifts.

Specifically, the Simple-to-Hard degradation can be in-
terpreted in light of the different nature of the two scenar-
ios. In the Simple setting, the morphing algorithm used at
test time is represented in the released training data, and the
acquisition conditions are comparatively controlled. As a
result, near-perfect performance may partly reflect the abil-
ity to exploit cues associated with known morphing artifacts
and dataset-specific acquisition regularities.

Conversely, the Hard scenario introduces a stronger
distribution shift, including unseen landmark-based and
diffusion-based morphing algorithms, low artificial illumi-
nation, stronger pose variability, and garments or partial oc-
clusions. Therefore, methods relying on algorithm-specific
artifacts or overly tuned decision boundaries may suffer
substantial degradation. This explains why some systems
that achieve near-perfect Simple results show reduced ro-
bustness in the Hard setting, and reinforces the need for
cross-algorithm and cross-condition evaluation protocols in
operational V-MAD. These findings further reinforce the
central role of generalization in operational V-MAD. The
Hard scenario appears to significantly reduce the benefits
of dataset-specific optimization strategies while favoring ar-
chitectures and training procedures capable of maintaining
stable performance across heterogeneous acquisition condi-
tions and unseen morph generation processes.

Overall, the challenge demonstrates that video-based
MAD constitutes a highly promising direction for opera-
tional morphing attack detection. At the same time, the
results clearly highlight that robust cross-condition gener-
alization remains one of the primary open challenges for
future V-MAD research.

4.4. Computational Analysis

Figure 4 reports the average inference runtime per at-
tempt measured across datasets and tasks. Submissions
were run on a server with an Intel Xeon W5-3423 24-
core CPU, 64 GB of RAM, and an Nvidia RTX A4000
GPU with 16 GB of VRAM. Overall, the majority of sub-
missions exhibit relatively low computational requirements,
with most approaches operating below 0.25 s per attempt.
This suggests that many V-MAD pipelines are already com-
patible with near-real-time deployment constraints typically
encountered in operational biometric verification systems.

Among the fastest approaches, GHSYS, SBU-ML, and
FactIT achieve inference times of 0.13− 0.14 s per attempt
while maintaining competitive detection performance, par-
ticularly in the Hard scenario. This highlights the effective-
ness of lightweight aggregation strategies combined with
efficient pretrained visual backbones.
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In contrast, methods that rely on heavier architectures or
more computationally demanding processing stages exhibit
substantially larger runtimes. In particular, Idiap-BSP re-
quires more than 3 seconds per attempt due to the use of the
InternVL3-based multimodal encoder, while Dragons and
thisisananya also present noticeably higher inference costs.
Although these approaches still achieve good performance,
the results highlight the practical trade-off between compu-
tational complexity and operational deployability.

Interestingly, the six best-performing methods on the
Hard scenario maintain a favorable balance between ro-
bustness and efficiency, requiring only ≤ 0.2 seconds per
attempt. More generally, the competition results suggest
that robust V-MAD performance does not necessarily re-
quire extremely large architectures or expensive temporal
modeling strategies. Instead, carefully designed lightweight
aggregation mechanisms combined with strong pretrained
representations may already provide an effective trade-off
between computational efficiency and detection robustness.

Overall, the runtime analysis further confirms the prac-
tical viability of video-based morphing attack detection for
real operational scenarios, while simultaneously highlight-
ing the importance of balancing robustness, efficiency, and
scalability in future V-MAD research.

5. Conclusions and Future Works

The IJCB 2026 V-MAD Challenge introduced the first
competition specifically dedicated to Video-based Morph-
ing Attack Detection under operationally realistic condi-
tions. The proposed benchmark included two complemen-
tary evaluation settings: a Simple scenario, where acqui-
sition and morph generation conditions remain relatively
aligned with the training distribution, and a significantly
more challenging Hard scenario designed to evaluate ro-
bustness under stronger acquisition variability and previ-
ously unseen morphing conditions.

Overall, the competition results demonstrate that lever-
aging multiple video frames can substantially improve ro-
bustness compared to traditional frame-level MAD ap-
proaches, especially when combined with quality-aware
frame selection and pretrained visual representations. At
the same time, the Hard scenario clearly highlighted that
robust generalization across heterogeneous operational con-
ditions remains a major open challenge for current V-MAD
systems. One of the most interesting outcomes of the com-
petition is the strong methodological convergence observed
among the top-performing solutions in the Hard scenario.
Despite the diversity of implementation choices, the best-
performing methods progressively converged toward a rela-
tively consistent family of dual-stream document-video ar-
chitectures that rely on lightweight temporal aggregation
and robust pretrained visual backbones. This suggests that
the V-MAD task is beginning to identify a set of effective ar-
chitectural priors for operational morphing attack detection.
More generally, the challenge highlights how the increasing
realism of AI-generated facial content is rapidly transform-
ing the detection of morphing attacks into a central research
topic at the intersection of biometrics, multimedia foren-
sics, trustworthy AI, and operational security. The strong
participation and the quality of the submitted methods fur-
ther confirm the relevance and urgency of developing ro-
bust detection systems capable of operating under realistic
deployment conditions.

Future work will concentrate on expanding both the chal-
lenge framework and the underlying datasets. On the data
side, we plan to increase the number of subjects and the
volume of video sequences, acquiring them under more
diverse conditions and quality levels, addressing the cur-
rent limitation posed by the relatively small size of the two
proposed datasets and the resulting constraints on possible
performance analyses of participating solutions. In paral-
lel, upcoming editions of the challenge will examine more
complex operational scenarios, including stronger domain
shifts, cross-device acquisition, temporal consistency anal-
ysis, and the integration of multimodal information such
as depth data. We will also design more advanced evalu-
ation protocols, with a focus on robustness, demographic
fairness, explainability, computational efficiency, and long-
term operational reliability in real-world scenarios.
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[12] N. Damer, C. A. F. López, M. Fang, N. Spiller, M. V. Pham,
and F. Boutros. Privacy-friendly synthetic data for the devel-
opment of face morphing attack detectors. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, pages 1606–1617, 2022.

[13] J. S. Del Rio, D. Moctezuma, C. Conde, I. M. de Diego,
and E. Cabello. Automated border control e-gates and facial
recognition systems. computers & security, 62:49–72, 2016.

[14] R. Delussu, L. Putzu, and G. Fumera. Synthetic data
for video surveillance applications of computer vision:

A review. International Journal of Computer Vision,
132(10):4473–4509, 2024.

[15] J. Deng, W. Dong, R. Socher, L.-J. Li, K. Li, and L. Fei-
Fei. Imagenet: A large-scale hierarchical image database.
In 2009 IEEE Conference on Computer Vision and Pattern
Recognition, pages 248–255, 2009.

[16] J. Deng, J. Guo, N. Xue, and S. Zafeiriou. Arcface: Additive
angular margin loss for deep face recognition. In Proceed-
ings of the IEEE/CVF conference on computer vision and
pattern recognition, pages 4690–4699, 2019.

[17] N. Di Domenico, G. Borghi, A. Franco, and D. Maltoni. Face
restoration for morphed images retouching. In 2024 12th In-
ternational Workshop on Biometrics and Forensics (IWBF),
pages 1–6. IEEE, 2024.

[18] N. Di Domenico, G. Borghi, A. Franco, and D. Mal-
toni. Onot: a high-quality icao-compliant synthetic mugshot
dataset, 2024.

[19] N. Di Domenico, A. Franco, M. Ferrara, and D. Mal-
toni. Arc2morph: Identity-preserving facial morphing with
arc2face. In 2024 IEEE 18th international conference on au-
tomatic face and gesture recognition (FG). IEEE, 2026.

[20] M. Fang, M. Huber, J. Fierrez, R. Ramachandra, N. Damer,
A. Alkhaddour, M. Kasantcev, V. Pryadchenko, Z. Yang,
H. Huangfu, et al. Synfacepad 2023: Competition on face
presentation attack detection based on privacy-aware syn-
thetic training data. In 2023 IEEE International Joint Con-
ference on Biometrics (IJCB), pages 1–11. IEEE, 2023.

[21] Y. Fang, Q. Sun, X. Wang, T. Huang, X. Wang, and Y. Cao.
Eva-02: A visual representation for neon genesis. Image and
Vision Computing, 149:105171, 2024.

[22] M. Ferrara, A. Franco, and D. Maltoni. The magic passport.
In 2014 IEEE International Joint Conference on Biometrics,
pages 1–7. IEEE, 2014.

[23] M. Ferrara, A. Franco, D. Maltoni, and C. Busch. Morphing
attack potential. In 2022 International Workshop on Biomet-
rics and Forensics (IWBF), pages 1–6. IEEE, 2022.

[24] M. Ferrara, A. Franco, D. Maltoni, et al. Decoupling texture
blending and shape warping in face morphing. In BIOSIG,
pages 25–33, 2019.

[25] C. Ferrari, S. Berretti, and A. Del Bimbo. Extended youtube
faces: a dataset for heterogeneous open-set face identifi-
cation. In 2018 24th International Conference on Pattern
Recognition (ICPR), pages 3408–3413, 2018.

[26] Frontex. Automated biometric border crossing systems
based on electronic passports and facial recognition: Rapid
and smartgate. Technical report, European Agency for the
Management of Operational Cooperation at the External
Borders of the Member States of the European Union, 2010.

[27] D. Ghiani, J. D. R. Chivata, S. Lilliu, S. M. La Cava,
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