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Abstract. Micro-expressions are brief, involuntary facial movements
that reveal subtle affective states. While most computational work fo-
cuses on micro-expression recognition, which classifies clips into dis-
crete emotion categories, Micro-Expression Action Unit (ME-AU) de-
tection offers a more theory-consistent formulation grounded in the Fa-
cial Action Coding System. Despite its finer granularity, ME-AU de-
tection remains comparatively under-explored due to the limited avail-
ability of high-quality data for efficient automatic models. Recent volu-
metric micro-expression datasets provide temporally coherent 3D facial
recordings with reliable AU labels, creating new opportunities for fine-
grained analysis. However, their adoption remains limited due to large
data volumes, heterogeneous formats, and the absence of standardized
benchmarks, which together hinder reproducibility and cross-study com-
parison. Moreover, because of the small spatio-temporal spanning of the
AUs, designing models that effectively combine volumetric representa-
tions with temporal dynamics remains a non-trivial research challenge.
To address these barriers, we introduce an extended and standardized
release of the 4DME dataset with cleaned data and normalized format-
ting, accompanied by a compressed version to reduce storage overhead.
We further design VoluME, a family of dual-stream optical-flow-based
architecture for volumetric ME-AU detection. To determine appropriate
settings for compression, we combine state-of-the-art compression base-
lines, perceptual evaluation, and downstream task-specific benchmark-
ing. As the first work dealing with volumetric ME-AU detection under
compression, our results show that a compression ratio of approximately
3000× can be achieved with ≈ 1% F1 degradation. The extended release
additionally introduces explicit two-way cultural balancing, supporting
future cross-cultural micro-expression studies.
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1 Introduction

Micro-expressions (MEs) are brief, involuntary facial movements occurring under
emotional suppression. Lasting only 40–500 milliseconds and involving subtle
activations of small facial muscle groups, they are inherently sparse in both
space and time, making computational modeling particularly challenging.

ME research comprises four main tasks: spotting, recognition (MER), Action
Unit detection (ME-AU), and generation. MER has received the most attention
but relies on coarse emotion categories that limit fine-grained analysis and may
suffer from inconsistent labels derived from elicitation protocols, self-reports, or
AU annotations [24]. In contrast, ME-AU detection [10] operates at the level of
facial muscle activations defined by the FACS (Facial Action Coding System) [2],
offering a more objective and compositional representation of facial behavior.
Despite these advantages, ME-AU detection remains under-explored due to its
reliance on high-quality spatio-temporal data capable of capturing subtle muscle
deformations.

Historically, 2D ME datasets have been limited by small sample sizes, low
spatial resolution, and insufficient temporal sampling. Cross-dataset protocols
[21,24] partially mitigated data scarcity but introduced heterogeneity and quality
imbalance. Recent volumetric (3D+t) datasets, notably 4DME [9] and CASME3

[8], address these limitations by providing temporally coherent 3D facial recon-
structions with improved geometric fidelity and more consistent AU annotations.
Beyond explicit depth cues, volumetric data enable modeling of out-of-plane fa-
cial deformations that are ambiguous in 2D. Human perception studies further
suggest that 3D reconstructions improve AU recognition accuracy compared to
2D video [8].

Despite these advantages, 3D data remain underutilized in ME research
due to large storage requirements, heterogeneous formats, and the absence of
standardized benchmarks. 3D data coding standards are developed to address
the cost in storage and transmission of volumetric data. But because micro-
expressions are spatio-temporally sparse, global fidelity of the 3D data after
decoding might not ensure the preservation of subtle deformations that defines
AUs. In addition, 3D compression must therefore be considered and evaluated
with adapted methods. Consequently, two key challenges emerge: establishing a
principled benchmark for volumetric ME-AU detection and developing efficient
compression strategies to reduce the size of 3D MER datasets while preserving
subtle AU-related signals.

Modeling volumetric ME-AU detection introduces additional complexity. While
features based on optical flow (OF) have long been effective in 2D ME analy-
sis [5,11,15,17,25], extending motion modeling to 3D is non-trivial, as multiple
volumetric motion representations exist without consensus for facial analysis.
Moreover, high-resolution 3D inputs impose severe computational constraints,
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limiting the feasibility of deep attention-based architectures. Even with suit-
able models, large-scale 4D data must be compressed to enable reproducible and
scalable research.

To address the lack of standardized volumetric benchmarks, the modeling
challenges of subtle 3D facial dynamics, and the practical barriers posed by large-
scale 4D data, we introduce a unified framework for 3D ME-AU analysis spanning
dataset consolidation, dual-stream model design, and task-aware compression.

Our contributions are threefold:

– We consolidate the 4DME dataset, designing a three-stage de-noising pro-
cedure to add previously unreleased volumetric data, establishing the first
ethnically balanced micro-expression dataset with 3D modality.

– We propose VoluME (Volumetric Optical flow Learning for action Unit ME
detection), a family of dual-stream architectures that fuse optical and depth
flow to jointly model 3D spatial structure and temporal dynamics, establish-
ing, to the best of our knowledge, the first cross-dataset volumetric ME-AU
detection baseline.

– We systematically evaluate 3D compression under the micro-expression frame-
work, combining standard-compliant codecs, perceptual assessment, and down-
stream AU detection performance to identify an optimal strategy that sub-
stantially reduces data size while preserving AU-level fidelity.

2 Related work

Micro-expression Action Unit Detection Models. Micro-expressions in-
volve low-intensity, short-duration facial deformations that become even subtler
at the Action Unit (AU) level. A central challenge is integrating spatial appear-
ance and fine-grained temporal dynamics under weak motion signals. Existing
methods largely follow two paradigms.

The first relies on hand-crafted or motion-driven descriptors with explicit
temporal modelling. LBP-TOP [30] encodes motion across three orthogonal
planes, while optical-flow-based methods such as MDMO [17], HOOF [5], STST-
Net [11], SSSNet [24], and Off-ApexNet [15] model onset-to-apex dynamics to
capture subtle facial displacements. By explicitly encoding motion priors, these
approaches remain effective despite the low amplitude of ME movements.

The second paradigm employs attention-based architectures. SCA [12] in-
troduces joint spatial-temporal attention, whereas AUFormer [28] uses a trans-
former architecture to model long-range dependencies. Although competitive,
these methods generally require larger training sets and do not explicitly encode
the onset-to-apex dynamics that characterise micro-expressions.

These limitations are amplified in volumetric settings. Extending AU detec-
tion to 3D representations significantly increases computational cost, as attention
complexity scales cubically with spatial resolution. Consequently, end-to-end 2D
foundation models or directly adapted transformer architectures are ill-suited to
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3D micro-expression analysis. This motivates architectures that retain motion-
aware advantages while remaining computationally tractable in low-data volu-
metric contexts.
Volumetric Video Coding and Quality. In multimedia coding, consistency
and compatibility across devices and use cases is very important. This is ensured
through standardization efforts led by MPEG (Moving Pictures Expert Group)
for volumetric media. In the case of 4D volumetric videos, two standards based on
point clouds, geometry-based (G-PCC) and video-based point cloud compression
(V-PCC) have been established [20]. Both approaches greatly reduce the storage
and transmission cost for 4D content. With V-PCC, which codes 4D videos with
2D video codecs, lossless coding is not possible as the data is always transformed
through projections.

For visual media, lossy coding can allow optimized visually lossless coding,
maintaining high quality for human observers [33]. Objective quality metrics
are also developed to measure this perceived quality for streaming and user-
generated visual content [14]. However, such metrics are not sufficient in other
applicative contexts. Related work investigates the impact of lossy coding on ra-
diology images [7] where good visual quality might still affect important medical
cues. For immersive media, user experience and behavior must be considered to
represent perceived quality [23, 32]. In Micro-Expression Recognition, it is im-
portant to preserve the fine AU information, as explored in previous studies for
motion magnification [31], but never for lossy coding, especially not for 4D data.

3 Data Extension and Cleaning

Fig. 1: The three identified noise types in the volumetric set of 4DME.
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The initial release of the 4DME dataset comprises 130 annotated micro-
expression sequences collected from 24 subjects. Each sequence consists of tem-
porally ordered high-resolution triangular meshes reconstructed via synchronized
multi-camera stereo capture [9]. Annotators subsequently restricted the tempo-
ral extent of each sequence to the micro-expression interval. The resulting clips
provide dense spatio-temporal measurements, with an average geometric resolu-
tion of approximately 0.5 mm2 per triangle (150k triangles per frame on average)
at 60 fps.

Beyond the 130 released volumetric micro-expression clips, approximately
130 additional sequences were collected but not included in the volumetric subset
due to severe acquisition or reconstruction artifacts. In the following section, we
provide a structured characterization of these noises, their sources and their
implications for volumetric micro-expression analysis.

3.1 Noise Characterization and Downstream Impact

We identify three primary categories in the volumetric sequences, distinguished
by their origin and structural impact on the reconstructed meshes :

1. Temporally consistent reconstruction noise. This noise arises from er-
rors in stereo reconstruction following multi-camera capture [9]. It manifests
as large spurious surfaces that blend with the facial texture and persist across
multiple consecutive frames, and in some cases entire sequences.

2. Sample-specific reconstruction noise. This form of degradation is caused
by parasitic objects entering the reconstruction volume. It produces periph-
eral geometric artifacts that appear in isolated frames and may partially
overlap with the facial region.

3. Statistical acquisition noise. Sensor-level perturbations introduce iso-
lated erroneous points in the reconstructed geometry. Although individually
small, the mesh topology enforces connectivity to these outliers, resulting in
extended planar artifacts that distort local surface structure.

Figure 1 gives a visual example of the three types of noise that we have identified.
The reconstruction noises are shown with samples from the same sequence to
compare the temporal spanning of the noise. The acquisition noise samples are
shown without texture to highlight the impact on local geometry.

Sequence-wide artifacts induce scale and geometry inconsistencies over time,
preventing reliable alignment. Heuristic alignment strategies based on bound-
ing boxes become unstable due to the presence of large peripheral artifacts,
while learned registration approaches degrade when substantial portions of the
facial surface are occluded or geometrically distorted. As a consequence, meth-
ods that rely on temporal geometric consistency, such as point-to-point distance
estimation, optical or volumetric flow computation, and volumetric discretiza-
tion strategies (e.g., voxelization or occupancy mapping) become unreliable,
since their formulations implicitly assume aligned and topologically coherent
sequences.
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3.2 Denoising Methods

A quantitative inspection of the 130 released sequences reveals substantial geo-
metric degradation: 40% of sequences exhibit temporally consistent reconstruc-
tion noise, 55% contain frame-specific artefacts, and 45% are affected by acquisition-
level outliers. Overall, only 33% of sequences remain free from facial-surface
corruption. These statistics confirm that geometric inconsistency affects the ma-
jority of the original volumetric release and directly compromises the structural
assumptions required for automated micro-expression analysis. Removing these
noise sources is challenging due to their heterogeneity and modality-dependent
manifestation. In particular, sequence-wide and sample-specific reconstruction
artefacts originate from the stereo pipeline and remain statistically consistent
with the facial surface in terms of texture mapping, point density, and mesh
resolution, making semantic or object-aware filtering unreliable. We therefore
propose a three-stage denoising pipeline targeting each noise category:

Statistical Denoising. To suppress acquisition-level noise, we analyse mesh
edge-length distributions within each sample. Isolated outliers produce abnor-
mally long edges inconsistent with local geometric resolution. We model these
distributions using sample-specific Gaussian Mixture Models and remove sta-
tistical outliers, followed by deletion of associated vertices. This step removes
low-level perturbations while preserving high-curvature facial regions.

Sequence-wide Density-Aware Denoising. To mitigate reconstruction
artefacts persisting across frames, we aggregate each sequence into a unified
occupancy mask. Valid facial regions form dense, temporally consistent clusters
proportional to sequence length, whereas reconstruction artefacts exhibit lower
spatial consistency. We apply neighborhood-based statistical outlier removal on
the aggregated representation to isolate the stable facial region, and use the
resulting mask to filter each frame.

Manual Mask Refinement. Residual dense artefacts with statistics com-
parable to facial regions are removed through manual refinement of the sequence
masks. This final step ensures that only facial and peri-facial geometry is retained
throughout the sequence.

The denoised sequences exhibit substantially improved consistency, with an
86% reduction in normal-distribution divergence, 52% lower occupancy insta-
bility, and 47% improved curvature stability. Raw metrics are reported in the
supplementary materials.

3.3 Data extension

The proposed denoising pipeline enables the recovery and integration of previ-
ously excluded volumetric sequences from the 4DME collection, as well as cor-
rection of previously unusable volumetric samples in the released set. As a result,
the number of usable micro-expression clips is substantially increased, along with
the prevalence of several benchmark Action Units (AUs). Tab. 1 quantifies the
increase in sequence count for the most commonly evaluated AUs, including
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Table 1: Comparison table between the current release and extension of the 4DME
volumetric dataset, based on most used AUs, total sequences, and Cross-culture split.

Dataset AU1 AU2 AU4 AU6 AU7 AU12 AU17 AU45 Sequences Culture Split
Released 4DME 29 31 66 9 56 25 6 15 130 (17/8)
Extended 4DME 46 54 117 30 93 82 11 35 265 (23/20)
Relative Increase +59% +74% +78% +233% +67% +224% +84% +127% +102% -

those defined in the original 4DME benchmark protocol. For several frequently
studied AUs, the number of available samples more than doubles. A compre-
hensive comparison across all annotated AUs is provided in the supplementary
material. Beyond the increase in volume, the extended subset improves subject-
level and cultural representation. The resulting dataset achieves approximate
two-way Asian/European cultural balance, making 4DME, to our knowledge,
the first 3D micro-expression dataset with explicit cross-cultural representation.
This extension provides a foundation for culturally aware ME analysis.

4 Compression of 4DME

4.1 Compression Methods

We select two open-source codecs representing the main standardized approaches
to volumetric compression. As a geometry-based method, we use Draco [4], a
widely adopted codec for meshes and point clouds. While it supports real-time
transmission of 4D content [1], its coding efficiency is limited compared to more
advanced schemes [27,29].

As a video-based alternative, we employ tmc2 [18], the MPEG reference
implementation of V-PCC, which achieves state-of-the-art dynamic point cloud
compression [27,29], enabling visually lossless coding beyond 1000× compression,
albeit without real-time capability. In Draco, the quantization parameter (QP)
determines the effective bits per vertex; higher QP therefore implies lower com-
pression, unlike conventional codecs. Each mesh frame of the extended 4DME
dataset is encoded independently at four level. For V-PCC, meshes are con-
verted to colored point clouds voxelized on 10243 grids, and geometry and color
are jointly encoded in all-intra mode at three rates recommended by the MPEG
common test conditions [6], defined by (QPgeom; QPcolor) pairs. All QPs are
reported in Tab. 2, and their effect on a 3D frame is illustrated in Fig. 2.

Fig. 2: Example of decoded 3D frame at all levels of compression.
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4.2 Quality and Coding Efficiency

To compare the two compression schemes, we evaluate coding efficiency and
visual quality. Visual fidelity is measured using objective metrics on 2D depth
maps, colored projections, and original 3D vertex data, enabling joint analysis
of geometric and appearance degradation across compression levels.

On depth maps and projections, we compute PSNR and SSIM [26], com-
paring Draco-compressed meshes to their originals and V-PCC reconstructions
to voxelized point clouds. Geometric fidelity in 3D is further assessed using
PSNR-D1 [22], defined in the V-PCC common test conditions [6], which extends
PSNR to point-to-point geometry evaluation. Metrics are computed per frame
and averaged per sequence. Table 3 summarises results at each distortion level,
with PSNRdepth and SSIMdepth evaluated on depth maps, and PSNRcolor and
SSIMcolor on colored projections.

Results show comparable quality at the highest settings (QP9 and R3), while
V-PCC better preserves geometry and appearance under stronger compression
(R1). Severe Draco levels (QP6, QP7) introduce noticeable texture-mapping
artefacts, whereas V-PCC produces more uniform color degradation.

Coding efficiency is measured via the geometric compression rate (CRgeom),
defined as the ratio between bits per vertex in the original meshes and the en-
coded bitstream. For V-PCC, we also report the total compression rate (CRtotal),
including color (Tab. 2). V-PCC significantly outperforms Draco, achieving over
1500× reduction at near-lossless quality and up to 5780× under moderate degra-
dation. However, these results do not consider the loss of AU-related information,
which is critical for downstream analysis.

4.3 Perception-Based Compression Validation

To assess the impact of 3D compression on subtle AU signals, we conducted a
subjective perceptual study in which human observers evaluated the decoded
sequences and their consistency with the original 4DME annotations.
Experimental Setup. In this experiment, naive observers viewed denoised and
compressed short sequences from 4DME in random order using a Unity 6-based
interface. For each sequence, they completed a checkbox questionnaire listing
all annotated AUs and could replay sequences as needed. All sessions were con-
ducted under identical conditions. Participants were seated in a lit room at a
distance of three screen heights from a 27-inch Lenovo P27q-10 monitor, using a
mouse and keyboard. The display was connected to a workstation equipped with

Table 2: Quantization Parameters (QPgeom;QPcolor pairs for V-PCC) and Compres-
sion Ratios for all levels of compression.

Draco V-PCC
QP6 QP7 QP8 QP9 R1 R2 R3

QP 6 7 8 9 36;47 28;37 20;27
CRgeom 16.0 13.7 12.0 10.7 2955 1665 640
CRtotal - - - - 5780 3155 1575
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Table 3: Objective quality metrics for the compression method and levels.

Draco V-PCC
Metric QP6 QP7 QP8 QP9 R1 R2 R3
PSNR-D1 61.4 64.4 67.4 70.5 66.1 69.4 71.4
PSNRdepth 32.7 37.5 40.7 42.2 36.4 39.1 40.1
PSNRcolor 21.1 25.3 28.6 30.2 26.1 28.9 29.7
SSIMdepth 0.952 0.976 0.984 0.986 0.975 0.982 0.984
SSIMcolor 0.783 0.899 0.940 0.955 0.877 0.923 0.938

an Intel Xeon W-2235 CPU and an NVIDIA Quadro RTX 6000 GPU, running
the compiled Unity application and loading the 3D sequences from an external
USB-C SSD. A capture of the setup and interface is provided in the supplemen-
tary material. Following Section 4.2, only the three V-PCC compression levels
were evaluated. The test included all short 4DME sequences, each presented in
three compressed versions. Observers could pause and resume the experiment
without losing progress. Evaluation continued until 44 distinct micro-expression
sequences had been assessed across all three compression levels. Subjective Ex-
perimental Results. A total of 10 observers (6 men, 4 women; mean age 26.3)
participated in the study. Each evaluated approximately 50 sequences, spend-
ing on average 45 seconds per sequence. We compared their responses with the
original 4DME annotations and computed an AU perception score for each V-
PCC compression level, defined as the proportion of AUs still perceived after
compression. Table 4 reports the mean AU perception score and per-AU binary
F1-score across V-PCC levels. The relatively low perceptual F1-scores reflect the
inherent difficulty of AU recognition. Prior studies show that human AU percep-
tion remains substantially below automated performance, even for FACS-trained
observers, with cross-observer agreement below 80% F1-score [13, 19]. Overall,
AU visibility is only marginally affected by compression, with noticeable degra-
dation observed only at the lowest quality level. Although further validation
is required, these findings suggest that V-PCC could reduce the size of 4DME
by up to 3000× while largely preserving perceptual quality (Table 2). A more
conservative strategy using V-PCC R1 would still achieve a 1500× reduction.

5 Volumetric AU Detection Framework

As stated earlier, the main challenges of ME-AU detection lie in the subtlety and
sparsity of the movements in the spatial and temporal domains. When dealing
with volumetric data, recent architectures and techniques become ill-fitted to the
increased sample size and relatively limited data for large scale model training.

Table 4: Perceptual Experiment Results on AU detection.

Compression level AU Perception F1-score AU1 AU2 AU4 AU6 AU7 AU12 AU17 AU45
V-PCC R1 0.949 0.55 0.593 0.424 0.522 0.105 0.303 0.333 0.222 0.944
V-PCC R2 0.956 0.64 0.807 0.610 0.769 0.370 0.715 0.554 0.800 0.944
V-PCC R3 0.957 0.66 0.784 0.610 0.767 0.686 0.733 0.732 0.909 0.943
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Fig. 3: Feature and model design within VoluME.

Starting from these challenges, we propose VoluME, a family of models that use
lightweight CNN-based architecture and built-in fusion of the OF features for
efficient feature extraction across two separate flow streams. The proposed data
pipeline of VoluME is shown in figure Fig. 3

5.1 Volumetric Spatio-Temporal Feature Design

Recent volumetric approaches to micro-expression recognition have explored the
incorporation of depth information by passing an RGB-D image of the apex
frame through modern vision backbones [8]. While this enables efficient fusion of
spatial features, these single-frame strategies discard temporal dynamics entirely.
For micro-expression AU detection, where movements are subtle and fast, tempo-
ral information is critical for capturing the fine-grained dynamics of facial defor-
mations. As a result, relying solely on a single frame is insufficient for detailed
AU recognition, as the temporal evolution of micro-movements is completely
ignored. A second methodological stream attempts to extend the traditional op-
tical flow formulation to volumetric data by defining the voxel intensity function
I(x, y, z, t) and applying the optical flow hypotheses [8]: ∂I

∂xu+ ∂I
∂yv +

∂I
∂zw = 0,

where (u, v, w) is the volumetric flow vector. The full volumetric flow equations
can be found in the supplementary materials.

However, this formulation has key shortcomings. By treating planar and
depth displacements on the same scale, it mixes visual motion and depth vari-
ation in a single vector, which limits the ability to exploit complementary cues
from appearance and geometry. Furthermore, the volumetric flow does not ex-
plicitly include optical strain, despite strong evidence from the literature that
strain features improve AU detection by capturing subtle surface deformations
that are characteristic of micro-expressions [11,16,25]. As a result, this approach
can fail to fully represent the fine-grained, surface-specific dynamics that are es-
sential for accurate ME analysis.

To address these limitations, we reformulate flow computation under the
assumption that the 3D object represents a single visible facial surface. As such,
our 3D object P (x, y, z, t) is fully defined by the RGB-D projected surface P ∗,
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which encodes the color C and the depth D:

P ∗(x, y, t) := {C(x, y, t), D(x, y, t)}, (1)

where C is the RGB color and D the depth value. The OF assumptions can be
applied separately to the color and depth functions :

∂C

∂t
=

∂C

∂x
urgb +

∂C

∂y
vrgb = 0,

∂D

∂t
=

∂D

∂x
udepth +

∂D

∂y
vdepth = 0.

(2)

Here, ofrgb = (urgb, vrgb) and ofdepth = (udepth, vdepth) are the OF components
computed on the XY projection of the 3D object and the depth map, respectively.
Our proposed volumetric feature design alleviates the limitations of volumetric
flow while being specifically tailored for micro-expression analysis. Indeed, the
dual flow streams allow full exploitation of surface-specific dynamics, enabling
optical strain computation for both appearance and geometry, which have been
shown to significantly increase detection robustness in the 2D domain. Using our
two flow streams, we also decouple visual and depth signals to better model AUs
that manifest predominantly in one of the two streams.

5.2 Model design

Dual Stream Feature Extraction and Fusion. Early optical-flow-based
methods for micro-expression analysis, such as MDMO and HOOF [5,17], relied
on handcrafted features with conventional classifiers. With deep learning, perfor-
mance improved as convolutional networks learned data-driven representations
directly from OF maps. However, micro-expression datasets remain limited in
size, which has favoured lightweight architectures that reduce overfitting while
retaining discriminative capacity. Accordingly, strong OF-based models such as
SSSNet, Off-ApexNet, and STSTNet [11,15,25] employ shallow CNNs to process
the OF components (u, v, |ϵuv|), balancing representational power and data ef-
ficiency for small-scale MER datasets. Following this principle, we extend these
OF models within a volumetric dual-stream framework. Prior work [16,25] shows
that fusing the three OF components is critical for robust AU detection, as it
jointly encodes motion and deformation cues. We therefore improve STSTNet
and Off-ApexNet by performing input-level fusion, representing (u, v, |ϵuv|) as a
three-channel image processed directly by convolutional layers. To preserve the
separation between appearance-driven and geometry-driven motion, we keep vi-
sual and geometric OF streams independent and perform fusion at the feature
level rather than at the input level. This design allows complementary modeling
of AUs that manifest differently in texture and geometric displacement before
integration.
AU-Specific Classifier. Due to the spatial proximity of many facial AUs, si-
multaneous activations often produce highly correlated motion patterns. Such
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co-occurring movements can interfere with each other in a shared classification
setting, leading to ambiguity and degraded performance in traditional multi-
label classifiers. Prior work has shown that decoupled classification strategies,
such as one-vs-rest SVMs [9] or independent AU-specific heads [12], are more
robust in this context, as they reduce inter-AU interference and better handle
overlapping facial activations. Following this principle, we employ one dedicated
multi-layer perceptron per Action Unit. This design limits competition between
AUs during training and alleviates confusion in regions where multiple move-
ments are spatially concentrated. By decoupling the classification process, the
model is better equipped to perform fine-grained discrimination in high-density
AU regions of the face.

6 Experimental Validation

6.1 Experimental setting

To establish a benchmark for volumetric ME-AU detection, we propose two
validation procedures using the 3D data available in the extended 4DME dataset,
and in CASME3.
Validation Within the 4DME Dataset. The within-dataset evaluation adopts
a Leave-One-Subject-Out (LOSO) protocol on the extended and cleaned 4DME
dataset. Each subject defines one fold, ensuring strict subject-independent as-
sessment consistent with established practice in micro-expression analysis. Vol-
uME is evaluated alongside the two existing 3D ME-AU detection approaches,
CCDN [9] and RGBD AlexNet [8]. Evaluation is restricted to a predefined subset
of commonly studied Action Units to ensure comparability with prior work. The
selected AUs are listed in Tab. 1.
Cross-Dataset Validation. Cross-dataset evaluation follows a Leave-One-Dataset-
Out (LODO) protocol. Models are trained on one dataset and evaluated on the
other, thereby assessing robustness to inter-dataset domain shift. For CASME³,
we use Part C of the dataset, collected under the mock crime paradigm, due
to its improved ecological validity and reliability of elicitation [8]. The AU sub-
set matches the within-dataset protocol, with the exception of AU6, which is
excluded due to missing annotations.
Task-Aware Compression Validation. Task-aware compression evaluation
extends the 4DME LOSO protocol to compressed data. VoluME is assessed
across four compression levels using Draco [4] and three levels using V-PCC [3],
as described in Sec. 4. This allows direct measurement of the effect of geometric
and color distortion on downstream AU detection.
Validation Metrics. Performance is primarily evaluated using the pooled bi-
nary F1-score (BF1), computed over the complete set of predictions under the
LOSO and LODO protocols. As shown in [24], pooling predictions across folds
provides a more reliable estimate of model performance by reducing sensitivity
to fold-level variance. To assess the impact of compression on AU information,
we report the AU-wise macro average of the F1 (macro-F1). While macro-F1
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is less representative of overall model performance due to its equal weighting of
classes, it is better suited for evaluating data quality in this context. By treating
all AUs equally, it provides a clearer indication of whether AU signals remain
detectable after compression, independently of class imbalance.

6.2 Results

Within-Dataset Results. In Tab. 5 are reported the results of the models
using the LOSO validation protocol. Across folds, VoluME consistently outper-
forms the benchmarked 3D baselines, highlighting the effectiveness of input-level
spatio-temporal fusion through optical flow and the complementary feature-level
fusion of geometric and visual streams. Among the proposed variants, SSSNet
achieves the highest overall performance, while STSTNet yields competitive re-
sults and surpasses SSSNet on selected AUs. Using the SSSNet feature extrac-
tor, VoluME reaches a mean binary F1-score of 0.475 across folds, establishing
a reference baseline for volumetric ME-AU detection under subject-independent
evaluation. Performance remains heterogeneous across AUs. In particular, AU17
exhibits near-zero F1-scores, which can be attributed to its limited prevalence
in the dataset: only six subjects contain positive AU17 samples, typically in one
or two sequences. This extreme class sparsity makes subject-invariant modeling
of AU17 especially challenging in the LOSO setting.
Cross-Dataset Results. In Tab. 6 are reported the results of the models using
the LODO validation protocol. Overall, VoluME (SSSNet) remains the strongest
performer, though the performance gap between VoluME and other models is
reduced compared to the LOSO experiments. This convergence reflects the in-
herent challenges of domain adaptation, as the CASME3 sequences exhibit lower
geometric fidelity and more reconstruction artifacts, which increase variability
during training. Notably, VoluME(STSTNet) and VoluME(Off-ApexNet) show a
larger drop in performance under these conditions, highlighting their sensitivity
to noisy or lower-quality data. Interestingly, the RGBD-AlexNet baseline slightly
outperforms these two VoluME variants in this cross-dataset setting. This can be
attributed to its input-level fusion of RGB and depth channels, which partially
compensates for the degraded or incomplete geometry in CASME3 samples. In
contrast, our feature-level fusion strategy is designed to extract finer-grained
spatio-temporal representations and is therefore better suited to cleaner, higher-
fidelity datasets, where subtle facial deformations can be captured more effec-
tively. These findings underscore the complementary strengths of input- and

Table 5: LOSO F1 score on the extended 4DME volumetric data. Best result per-AU
is underlined, best result overall is bolded.

Model AU1 AU2 AU4 AU6 AU7 AU12 AU17 AU45 BF1
RGBD AlexNet [8] 0.111 0.182 0.264 0.200 0.371 0.452 0.000 0.000 0.323
CCDN [9] 0.130 0.255 0.361 0.000 0.323 0.304 0.000 0.085 0.336
VoluME (Off-ApexNet) 0.283 0.291 0.247 0.071 0.398 0.457 0.039 0.210 0.397
VoluME (STSTNet) 0.279 0.311 0.511 0.117 0.402 0.474 0.073 0.145 0.424
VoluME (SSSNet) 0.344 0.327 0.467 0.189 0.383 0.424 0.000 0.452 0.475
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Table 6: LODO F1 score on our two volumetric datasets. Best result per-AU is
underlined, best result overall is bolded.

Model AU1 AU2 AU4 AU7 AU12 AU17 AU45 BF1
RGBD AlexNet [8] 0.223 0.367 0.600 0.088 0.119 0.000 0.167 0.318
CCDN [9] 0.033 0.338 0.530 0.080 0.105 0.125 0.187 0.274
VoluME (STSTNet) 0.294 0.309 0.420 0.378 0.000 0.058 0.068 0.282
VoluME (Off-ApexNet) 0.222 0.305 0.506 0.000 0.362 0.070 0.227 0.308
VoluME (SSSNet) 0.197 0.386 0.425 0.483 0.465 0.066 0.165 0.387

feature-level fusion: the former provides robustness against noisy inputs, while
the latter enhances discriminative power when high-quality 3D data is available.
Task-focused Compression Evaluation. To assess the impact of compres-
sion on downstream performance, we evaluate the VoluME models on Draco
and V-PCC decoded sequences across multiple compression levels (Table 7).
As expected, detection performance decreases with increasing geometric and
visual degradation. In particular, V-PCC R1 and Draco QP6–QP7 introduce
distortions that substantially affect ME-AU detection accuracy. At higher fi-
delity settings (Draco QP9 and V-PCC R2/R3), performance remains stable,
with F1-score variations limited to approximately 1% relative to the original
data. Notably, despite achieving significantly higher compression ratios, V-PCC
maintains and even improves detection performance compared to Draco. These
results indicate that V-PCC offers a more favourable trade-off between compres-
sion efficiency and task preservation for 3D micro-expression analysis.
Ablation study of VoluME components To validate the main design choices
of VoluME under both LOSO and LODO evaluation protocols. We evaluate
the single-stream RGB and depth variants of VoluME, input-level instead of
feature-level fusion, and removal of optical strain. Results are reported in ta-
ble 8. Combining RGB and depth motion consistently improves performance
over single-stream variants, while feature-level fusion outperforms direct input
fusion, particularly under cross-dataset evaluation. Removing optical strain pro-
duces the largest degradation, confirming the importance of our dual optical flow
formulation compared to volume flow.

Table 7: LOSO macro-F1 comparison between uncompressed and compressed sets of
the volumetric 4DME data. Best result per codec is bolded

.
Compression VoluME (SSSNet) VoluME (STSTNet) VoluME (Off-ApexNet) Average
Uncompressed 0.386 0.375 0.305 0.356
VPCC R3 0.384 0.371 0.313 0.356
VPCC R2 0.382 0.346 0.304 0.344
VPCC R1 0.314 0.328 0.276 0.306
Draco QP9 0.376 0.336 0.345 0.352
Draco QP8 0.371 0.293 0.298 0.321
Draco QP7 0.367 0.293 0.272 0.308
Draco QP6 0.330 0.257 0.261 0.283
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Table 8: Ablation study of the VoluME design choices under within- and cross-dataset
evaluation. Best results are bolded.

Our Method RGB-only Depth-only Input Fusion No Strain
(VoluME-SSSNet) (Single stream) (Single stream) (RGB+Depth) (Dual-stream)

LOSO 0.485 0.405 0.364 0.396 0.364
LODO 0.389 0.300 0.312 0.217 0.175

7 Conclusion

This work revisits the volumetric component of 4DME and establishes a solid
foundation for 3D micro-expression analysis. Through a systematic characteri-
zation of geometric noise, we demonstrate that a substantial portion of the orig-
inal release does not satisfy the structural assumptions underlying automated
spatio-temporal modeling. By addressing these limitations, we recover previously
unusable sequences and extend the effective size and reliability of the volumetric
benchmark. Building upon this cleanFed and consolidated dataset, we intro-
duce the first cross-dataset evaluation protocol for volumetric ME-AU detection
and propose the VoluME family of models, achieving state-of-the-art detection
results using our spatio-temporal feature formulation, providing standardized
baselines for future research. Finally, we present a task- and perception-aware
validation of modern point cloud compression schemes, releasing a compressed
version of the 4DME data that achieves a 3000× reduction in storage with neg-
ligible downstream (≈ 1%) and perceptual (< 1%) performance degradation.
Together, these contributions transform the 4DME data from a partially con-
strained resource into a scalable and reproducible benchmark, enabling reliable
and storage-efficient volumetric micro-expression research.
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