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Abstract

For this study, we benchmark four open-source facial action estimators (OpenFace 3.0, OpenFace
2.2.0, Py-Feat, and PyAFAR) on the RIKEN facial expression database (N = 4,800 images), which is
annotated by facial intensity (0-5). Using multiple metrics, we evaluated their detection
performance. When using the subset of facial actions common across systems, the average Area
Under the Curve scores of the three modern systems were comparable (OpenFace 3.0 = .82; Py-
Feat = .83; PyAFAR = .82) and higher than OpenFace 2.2.0 (.75). Facial component-wise analyses
revealed systematic differences: OpenFace 3.0 performs best for eyebrow raises and mouth
opening; OpenFace 2.2.0 better captures frown/tension-related movements; and PyAFAR excels at
smile-related facial action units. These findings, which indicate that optimal tool choice is facial-
component-dependent, underscore the value of per-action units.
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Registration

No registration exists because the study solely compared existing systems using previously
collected data.

Materials

Accessible materials are the followings:

https://www.nature.com/articles/s41598-023-49209-8
https://github.com/CMU-MultiComp-Lab/OpenFace-3.0
https://github.com/TadasBaltrusaitis/OpenFace
https://pyafar.org/ https://py-feat.org/pages/intro.html|
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Data

https://osf.io/rddwz/overview?view_only=ac97a2f1ebb249b187ca25de9e8702a1
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Code

We cannot deposit the per-system execution pipelines because they depend on user-specific
computing environments. However, we have released the analysis code that computes all
benchmark metrics from precomputed system outputs.
https://osf.io/rddwz/overviewview_only=ac97a2f1ebb249b187ca25de9e8702a1
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Paper

Multiview Benchmark of Action Unit Detection with the RIKEN Facial
Expression Database

By: Shushi Namba

1. Introduction

Facial movements play a central role in coordinating social interaction, communicating not only
affect but also thoughts, appraisals, intentions, and action tendencies (Fernandez-Dols & Russell,
2017; Mandal & Awasthi, 2015). To provide a theory-neutral, anatomically grounded description of
the visible movements which constitute facial behavior, Ekman and colleagues developed the Facial
Action Coding System (FACS: Ekman, et al., 2002): this observer-based taxonomy minimizes
inference by cataloging facial movements without assigning psychological meaning. Complex
expressions are decomposed into combinations of elementary facial actions: Action Units (AUs).
Each AU is linked to the contraction of specific muscles. For example, activation of the zygomaticus
major, which elevates the lip corners, is coded as AU12, whereas contraction of the orbicularis oculi
(pars orbitalis), which raises the cheeks, is coded as AU6. The AUs analyzed for this study are
presented in Table 1. Manual FACS annotation has underpinned a large body of research
experimentation conducted to elucidate facial behavior and its psychological correlates (Ekman &
Rosenberg, 2005).

1. TABLEI Targeted AUs

Action Unit FACS Name (Description)
AU1 Inner brow raiser
AU2 Outer brow raiser
AU4 Brow lowerer
AU5 Upper lid raiser
AU6 Cheek raiser

AU7 Lid tightener
AU9 Nose wrinkler
AU10 Upper lip raiser
AU12 Lip corner puller
AU14 Dimpler

5/14



&2

— LIFECYCLE —

JOURNAL
AU17 Chin raiser
AU23 Lip tightener
AU24 Lip pressor
AU25 Lips part
AU26 Jaw drop

Manual FACS annotation is labor-intensive, motivating extensive work on automatic AU detection
(Ertugrul et al., 2020). Several open-source toolkits are used widely for this purpose, including
OpenFace 2.2.0 (Baltrusaitis et al., 2015; BaltruSaitis et al., 2018), PyFeat (Cheong et al., 2023), and
the Automated Facial Affect Recognition toolbox (AFAR: Ertugrul et al., 2019). In evaluations
conducted in 2021, OpenFace 2.2.0 outperformed AFAR and PyFeat on our benchmarks (Namba et
al., 2021; Namba et al., 2021). The ecosystem has evolved rapidly since then. Also, AFAR has been
redesigned with updated landmark estimation and inference pipelines as PyAFAR (Hinduja et al.,
2023). Moreover, PyFeat has undergone active development, with notable changes relative to its
2021 version (e.g., the default AU classifier was switched from SVM to XGBoost in December 2022).
Since its release, OpenFace 3.0 has reportedly surpassed OpenFace 2.2.0 in terms of performance
(Hu et al., 2025).

Given these developments, identifying which system currently offers the most effective AU
detection from an end-user’s perspective is crucially important. Accordingly, this study assesses
these toolkits systematically across multiple criteria using a database with expert manual AU
annotations: the RIKEN Facial Expression Database (Namba et al., 2023).

2. Methods

Details of materials, procedures, measures, and analysis are described with sufficient clarity to
support reproduction of our work.

2.1 The RIKEN Facial Expression database

The RIKEN Facial Expression Database comprises facial displays from 48 Japanese participants.
Each participant produced expressions for 25 personally experienced events spanning affective
valence and arousal. For a subset of five event types performed by eight expressers (four women
and four men), manual AU annotations were provided by a FACS-certified coder. Annotations cover
29 AUs, including lateralized codes (e.g., AU1Left, AU1Right). Available AUs were the following: 1LR,
2LR, 4LR, 5LR, 6LR, 7LR, 9, 10, 12LR, 14LR, 15LR, 17, 20LR, 23, 24, 25, 26, 27, and 43. Because the
evaluated toolkits do not output lateralized AUs, we collapsed laterality by taking, for each AU, the
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maximum of the left and right intensities; this choice prioritizes sensitivity to unilateral activations.
Each clip includes 120 frames. Therefore, 4,800 frames were analyzed in all.

2.2 OpenFace 2.2.0 and 3.0

We used OpenFace 2.2.0's default CE-CLM (Zadeh et al., 2017) landmarking pipeline. The AU
occurrence and intensity are estimated from dimensionality-reduced HOG appearance features in
combination with geometric shape features via linear-kernel support vector machines. The pre-
trained AU classifiers were trained on widely used corpora (e.g., SEMAINE, BP4D, DISFA, FERA2011,
UNBC-McMaster). For our setup, the available AUs were 17:1, 2,4,5,6,7,9, 10,12, 14,15, 17, 20,
23, 25, 26, and 45.

OpenFace 3.0 is a multitask deep architecture that integrates modern face detection and
alignment modules (Deng et al., 2020; Zhou et al., 2023) and which performs joint inference over a
unified facial representation. Its AU head refines predictions using feature-level relations among
AUs (e.g., graph-based propagation), which improves its accuracy and efficiency relative to
OpenFace 2.2.0 (Hu et al., 2025). For our setup, the available AUs were eight: 1, 2, 4, 6, 9, 12, 25,
and 26.

2.3 PyAFAR

PYyAFAR is an open-source Python toolbox for automated AU analysis. Its pipeline includes: (i) face
detection and individualized tracking (MediaPipe for dense landmarks [Lugaresi et al. 2019],
Facenet for re-identification [Schroff et al., 2015], with head pose estimated via a PnP solution
[Rocca et al., 2014]); (ii) face normalization using dlib; and (iii) AU occurrence and intensity
estimation using ResNet-50 models pre-trained on ImageNet and fine-tuned on BP4D+. The
released occurrence models cover 12 AUs. For this study, we analyzed AU occurrences for the
following: 1, 2,4,6,7,10, 12, 14,15, 17, 23, and 24.

2.4 Py-Feat

Py-Feat is an open-source Python toolkit that spans detection, preprocessing, analysis, and
visualization of facial expression data via a Detector and a “Fex” data module, enabling streamlined
workflows from frames to statistical summaries and plots. In the default configuration for low-level
detectors, Py-Feat includes widely used face and landmark models (e.g., RetinaFace for face
detection [Deng et al., 2020]; MobileFaceNet for 68-point landmarks [Chen et al., 2018]), which
provide inputs to downstream AU estimation. With emphasis on AU detection, Py-Feat implements
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gradient-boosted trees (“Feat-XGB") classifier to predict 20 AUs: AU 1, 2,4, 5,6,7,9, 10, 11, 12, 14,
15, 17, 20, 23, 24, 25, 26, 28, and 43.

2.5 Evaluation Metrics

We used two values: AU occurrence (probability of AUs; OpenFace3.0, PyAFAR, Py-feat) and AU
intensity (0-5; OpenFace2.2.0). Ground-truth labels were derived from manual FACS annotations
that included lateralized AUs. Because no evaluated systems output left/right laterality, we
collapsed laterality by taking, for each AU and frame, the maximum of left and right intensities.
Binary occurrence labels were then defined as intensity greater than 0. To contextualize class
imbalance, this report describes the positives (base rate) per AU as the proportion of frames
labeled present in the evaluation set. To reduce instability under severe class imbalance, our
primary analyses are restricted to AUs with base rates greater than or equal to.05 (i.e., at least 5%
positive frames); rarer AUs are omitted from the main results.

For each system, we consumed its native continuous outputs whenever available to avoid
thresholding artifacts. Outputs were evaluated using Pearson’s r, Spearman’s p, Concordance
Correlation Coefficient (CCC), Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), and
Quadratic-Weighted Kappa (QWK, 0-5). For QWK, continuous predictions were discretized by
rounding to the nearest integer on the 0-5 scale. Pearson’s r, which quantifies the strength of a
linear association between predictions and ground truth, is invariant to location/scale shifts.
Spearman’s p captures monotonic association based on ranks, reducing sensitivity to outliers and
nonlinearity. The Concordance Correlation Coefficient (CCC) evaluates absolute agreement by
combining correlation with penalties for bias and scale differences relative to the identity line.
Mean absolute error (MAE) and root mean squared error (RMSE) summarize error magnitudes in
the native 0-5 units: MAE averages absolute deviations, whereas RMSE (the square root of mean
squared error) emphasizes larger errors. Quadratic-Weighted Kappa (QWK, 0-5), which is
computed after rounding predictions to the nearest integer, is a chance-corrected measure of
agreement for ordered categories that assigns larger penalties to greater category discrepancies.
For r, p, CCC, and QWK, higher values indicate better performance (maximum = 1), whereas, for
MAE and RMSE, lower values indicate better performance (minimum = 0).

3. Results

Table 2 shows average values on the subset of AUs common across systems: AU 1, 2, 4, 6, and 12.
Bold entries indicate the best-performing value among systems for each AU-metric comparison.
The average AUC scores of the three modern systems were comparable (OpenFace 3.0 =.82, Py-
Feat =.83, PyAFAR =.82) and higher than OpenFace 2.2.0 (.75). With the exception of AUC, OpenFace
3.0 achieved the best overall performance among the four systems, yielding the highest
association and agreement scores (Pearson’s r, Spearman’s p, CCC, QWK) and the lowest
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deviation/error magnitudes (MAE, RMSE). PyAFAR and Py-Feat followed, whereas OpenFace 2.2.0
performed worse on the intersection of AUs shared across systems. Per-AU and per-system results
for all evaluation metrics are available via our OSF repository (link: https://osf.io/rddwz/?view_only =
ac97a2f1ebb249b187ca25de9e8702aT). One contributing factor is its markedly low accuracy for
eyebrow-raising AUs (AU1/2): OpenFace 2.2.0 achieved AUCs of.60 (AU1) and.62 (AU2). Aside from
PyAFAR's AU4 (AUC =.60), these were the only AUs with AUC <.70. Taken together, OpenFace 2.2.0
appears to struggle with upward eyebrow movements, whereas PyAFAR apparently has difficulty
with brow-lowering/frowning (AU4).

1. TABLEII Average Metrics Among Common AUs

System Pearson Spearman | CCC MAE RMSE QWK AUC
gge”Face 50 44 29 32 62 42 75
Openface | . 51 61 12 23 61 82
3.0

PYAFAR 51 44 45 12 24 44 82
Py-Feat 59 47 43 24 28 43 .83

Although OpenFace 3.0 achieved the highest overall performance on the set of AUs common to all
toolkits, system-specific strengths emerged at the level of individual AUs. OpenFace 2.2.0 was
strong for AU4 (r =.60, AUC =.77), AU7 (r =.68, AUC =.85), and AU17 (r =.58, AUC =.86). By contrast,
PyAFAR excelled for AU6 (r =.80, AUC =.83) and AU12 (r =.77, AUC =.87). Py-Feat did not exhibit a
clear AU for which it outperformed the others. Consistent with its overall strength, OpenFace 3.0
showed particularly strong results for AU1 (r =.65, AUC =.82) and AU2 (r =.75, AUC =.88). It was
markedly superior for AU25 (r =.85, AUC =.96).

With respect to AUs often discussed in relation to emotion categories, AU5 (upper-lid raiser;
“surprise”) is produced only by OpenFace 2.2.0 (r =.13; AUC =.59) and Py-Feat (r =.25; AUC =.66) in
our setup. Its performance was modest for both. AU9 (nose wrinkler; “disgust”) is available from
OpenFace 2.2.0, OpenFace 3.0, and Py-Feat; here OpenFace 3.0 performed best, but its absolute
accuracy was lower than for the other described AUs (r =.24, AUC =.71).

4. Discussion

This study provides a contemporary evaluation of four open-source AU detection systems on an
expert-annotated dataset. On the subset of AUs shared across systems, the three modern toolkits
(OpenFace 3.0, PyAFAR and Py-Feat) exhibited comparable discrimination (AUC =.82—.83), clearly
exceeding OpenFace 2.2.0 (AUC =.75). Beyond discrimination, however, OpenFace 3.0 consistently
achieved stronger association and agreement with ground truth (higher r, p, CCC, QWK) and lower
error magnitudes (MAE, RMSE), indicating not only that it separates positive from negative frames
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well, but also that its continuous scores track annotated intensity more faithfully. This pattern
underscores the value of using a multi-metric lens: AUC can mask differences in calibration and
intensity sensitivity that are captured by correlation, concordance, and error metrics.

At the AU level, system-specific strengths emerged despite the overall strength of OpenFace 3.0. It
was particularly effective for eyebrow raises (AUs 1, 2) and for mouth opening (AUs 25, 26),
whereas OpenFace 2.2.0 performed well on brow tension/frown-related units (AUs 4, 7, and 17),
and PyAFAR excelled on smile-related units (AUs 6, 12). These differences probably reflect design
choices: OpenFace 3.0's modern detection/alignment (including STAR [Zhou et al., 2023]) and joint
inference appear to capture small vertical displacements (eyebrow raises) and aperture changes
(mouth opening) better. OpenFace 2.2.0's HOG+linear pipeline retains competitive sensitivity for
configurations dominated by shape/tension cues (e.g., AU4, 7, 17). Also, PyAFAR's strengths align
with smile-relevant musculature, which is consistent with its fine-tuning data which included smile-
elicitation-conditions (Namba et al., 2022). Together, these findings contraindicate a single “best”
toolkit and favor AU-dependent tool selection.

Methodologically, the study highlights that no single metric suffices. Discrimination (AUC) is
necessary but not sufficient. Association (Pearson’s r, Spearman’s p) and agreement (CCC, QWK)
reveal whether systems track the graded nature of AU intensity. Error metrics (MAE, RMSE) capture
practical deviations in the native 0-5 scale. For practitioners, the current study recommended
choosing of a toolkit with demonstrated strength on the target AUs rather than defaulting to a
single package: for example, OpenFace 3.0 for AU1/2/25/26, PyAFAR for AU6/12, and OpenFace
2.2.0, for which AU4/7/17 are crucially important.

Several limitations must be considered to temper generalization of this study’s findings. First, the
RIKEN database used for this study includes posed expressions from Japanese participants. Also,
crucially, our benchmark restricts analysis to near-frontal views. As a result, we did not assess
robustness to head-pose variation (yaw/pitch/roll) or camera angle. Performance in off-axis
conditions might therefore diverge from what this study shows. Second, AU annotations were
available for a subset of event types and expressers. Then we collapsed lateralized AUs by taking
the maximum of left-right intensities. This choice prioritizes sensitivity to unilateral activations, but
it also compresses subtle asymmetries and precludes evaluation of side-specific performance.
Third, the toolkits expose heterogeneous outputs (some provide occurrence probabilities, others
provide continuous intensity). For that reason, despite evaluation of all systems on continuous
outputs against a common 0-5 reference, residual scale mismatches might influence agreement
and error metrics. Finally, we did not probe robustness to occlusion or illumination changes, nor
did we evaluate cross-database transfer.

Future work should therefore extend evaluation to systematic head-pose manipulations (e.g.,
controlled bins of yaw/pitch/roll) and in-the-wild footage to quantify angle robustness and
ecological validity. A priority for model development is to produce lateralized AU outputs. This
production will require training on datasets that include left/right AU annotations, including the
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lateralized labels available in RIKEN or FEAFA+ (Gan et al., 2022). Moreover, it will require designing
inference heads that model side specificity explicitly. Beyond lateralization and pose, incorporating
temporal models that leverage dynamics rather than frame-wise inference, exploring per-AU
ensembling or calibration to combine complementary strengths across toolkits, and assessing
fairness/subgroup performance across age, gender, and ethnicity are expected to strengthen
practical deployment and scientific conclusions further.

Supporting Information

Supporting information files can be found here: https://osf.io/25z6d/files/w3jvs
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