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Abstract

Face Image Quality Assessment (FIQA) aims to estimate
the utility of facial images for reliable recognition. The
evaluation of FIQA methods is predominantly based on the
Error-versus-Discard Characteristic (EDC), which evalu-
ates performance by progressively discarding low-quality
samples and measuring recognition error on the retained
subset. In this work, we demonstrate that the widely used
EDC protocol has fundamental limitations: Test-Set Diver-
gence and Threshold Drift, which together limit the relia-
bility and comparability of FIQA methods. To address this,
we propose discard-based EDC variants and a rank-based
Rank Consistency Evaluation (RCE) metric that operates on
the entire test set without discarding samples, using a fixed
decision threshold. Extensive experiments on five datasets,
four face recognition models, and 15 state-of-the-art FIQA
methods demonstrate both the limitations of EDC and the
effectiveness of the proposed approaches in enabling a more
reliable and comparable evaluation. Despite evaluated on
face images only, the limitations arise from the EDC proto-
col rather than the biometric modality, suggesting a broader
applicability to biometric quality assessment in general.
Code: https://github.com/RAIB-group/RCE

1. Introduction
Face Image Quality Assessment (FIQA) plays a crucial

role in biometric systems, as the quality of face images di-
rectly affects the system performance, bias, and reliabil-
ity [18, 12, 30, 1]. In practical applications, FIQA is com-
monly used to discard low-quality samples that are likely
to cause verification errors during deployment. Moreover,
quality estimates can be integrated in the decision-making
process to improve performance [22, 19, 29]. Since FIQA
significantly affects the system, reliable evaluation of FIQA
methods is essential for real-world deployment.

The Error-versus-Discard Characteristic (EDC) is the
de facto standard protocol for evaluating FIQA methods,
where samples (images) are ranked by predicted quality and
low-quality samples are progressively removed [18, 12, 1].

The recognition error is measured on the remaining data,
typically using the false non-match rate (FNMR) and false
match rate (FMR), and a FIQA method is considered ef-
fective if discarding potentially poor-quality images quickly
reduces the error rate. However, despite its widespread use,
prior work identified notable limitations. Biometric sam-
ples lack a standardized ground truth and are assessed in-
directly via recognition performance [12]. The protocol is
also sensitive to parameters such as discard step size and in-
terpolation, while dataset and experimental variations hin-
der comparability across FIQA methods [27].

This study identifies two key limitations of EDC-based
evaluation that undermine the reliability and comparability
of FIQA methods. (1) During EDC computation, recog-
nition performance is evaluated on progressively different
datasets due to successive discards, leading to a steady de-
cline in comparability, which we term Test-Set Divergence.
(2) Additionally, recognition performance is computed not
only on different datasets but with a decision threshold
that is recomputed at each discard step, resulting in vari-
ous Threshold Drifts, where FIQA methods are compared
at substantially different operating points, further reducing
comparability. To address these limitations, we first propose
discard-based EDC variants, including fixed-threshold (FT-
EDC) and proportional pair discard (PPD-EDC), as well
as their combination (FT-PPD-EDC). Furthermore, we in-
troduce a Rank Consistency Evaluation (RCE) framework,
which shifts from discard-based to rank-based evaluation
by operating on the entire test set with a fixed decision
threshold and directly evaluating the correlation between
predicted quality and recognition errors to allow compara-
ble evaluations.

We demonstrate the limitations of EDC-based evaluation
and the effectiveness of the proposed alternatives in com-
prehensive experiments conducted across five datasets, four
face recognition (FR) models, and 15 state-of-the-art FIQA
methods. This extensive analysis provides a more reliable,
consistent, and comparable overview of current FIQA ap-
proaches and shows that the most recent methods, which
perform well under EDC-based evaluation, often perform
considerably worse under RCE-based evaluation.

https://github.com/RAIB-group/RCE


2. Background and Related Work
Biometric sample quality evaluation estimates a sam-

ple’s recognition utility by predicting verification errors [18,
12, 1]. In 2007, Grother et al. [12] introduced Error-versus-
Reject Curves (ERC), later formalized as the Error-versus-
Discard Characteristic (EDC), now the de facto standard for
biometric quality assessment and FIQA evaluation. EDC is
widely used in academic research and large-scale bench-
marks, including the NIST Face Recognition Vendor Test
(FRVT) [26].

In [27], EDC-based evaluation is shown to be sensitive
to discard step size, operating threshold, interpolation, and
score normalization. FIQA method rankings vary across
configurations: small discard steps reduce stability, while
linear interpolation and inappropriate normalization may
distort results. Utility-based evaluation [13, 14] defines
sample quality by its contribution to recognition perfor-
mance, typically based on the separation between mated
and non-mated score distributions. These approaches pro-
vide sample-wise quality estimates but are commonly eval-
uated using discard-based protocols.

Both EDC and utility-based approaches rely on discard-
based evaluation, where the test set changes with the discard
rate, limiting comparability across methods and demon-
strating the need for more reliable evaluation methods.

3. Limitations of the Error-versus-Discard
Characteristic (EDC)

EDC is the de facto protocol for evaluating FIQA meth-
ods, but its discard-based process introduces key limita-
tions. Different FIQA methods operate on distinct retained
subsets, causing Test-Set Divergence. The decision thresh-
old is recomputed at each discard step to maintain the target
FMR, resulting in Threshold Drift. Together, these effects
reduce evaluation stability and comparability (Fig. 1).

3.1. Test-Set Divergence

In EDC, a FIQA method assigns a quality score to each
sample and progressively removes the lowest-quality sam-
ples. Because different FIQA methods produce different
scores, they retain and discard different subsets of samples.
Even at the same discard rate, two methods eliminate dif-
ferent sample sets. As a result, the retained test sets are not
directly comparable from the first discard step. This diver-
gence grows with each subsequent step.

Moreover, discarding samples does not affect genuine
and impostor pairs uniformly. A sample belonging to an
identity with many images contributes to more genuine
pairs than a sample from a sparsely represented identity.
Consequently, even when two low-quality samples have
identical true quality and generate the same number of mis-
matches, removing the sample from the more populated

identity eliminates far more genuine comparisons than re-
moving the sample from the sparsely populated identity,
leading to different EDC results. Because FNMR is the
proportion of genuine attempts incorrectly rejected by the
system, discarding a sample that contributes many genuine
pairs has a larger effect on the observed FNMR. In this
sense, EDC implicitly rewards FIQA algorithms that as-
sign low-quality scores to samples from under-represented
identities, since their removal has little effect on the over-
all FNMR. An analogous argument applies to impostor
pairs. This implies that test-set characteristics, such as the
genuine-to-impostor ratio, may differ across FIQA meth-
ods. As discarding proceeds, these differences in the re-
tained test sets and their statistical properties grow, making
FIQA methods increasingly difficult to compare.

EDC’s sample-dependent discarding process gener-
ates divergent test sets with differing genuine-impostor
ratios, which bias verification error rates and make
FIQA methods progressively incomparable.

3.2. Threshold Drift

In EDC, at each discard step, the decision threshold is
recomputed to maintain a target FMRtarget. As samples are
removed, the similarity score distributions of both genuine
and impostor pairs change with the discard rate r, affecting
the operating threshold, which is defined as

τ(r) = argmin
τ

|FMRr(τ)− FMRtarget| , (1)

where FMRr(τ) is computed at threshold τ using the re-
tained impostor pairs Ir at discard rate r.

As the number of retained impostor pairs |Ir| decreases,
fewer FMR values close to the target FMR can be com-
puted. A lower threshold increases FMR by incorrectly ac-
cepting more impostor pairs, whereas a higher threshold de-
creases FMR but increases FNMR. This leads to instability
in the threshold computation, where small changes in the
retained data can cause noticeable shifts in the threshold,
leading to a noisy threshold selection.

More importantly, despite threshold-selection instability,
recomputing the threshold at each discard step leads to a
Threshold Drift, as the decision threshold is constantly drift-
ing due to the shrinking comparison score distributions. As
these score distributions change differently for every FIQA
method, the drift is inconsistent across FIQA methods.

EDC’s per-step threshold recomputation causes
method-specific threshold drift and instability due to
shifting score distributions, making FIQA evaluations
noisy and less comparable, as methods are compared
at completely different operation points.



Discard
Rate

Test-Set Divergence Threshold Drift

FIQA 1 FIQA 2 FIQA 1 FIQA 2

0%

25%

50%

t=0.20

s

t=0.20

s

t=0.10

s

t=0.05

s

t=0.15

s

t=0.10

s

𝐼 𝐺

𝐼

𝐼

𝐺

𝐺

𝐺

𝐺

𝐺

Final *****

𝐼

𝐼

𝐼

Figure 1. Limitations of the EDC Protocol. With increasing dis-
card rates the FIQA methods (a) are evaluated on progressively
different test sets (Test-Set Divergence) and (b) operate on com-
pletely different opertation points (Threshold Drift), leading to
limited comparability of different FIQA methods.

4. Methodology
To address the limitations of EDC: Test-Set Divergence

and Threshold Drift, we propose alternative evaluation
strategies. These include EDC extensions to allow for a
more gradual extension in the community without chang-
ing the entire framework and Rank Consistency Evaluation
(RCE) method the eliminates both limitations completely.

4.1. Fixed-Threshold EDC (FT-EDC)

To eliminate the threshold-drift problem inherent in the
standard EDC protocol, we adopt a single global decision
threshold, τ , computed once on the full test set. The thresh-
old is chosen so that the system operates at a predefined
FMR. After τ is fixed, all subsequent discard steps reuse the
same threshold: for each discard rate r, the lowest-quality
samples are removed, and the FNMR and FMR are recom-
puted using the fixed τ . This guarantees that the decision
boundary remains identical across all discard levels.

Because FNMR and FMR change jointly as r varies, we
summarise them with a single scalar metric, the Combined
Error Rate (CER):

CER(r) = λ FMR(r) + (1− λ) FNMR(r),

where λ ∈ [0, 1] governs the relative importance of the two
error types. In the present study, we set λ = 0.5, assign-
ing equal weight to false matches and false non-matches,
which follows the balanced evaluation used in [9]. While
the FT-EDC scheme solves the Threshold Drift intuitively,
its biggest drawback is the need to choose the importance
trade-off λ based on the expected error rate magnitude and
its intended application.

4.2. Proportional Pair Discard EDC (PPD-EDC)

In EDC, progressive discard of low-quality samples al-
ters the composition of genuine and impostor pairs. Dis-

carding low-quality samples can remove a different propor-
tion of genuine and impostor pairs, thereby affecting the
class distribution of the retained set and the associated er-
ror computation for the EDC curve. To address this issue,
a proportional pair discard (PPD) EDC strategy is proposed
that ensures a constant genuine-to-imposter ratio.

More precisely, PPD-EDC replaces only the discard
mechanism of the original EDC procedure. Let each im-
age i in the verification set be assigned a quality score Qi.
For a verification pair (i, j), we define the pair quality as
qij = min{Qi, Qj}. All genuine pairs are collected in G
and all impostor pairs in I, with |G| = G and |I| = I . Both
G and I are sorted in ascending order of qij . For a chosen
discard rate r ∈ [0, 1], the number of pairs to be removed is
k = r (G+ I). The removal is performed proportionally to
preserve the original genuine-to-impostor ratio:

kG =

⌊
k · G

G+ I

⌉
, kI = k − kG, (2)

The kG genuine pairs and kI impostor pairs with the lowest
pair quality are discarded. The remaining pairs form the test
set and are used to compute the recognition error for discard
rate r, as in the standard protocol. While this procedure
tackles a part of the Test-Set Divergence, it still suffers from
Threshold Drift and relies on the definition of pair quality.

4.3. Fixed-Threshold Proportional Pair Discard
EDC (FT-PPD-EDC)

While the FT-EDC addresses a problem in the error com-
putation, PPD-EDC tackles a problem in the discarding
step. Both approaches can be combined into the Fixed-
Threshold Proportional Pair Discard EDC (FT-PPD-EDC).
FT-PPD-EDC follows the proportional pair discard proce-
dure from PPD-EDC (Sec. 4.2) and combines it with the
error computation based on a fixed threshold (Sec. 4.1).
While this integrates the strengths of both methods, it also
carries forward their individual limitations.

4.4. Rank Consistency Evaluation (RCE)

To overcome the limitations of discard-based evaluation
entirely, we propose a Rank Consistency Evaluation (RCE)
evaluation framework, illustrated in Figure 2. RCE first
ranks the samples of the test set based on their matching
errors, second, it computes a rank based on their assigned
FIQA values and lastly measures the similarity between
both rankings in a weighted fashion.

Let X = {x1, x2, . . . , xN} denote a set of N face im-
ages, with genuine (G) and impostor (I) pair sets. Given a
similarity function s(i, j) and a fixed threshold τ , the error
contribution

Ei =
∣∣{(i, j) ∈ G | s(i, j) < τ}

∣∣+ ∣∣{(i, j) ∈ I | s(i, j) ≥ τ}
∣∣.

of an image i is defined over the number of false non-
matches and false matches it produces.



Images are ranked based on E(i), where higher values
indicate higher error contribution. When multiple images
have identical error values in the ranking, a margin-based
tie breaking is applied based on the separability of the im-
age with its involved genuine and imposter pairs. More
precisely, for each image i, the minimum similarity score
among genuine pairs and the maximum similarity score
among impostor pairs are computed

smin
G (i) = min

(i,j)∈G
s(i, j), smax

I (i) = max
(i,j)∈I

s(i, j), (3)

and its margin is calculated

m(i) = smin
G (i)− smax

I (i). (4)

Among samples with equal error contribution, images with
smaller margins are considered more error-prone and are
therefore assigned lower ranks, as smaller margins indicate
weaker separation between genuine and impostor scores
and higher ambiguity in the decision boundary.

This process defines the reference ranking RE(i) =
rank(E(i)), where higher ranks correspond to higher error
contribution. The ranking derived from recognition errors is
treated as the reference for the quality, as it directly reflects
the utility of an image for recognition: higher error con-
tributions correspond to lower quality. A FIQA model as-
signs a quality score Q(i), which induces a predicted rank-
ing RQ(i) = rank(Q(i)).

Finally, the proposed RCE metric

RCE = 1−
6
∑

i∈I w(i) (RE(i)−RQ(i))
2

(N2 − 1)
∑

i∈I w(i)
, (5)

measures agreement between the predicted ranking and the
reference ranking in a weighted fashion, similar to Spear-
man correlation. A high RCE value refers to a very suc-
cessful FIQA algorithm that can reproduce the error-based
ranking successfully, while a low RCE refers to a FIQA al-
gorithm that assigns quality values randomly.

To account that, depending on the application, low-
quality images might have a greater impact on face recog-
nition systems, a weighting factor

w(i) =

(
RE(i)

N

)γ

, (6)

is introduced that describes the importance that is assigned
to each sample i. Here, γ controls the degree of weight-
ing. A high γ value indicates high weighting for low-quality
samples, while γ = 0 leads to uniform weights and simpli-
fies the RCE metric to the standard Spearman correlation.

While RCE eliminates Test-Set Divergence and Thresh-
old Drift, as a ranking-based metric it captures only rela-
tive ordering and does not account for absolute error magni-
tudes; moreover, it depends on the chosen decision thresh-
old that determines error contributions, the underlying FR
model, and the weighting parameter γ.
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Figure 2. Visualization of the RCE framework. In Rank Con-
sistency Evaluation (RCE), the reference ranking is constructed
from recognition errors in the test set, with ties resolved based on
the maximum imposter-minimum genuine margin. The final RCE
score is computed as the weighted rank correlation between the
reference ranking and the ranking based on the FIQA predictions.

5. Experiments Setup

Experiments are organized into two parts: (1) analysis of
EDC limitations and (2) evaluation of EDC-based protocols
and the RCE framework.

Analysis of EDC limitations: To evaluate Test-Set Di-
vergence, experiments are reported on the Adience [11],
LFW [17], and XQLFW [20] datasets and are independent
of any FR model. FIQA methods from different recent
and representative approaches are considered, including su-
pervised regression (FaceQnet [16]), unsupervised estima-
tion (SER-FIQA [31]), recognition-based estimation (CR-
FIQA [7]), and diffusion-based estimation (eDifFIQA [6]).
Pairwise comparisons of FIQA methods measure sample-
set and pair-set overlap across discard rates, showing differ-
ences in the retained evaluation subsets.

To analyze Threshold Drift, ten recent and representa-
tive FIQA methods are evaluated across four approaches:
supervised regression (FaceQnet [16], FaceQAN [4]), un-
supervised estimation (SER-FIQA [31], SDD-FIQA [23]),
recognition-based methods (CR-FIQA [7], FROQ [3],
CLIB-FIQA [24], GraFIQs [21]), and diffusion-based ap-
proaches (eDifFIQA [6], DifFIQA [5]). The decision
threshold is recomputed at each discard level to maintain
FMR = 10−3, following standard EDC protocol.

Evaluation of EDC-based protocols and RCE: EDC-
based evaluation includes four variants: EDC, FT-EDC,
PPD-EDC, and FT-PPD-EDC. These are evaluated on 15
state-of-the-art FIQA methods across five widely used
datasets with diverse challenges, including age vari-
ations (Adience [11], CALFW [33]), pose variations
(CPLFW [32]), and unconstrained conditions (LFW [17])
and quality degradation (XQLFW [20]). To assess the in-
fluence of face recognition models on FIQA evaluation,
experiments are conducted on four models: three CNN-
based (ArcFace [10], MagFace [22], AdaFace [19]) and one



transformer-based (SwinFace [25]). All CNN models use
the ResNet-100 backbone, whereas SwinFace uses the Swin
Transformer [25]. All models are trained on WebFace12M1

and MS1MV22. Recognition performance is evaluated at
FMR = 10−3 as per the Frontex guidelines. For compar-
ison, pAUC is computed over the 0%–30% discard range,
where lower values indicate better FIQA performance.

The RCE evaluation uses the same setting as the EDC-
based methods for direct comparability, with γ = 0 and
γ = 3 representing uniform and increased importance on
low-quality samples, respectively.

6. Results
6.1. Analyzing Discard-Based Evaluation Protocols

To evaluate the EDC-based variants, Test-Set Divergence
and Threshold Drift are analyzed to assess their effect on the
consistency and comparability of FIQA evaluation.

Test-Set Divergence: We quantify Test-Set Divergence
under discard-based evaluation by measuring how much the
retained test data overlap when two different FIQA methods
are applied at the same discard level. Figures 3 and 4 plot,
as a function of the discard rate, the proportion of samples
(Fig. 4) and sample pairs (Fig. 3) that remain in the test set
for each pair of FIQA methods. The overlap monotonically
declines as the discard rate increases, indicating that each
FIQA algorithm preserves an increasingly distinct subset
of the data at a given discard threshold. This effect is es-
pecially pronounced at the pair level, because discarding a
single sample eliminates all pairs that involve that sample.
The same pattern is observed for both the standard discard
scheme (EDC) and the proportional-pair discard scheme
(PPD-EDC). The corresponding overlap curves are nearly
identical. Consequently, different FIQA methods operate
on largely different retained samples and pairs, leading to
test-set divergence and limiting the direct comparability of
their performance.

Threshold Drift: In the EDC evaluation protocol, the
decision threshold is recomputed after each discard step
to ensure the retained subset meets the target FMR. Fig-
ure 5 shows how this threshold varies with the discard
rate for various FIQA methods, datasets, and FR models.
The threshold changes continuously as more samples are
discarded: lowering the threshold raises the FMR, while
raising it reduces the FMR. Consequently, if the thresh-
old obtained at a given discard level is applied to the full
(un-discarded) test set (shown in Figure 5 in red), the result-
ing FMR can deviate dramatically from the intended oper-
ating point—often by several hundred percent. This behav-
ior is observed for both the standard-discard scheme (EDC)
and the proportional-pair discard scheme (PPD-EDC), indi-

1https://github.com/mk-minchul/AdaFace
2https://github.com/deepinsight/insightface

cating that the operating point shifts with the discard level.
As a result, different FIQA methods end up operating at
substantially different operation points, which significantly
limits the direct comparability.

EDC-based Evaluation: To evaluate the proposed
EDC-based variants with the standard protocol, Table 1 re-
ports the performance of FIQA methods across five datasets
under four EDC-based protocols. The results show that
the relative ranking of FIQA methods is highly consistent
across all protocol variants. FROQ achieves the best aver-
age rank across all protocols, followed by the CLIB-FIQA
and eDifFIQA (L) and (M) or ViT-FIQA, while methods
such as FaceQnet and FaceQGen consistently rank lower.

Across EDC, FT-EDC, PPD-EDC, and FT-PPD-EDC,
the relative ranking of FIQA methods remains largely con-
sistent. Although the numerical values of FNMR and CER
differ slightly across protocols, these variations do not result
in significant changes in ordering.

This stability, however, does not mitigate fundamental
limitations inherent to discard-based evaluation. All EDC
variants, including the adapted protocols, suffer from Test-
Set Divergence and Threshold Drift. Consequently, despite
consistent ordinal performance, the absolute reliability of
FIQA comparisons remains compromised, as methods op-
erate on non-identical test subsets under non-equivalent de-
cision thresholds.

6.2. Analyzing Rank-Based Evaluation Protocol

Since even refined EDC variants fail to resolve the fun-
damental limitations of discard-based evaluation, such as
Test-Set Divergence and Threshold Drift, we propose Rank
Consistency Evaluation (RCE) as a fundamentally different,
ranking-based evaluation framework for FIQA.

To assess state-of-the-art FIQA methods under stable,
comparable conditions, Table 2 reports RCE scores under
two weighting schemes: γ = 0 (equal sample importance)
and γ = 3 (higher weight on low-quality samples). Cru-
cially, RCE evaluates all methods on the full test set us-
ing a single, fixed decision threshold computed at the tar-
get FMR. This eliminates sample discarding and threshold
drift, ensuring that all FIQA methods are assessed under
identical conditions; in stark contrast to EDC-based proto-
cols, which vary test sets and operating points with each
discard step.

As a result, the observed ranking of FIQA methods is
protocol-dependent. Compared to Table 1 (EDC-based),
RCE yields markedly different orderings: methods that lead
under EDC, such as FROQ, drop to mid-tier performance
across all FR models under RCE. Conversely, eDifFIQA (L)
emerges as the most consistent and top-performing method
under RCE, achieving the best average rank across both
γ settings. CLIB-FIQA remains strong under both proto-
cols, while FaceQnet consistently ranks low. Notably, re-

https://github.com/mk-minchul/AdaFace
https://github.com/deepinsight/insightface
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Figure 3. Retained Pair-Set Overlap under EDC. The plots quantify the pairwise overlap between the test sets of sample pairs retained
by different FIQA methods at increasing discard rates. The rapid decline in overlap demonstrates that, under EDC, each method operates
on increasingly disjoint subsets of the test data.
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Figure 4. Retained Sample-Set Overlap under EDC. Proportion of samples that remain common to the test sets of two FIQA methods
as a function of the discard rate. As with the pair-level analysis, the overlap declines sharply after the initial discards, indicating that each
FIQA method retains a markedly different subset of the data when evaluated using the EDC protocol.
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Figure 5. Threshold Drift under EDC. The plots show how the decision threshold evolves with increasing discard rate across datasets and
face recognition models. To quantify its impact, the threshold shifts are translated into corresponding changes in FMR on the full dataset.
The results show that EDC drives different methods to operate at substantially different decision points, undermining direct comparability.

cent 2025 methods, including FROQ [3] and ViT-FIQA [2],
which excel under EDC, fall to mid- or lower-rank positions
under RCE. This demonstrates that performance gains un-
der discard-based evaluation do not necessarily reflect ro-
bust, generalizable quality assessment.

In summary, RCE provides a more stable, comparable
evaluation environment by design; avoiding the variability
inherent in EDC, and thus, offers a more reliable basis for
ranking FIQA methods.

7. Conclusion

This work shows that the widely used EDC protocol for
FIQA evaluation suffers from two intrinsic flaws: Test-Set
Divergence and Threshold Drift, which create inconsistent

test sets and operating points across FIQA methods and
thus undermine benchmark reliability. Extensive experi-
ments show that the standard EDC, as well as our proposed
EDC variants, remain limited. To overcome these issues,
we introduce Rank Consistency Evaluation (RCE), which
evaluates the entire test set with a fixed decision thresh-
old and measures the rank-based correlation between pre-
dicted quality and recognition errors. Extensive experi-
ments across multiple FR models, datasets, and FIQA meth-
ods show that RCE produces markedly different rankings:
recent state-of-the-art approaches that top EDC rankings
perform substantially worse under RCE, revealing that EDC
overestimates the effectiveness of certain solutions. We
therefore recommend adopting rank-based metrics, such as
RCE, for future evaluations to ensure reliability and com-
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FR FIQA
Adience [11] CALFW [33] CPLFW [32] LFW [17] XQLFW [20] Summary

RCE RCE RCE RCE RCE RCE Avg. Rank
α = 0 α = 3 α = 0 α = 3 α = 0 α = 3 α = 0 α = 3 α = 0 α = 3 α = 0 α = 3

A
da

Fa
ce

[1
9]

FaceQnet [16] (19) 0.1567 (19) -0.2040 (18) 0.3071 (18) -0.2243 (18) 0.3074 (18) -0.1837 (13) 0.2966 (15) -0.3566 (18) -0.0369 (19) -0.4971 (14) 17.20 (16) 17.80
SER-FIQA [31] (1) 0.3534 (1) 0.1773 (17) 0.3102 (17) -0.2149 (17) 0.3497 (17) -0.0747 (9) 0.3049 (6) -0.2590 (3) 0.0178 (3) -0.3919 (6) 9.40 (6) 8.80
PFE [28] (12) 0.2251 (12) 0.0030 (8) 0.3350 (9) -0.1182 (14) 0.3612 (12) -0.0196 (17) 0.2858 (16) -0.3818 (10) -0.0013 (8) -0.4276 (12) 12.20 (11) 11.40
MagFace [22] (10) 0.2519 (6) 0.0906 (4) 0.3392 (4) -0.1100 (13) 0.3632 (11) -0.0127 (11) 0.2996 (13) -0.3211 (19) -0.0594 (18) -0.4879 (11) 11.40 (10) 10.40
SDD-FIQA [23] (16) 0.1816 (13) -0.0472 (7) 0.3361 (7) -0.1159 (10) 0.3644 (9) -0.0057 (7) 0.3071 (9) -0.2871 (16) -0.0194 (12) -0.4530 (10) 11.20 (9) 10.00
LightQNet [8] (7) 0.2725 (5) 0.1122 (5) 0.3368 (6) -0.1134 (15) 0.3581 (15) -0.0323 (15) 0.2947 (10) -0.3114 (12) -0.0068 (13) -0.4596 (9) 10.80 (8) 9.80
FaceQGen [15] (11) 0.2451 (10) 0.0238 (16) 0.3137 (16) -0.1992 (16) 0.3554 (16) -0.0337 (3) 0.3148 (3) -0.2270 (1) 0.0237 (2) -0.3769 (6) 9.40 (7) 9.40
FaceQAN [4] (15) 0.1968 (14) -0.0514 (14) 0.3265 (14) -0.1502 (9) 0.3669 (8) -0.0050 (10) 0.3012 (11) -0.3131 (15) -0.0157 (14) -0.4596 (13) 12.60 (15) 12.20
CR-FIQA (L) [7] (6) 0.2757 (11) 0.0093 (11) 0.3330 (11) -0.1350 (8) 0.3690 (10) -0.0107 (12) 0.2986 (14) -0.3238 (13) -0.0128 (15) -0.4616 (7) 10.00 (15) 12.20
DifFIQA [5] (13) 0.2236 (15) -0.0518 (9) 0.3343 (8) -0.1169 (7) 0.3714 (6) 0.0061 (5) 0.3122 (4) -0.2526 (4) 0.0124 (4) -0.4044 (4) 7.60 (5) 7.40
DifFIQA (R) [5] (14) 0.2145 (17) -0.0632 (13) 0.3288 (12) -0.1378 (4) 0.3767 (4) 0.0210 (18) 0.2814 (18) -0.3973 (7) 0.0062 (9) -0.4338 (10) 11.20 (14) 12.00
CLIB-FIQA [24] (4) 0.3295 (4) 0.1214 (2) 0.3396 (2) -0.1011 (3) 0.3791 (3) 0.0304 (14) 0.2950 (12) -0.3204 (5) 0.0098 (6) -0.4174 (3) 5.60 (4) 5.40
GraFIQs [21] (8) 0.2724 (9) 0.0730 (15) 0.3210 (15) -0.1718 (12) 0.3637 (13) -0.0209 (4) 0.3124 (8) -0.2752 (6) 0.0079 (7) -0.4202 (5) 9.00 (10) 10.40
eDifFIQA (S) [6] (5) 0.3102 (8) 0.0786 (6) 0.3364 (5) -0.1101 (5) 0.3751 (5) 0.0178 (2) 0.3178 (2) -0.2184 (9) -0.0003 (5) -0.4123 (2) 5.40 (3) 5.00
eDifFIQA (M) [6] (2) 0.3461 (2) 0.1530 (1) 0.3466 (1) -0.0736 (2) 0.3818 (2) 0.0417 (8) 0.3053 (5) -0.2551 (14) -0.0130 (11) -0.4496 (2) 5.40 (2) 4.20
eDifFIQA (L) [6] (3) 0.3406 (3) 0.1524 (3) 0.3393 (3) -0.1059 (1) 0.3841 (1) 0.0519 (1) 0.3254 (1) -0.1688 (2) 0.0226 (1) -0.3663 (1) 2.00 (1) 1.80
FROQ [3] (17) 0.1757 (16) -0.0627 (12) 0.3299 (13) -0.1427 (6) 0.3724 (7) 0.0009 (6) 0.3090 (7) -0.2750 (11) -0.0052 (16) -0.4709 (8) 10.40 (13) 11.80
ViT-FIQA [2] (9) 0.2552 (7) 0.0816 (10) 0.3341 (10) -0.1274 (11) 0.3639 (14) -0.0243 (16) 0.2879 (17) -0.3844 (8) 0.0013 (10) -0.4451 (9) 10.80 (12) 11.60
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0]

FaceQnet [16] (18) 0.1914 (18) -0.0582 (18) 0.3075 (18) -0.2236 (18) 0.2969 (18) -0.1708 (15) 0.2959 (16) -0.3626 (15) -0.0481 (16) -0.4355 (17) 16.80 (17) 17.20
SER-FIQA [31] (1) 0.4056 (1) 0.3275 (17) 0.3138 (17) -0.2042 (17) 0.3463 (17) -0.0587 (6) 0.3123 (4) -0.2296 (3) -0.0126 (3) -0.3565 (7) 8.80 (6) 8.40
PFE [28] (12) 0.2629 (11) 0.1639 (10) 0.3379 (8) -0.1051 (15) 0.3655 (14) 0.0149 (18) 0.2884 (17) -0.3725 (9) -0.0310 (8) -0.3902 (14) 12.80 (13) 11.60
MagFace [22] (9) 0.3016 (5) 0.2635 (2) 0.3499 (4) -0.0690 (11) 0.3703 (12) 0.0291 (11) 0.3027 (11) -0.3096 (19) -0.0949 (19) -0.4528 (12) 10.40 (9) 10.20
SDD-FIQA [23] (16) 0.2128 (14) 0.0851 (12) 0.3358 (11) -0.1153 (13) 0.3693 (8) 0.0320 (9) 0.3099 (9) -0.2817 (17) -0.0551 (11) -0.4173 (15) 13.40 (10) 10.60
LightQNet [8] (8) 0.3201 (6) 0.2601 (13) 0.3344 (13) -0.1216 (16) 0.3603 (16) 0.0023 (16) 0.2943 (13) -0.3177 (11) -0.0399 (13) -0.4229 (14) 12.80 (14) 12.20
FaceQGen [15] (11) 0.2680 (12) 0.1393 (16) 0.3204 (16) -0.1738 (14) 0.3658 (9) 0.0320 (7) 0.3121 (6) -0.2419 (1) -0.0077 (2) -0.3468 (11) 9.80 (7) 9.00
FaceQAN [4] (15) 0.2239 (13) 0.0933 (15) 0.3302 (14) -0.1374 (9) 0.3737 (7) 0.0327 (13) 0.2997 (14) -0.3207 (16) -0.0510 (15) -0.4300 (16) 13.60 (15) 12.60
CR-FIQA (L) [7] (6) 0.3307 (10) 0.1934 (6) 0.3412 (7) -0.0926 (8) 0.3754 (11) 0.0297 (12) 0.3017 (12) -0.3138 (13) -0.0461 (14) -0.4275 (8) 9.00 (11) 10.80
DifFIQA [5] (13) 0.2412 (15) 0.0712 (8) 0.3389 (10) -0.1076 (6) 0.3789 (6) 0.0461 (3) 0.3240 (3) -0.2038 (4) -0.0234 (4) -0.3751 (5) 6.80 (5) 7.60
DifFIQA (R) [5] (14) 0.2333 (17) 0.0502 (9) 0.3379 (9) -0.1072 (4) 0.3870 (4) 0.0679 (14) 0.2971 (15) -0.3321 (6) -0.0287 (9) -0.4010 (10) 9.40 (11) 10.80
CLIB-FIQA [24] (4) 0.3811 (4) 0.2727 (4) 0.3487 (2) -0.0597 (3) 0.3872 (3) 0.0697 (10) 0.3037 (10) -0.2872 (5) -0.0239 (5) -0.3815 (2) 5.20 (3) 4.80
GraFIQs [21] (7) 0.3223 (7) 0.2377 (14) 0.3314 (15) -0.1425 (10) 0.3710 (13) 0.0286 (4) 0.3162 (8) -0.2608 (7) -0.0292 (7) -0.3893 (6) 8.40 (8) 10.00
eDifFIQA (S) [6] (5) 0.3598 (8) 0.2375 (7) 0.3408 (5) -0.0904 (5) 0.3826 (5) 0.0524 (2) 0.3246 (2) -0.1933 (10) -0.0362 (6) -0.3831 (4) 5.80 (4) 5.20
eDifFIQA (M) [6] (2) 0.3984 (3) 0.3067 (1) 0.3517 (1) -0.0479 (2) 0.3910 (2) 0.0846 (8) 0.3120 (5) -0.2319 (14) -0.0468 (12) -0.4176 (3) 5.40 (2) 4.60
eDifFIQA (L) [6] (3) 0.3964 (2) 0.3102 (3) 0.3489 (3) -0.0648 (1) 0.3930 (1) 0.0928 (1) 0.3346 (1) -0.1323 (2) -0.0094 (1) -0.3331 (1) 2.00 (1) 1.60
FROQ [3] (17) 0.2024 (16) 0.0628 (5) 0.3423 (6) -0.0925 (7) 0.3762 (10) 0.0313 (5) 0.3135 (7) -0.2570 (12) -0.0422 (17) -0.4374 (9) 9.20 (12) 11.20
ViT-FIQA [2] (10) 0.2970 (9) 0.2324 (11) 0.3374 (12) -0.1156 (12) 0.3699 (15) 0.0144 (17) 0.2892 (18) -0.3851 (8) -0.0295 (10) -0.4087 (13) 11.60 (16) 12.80
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FaceQnet [16] (18) 0.2057 (18) -0.0137 (18) 0.3037 (18) -0.2352 (18) 0.2924 (18) -0.1051 (14) 0.2917 (16) -0.3689 (13) -0.0766 (14) -0.4089 (15) 16.20 (15) 16.80
SER-FIQA [31] (2) 0.4087 (1) 0.3459 (16) 0.3231 (16) -0.1679 (17) 0.3523 (17) 0.0248 (6) 0.3076 (3) -0.2402 (2) -0.0391 (3) -0.3357 (5) 8.60 (6) 8.00
PFE [28] (11) 0.2825 (11) 0.2125 (10) 0.3333 (9) -0.1215 (14) 0.3728 (13) 0.0933 (18) 0.2820 (17) -0.3901 (8) -0.0602 (8) -0.3699 (13) 12.20 (12) 11.60
MagFace [22] (9) 0.3229 (4) 0.3111 (4) 0.3420 (5) -0.0971 (11) 0.3763 (10) 0.1066 (12) 0.2959 (14) -0.3309 (19) -0.1270 (19) -0.4302 (10) 11.00 (8) 10.40
SDD-FIQA [23] (16) 0.2319 (13) 0.1457 (14) 0.3303 (14) -0.1371 (12) 0.3763 (9) 0.1072 (9) 0.3045 (9) -0.2947 (17) -0.0824 (11) -0.3961 (14) 13.60 (11) 11.20
LightQNet [8] (7) 0.3364 (5) 0.3055 (13) 0.3309 (13) -0.1322 (15) 0.3660 (15) 0.0836 (15) 0.2888 (13) -0.3303 (11) -0.0697 (13) -0.4052 (13) 12.20 (13) 11.80
FaceQGen [15] (12) 0.2792 (12) 0.1758 (17) 0.3138 (17) -0.1909 (16) 0.3616 (16) 0.0811 (7) 0.3066 (6) -0.2591 (1) -0.0332 (2) -0.3322 (9) 10.60 (9) 10.60
FaceQAN [4] (14) 0.2387 (14) 0.1402 (8) 0.3344 (8) -0.1139 (8) 0.3849 (7) 0.1216 (10) 0.2982 (11) -0.3213 (16) -0.0822 (16) -0.4122 (11) 11.20 (11) 11.20
CR-FIQA (L) [7] (6) 0.3475 (10) 0.2329 (11) 0.3331 (11) -0.1223 (7) 0.3876 (8) 0.1179 (11) 0.2972 (12) -0.3256 (14) -0.0799 (17) -0.4141 (7) 9.80 (12) 11.60
DifFIQA [5] (13) 0.2411 (16) 0.0947 (3) 0.3428 (3) -0.0889 (6) 0.3883 (6) 0.1221 (3) 0.3143 (4) -0.2405 (6) -0.0557 (4) -0.3546 (4) 6.20 (5) 6.60
DifFIQA (R) [5] (15) 0.2359 (17) 0.0832 (9) 0.3341 (10) -0.1216 (3) 0.3999 (3) 0.1531 (16) 0.2872 (15) -0.3645 (7) -0.0590 (9) -0.3787 (8) 10.00 (10) 10.80
CLIB-FIQA [24] (4) 0.3924 (6) 0.3044 (5) 0.3411 (4) -0.0905 (4) 0.3952 (4) 0.1435 (13) 0.2954 (10) -0.3133 (5) -0.0550 (6) -0.3596 (4) 6.20 (4) 6.00
GraFIQs [21] (8) 0.3359 (9) 0.2735 (15) 0.3298 (15) -0.1432 (13) 0.3733 (12) 0.0972 (4) 0.3107 (8) -0.2768 (4) -0.0540 (5) -0.3577 (6) 8.80 (7) 9.80
eDifFIQA (S) [6] (5) 0.3734 (8) 0.2776 (7) 0.3382 (7) -0.1020 (5) 0.3923 (5) 0.1313 (2) 0.3163 (2) -0.2220 (10) -0.0688 (7) -0.3640 (3) 5.80 (3) 5.80
eDifFIQA (M) [6] (1) 0.4098 (3) 0.3393 (1) 0.3515 (1) -0.0502 (2) 0.4025 (2) 0.1654 (8) 0.3046 (5) -0.2574 (15) -0.0812 (12) -0.3996 (2) 5.40 (2) 4.60
eDifFIQA (L) [6] (3) 0.4082 (2) 0.3420 (2) 0.3432 (2) -0.0856 (1) 0.4042 (1) 0.1706 (1) 0.3250 (1) -0.1680 (3) -0.0418 (1) -0.3104 (1) 2.00 (1) 1.40
FROQ [3] (17) 0.2177 (15) 0.1232 (6) 0.3390 (6) -0.0995 (9) 0.3767 (11) 0.0993 (5) 0.3076 (7) -0.2759 (12) -0.0703 (15) -0.4115 (7) 9.80 (10) 10.80
ViT-FIQA [2] (10) 0.3199 (7) 0.2832 (12) 0.3331 (12) -0.1313 (10) 0.3765 (14) 0.0894 (17) 0.2843 (18) -0.3974 (9) -0.0611 (10) -0.3911 (12) 11.60 (14) 12.20
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FaceQnet [16] (18) 0.1921 (18) -0.0345 (18) 0.3006 (18) -0.2406 (18) 0.2909 (18) -0.1534 (14) 0.2953 (16) -0.3651 (18) -0.0604 (18) -0.4562 (15) 17.20 (18) 17.60
SER-FIQA [31] (1) 0.3858 (1) 0.3096 (16) 0.3170 (16) -0.1878 (17) 0.3444 (17) -0.0298 (8) 0.3066 (6) -0.2519 (3) -0.0148 (2) -0.3537 (6) 9.00 (6) 8.40
PFE [28] (11) 0.2791 (11) 0.2142 (14) 0.3280 (12) -0.1409 (14) 0.3608 (13) 0.0352 (18) 0.2834 (18) -0.3954 (8) -0.0318 (8) -0.3999 (14) 13.00 (17) 12.40
MagFace [22] (10) 0.3152 (3) 0.2975 (7) 0.3365 (7) -0.1148 (10) 0.3668 (9) 0.0503 (11) 0.3005 (11) -0.3213 (19) -0.1036 (19) -0.4664 (11) 11.40 (8) 9.80
SDD-FIQA [23] (15) 0.2237 (12) 0.1540 (11) 0.3292 (11) -0.1402 (13) 0.3642 (10) 0.0486 (9) 0.3052 (10) -0.3007 (16) -0.0540 (12) -0.4239 (13) 12.80 (11) 11.00
LightQNet [8] (7) 0.3207 (5) 0.2893 (15) 0.3225 (15) -0.1674 (15) 0.3586 (14) 0.0315 (16) 0.2890 (13) -0.3326 (12) -0.0428 (13) -0.4303 (14) 13.00 (15) 12.00
FaceQGen [15] (12) 0.2670 (13) 0.1486 (17) 0.3140 (17) -0.1912 (16) 0.3519 (16) 0.0188 (5) 0.3139 (4) -0.2336 (1) -0.0059 (3) -0.3550 (8) 10.20 (10) 10.60
FaceQAN [4] (13) 0.2313 (14) 0.1318 (10) 0.3307 (9) -0.1223 (8) 0.3707 (7) 0.0573 (12) 0.2995 (12) -0.3214 (15) -0.0510 (14) -0.4324 (12) 11.60 (12) 11.20
CR-FIQA (L) [7] (6) 0.3359 (10) 0.2183 (13) 0.3280 (13) -0.1433 (7) 0.3739 (8) 0.0571 (13) 0.2959 (14) -0.3369 (14) -0.0508 (16) -0.4395 (9) 10.60 (16) 12.20
DifFIQA [5] (14) 0.2301 (16) 0.0744 (4) 0.3448 (4) -0.0736 (6) 0.3766 (6) 0.0643 (2) 0.3216 (2) -0.2137 (5) -0.0253 (4) -0.3760 (4) 6.20 (5) 6.40
DifFIQA (R) [5] (16) 0.2159 (17) 0.0539 (6) 0.3411 (6) -0.0922 (3) 0.3828 (4) 0.0846 (15) 0.2924 (15) -0.3490 (7) -0.0298 (9) -0.4018 (7) 9.40 (9) 10.20
CLIB-FIQA [24] (4) 0.3644 (7) 0.2664 (2) 0.3460 (3) -0.0733 (4) 0.3825 (3) 0.0867 (10) 0.3013 (9) -0.2967 (4) -0.0249 (5) -0.3820 (2) 4.80 (4) 5.40
GraFIQs [21] (8) 0.3183 (8) 0.2507 (12) 0.3284 (14) -0.1487 (12) 0.3646 (12) 0.0404 (4) 0.3165 (7) -0.2583 (6) -0.0289 (7) -0.3902 (5) 8.40 (7) 9.60
eDifFIQA (S) [6] (5) 0.3511 (9) 0.2469 (3) 0.3452 (2) -0.0715 (5) 0.3788 (5) 0.0726 (3) 0.3179 (3) -0.2195 (10) -0.0370 (6) -0.3848 (3) 5.20 (3) 5.00
eDifFIQA (M) [6] (3) 0.3803 (4) 0.2974 (1) 0.3542 (1) -0.0413 (2) 0.3872 (2) 0.1003 (7) 0.3088 (5) -0.2427 (13) -0.0492 (11) -0.4218 (3) 5.20 (2) 4.60
eDifFIQA (L) [6] (2) 0.3826 (2) 0.3096 (5) 0.3437 (5) -0.0834 (1) 0.3882 (1) 0.1054 (1) 0.3333 (1) -0.1382 (2) -0.0120 (1) -0.3300 (1) 2.20 (1) 2.00
FROQ [3] (17) 0.2069 (15) 0.1204 (8) 0.3332 (8) -0.1211 (9) 0.3678 (11) 0.0424 (6) 0.3090 (8) -0.2777 (11) -0.0424 (15) -0.4391 (8) 10.20 (13) 11.40
ViT-FIQA [2] (9) 0.3181 (6) 0.2847 (9) 0.3321 (10) -0.1322 (11) 0.3646 (15) 0.0294 (17) 0.2875 (17) -0.3933 (9) -0.0341 (10) -0.4190 (10) 11.00 (14) 11.60

Table 2. Comparison of FIQA methods using RCE. RCE scores are shown for every dataset–FR-model–FIQA-method combination
under two weighting schemes: γ = 0 (equal weighting) and γ = 3 (greater emphasis on low-quality samples). Ranks (lower is better)
are given in parentheses. The Summary block reports the average rank of each method across all datasets for the corresponding γ setting.
Increasing γ reorders the methods. Highlighted are the best/second-best results reveal a state-of-the-art FIQA ranking that differs markedly
from those produced by EDC-based protocols.

parability. Although validated only on the face images,
the identified EDC limitations and proposed approaches are
modality-independent, suggesting broader applicability of
our framework to biometric quality assessment in general.
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