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Facial expression recognition (FER) systems are increasingly proposed for monitoring older adults (69 to 80 years in this study),
yet their accuracy for this group is rarely measured. This study asked how large the age gap is for five released FER models,
how it compares with human raters and a geometry-only classifier, and whether refitting each model's final layer closes it. Five
released checkpoints were evaluated without retraining: POSTER++ and Quadruplet Cross Similarity (QCS), each trained on
RAF-DB and AffectNet-7, and Navigating Label Ambiguity (NLA) trained on RAF-DB. They were tested on FACES: 2,052
posed photographs of 171 young, middle-aged and older adults. Analyses used participant-level bootstrap intervals, permutation
tests and Holm correction, with controls for architecture, training dataset, image quality, cropping and expression intensity. Every
model was less accurate on older adults, by 11.7 to 15.2 percentage points; human raters lost 8.6 points and the geometry-only
classifier 8.3. AffectNet-7 models misread most older adults' neutral faces, mainly as sad or angry, while RAF-DB models lost
fear, disgust and anger. The gap persisted under every control. Refitting only the final layer on older adults' FACES photographs
reduced the gap on held-out participants to about 4 points or less, partly through adaptation to FACES rather than to age.
Released FER models read older adults' posed expressions less accurately, and how they fail depends on training data. Sys-
tems for older users should be evaluated by age before deployment; whether final-layer refitting works beyond FACES is untested.
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Introduction

About 1.1 billion people worldwide are aged 60 or older. This
number is projected to reach 2.1 billion by 20501. Many of
them face health conditions that require regular monitoring:
around 15% of adults aged 70 and older live with a mental
disorder, such as anxiety or depression1. Automated facial
expression recognition (FER) is being studied as a way to de-
tect early signs of low mood and cognitive decline in older
adults2,3,4.

However, these systems are trained mainly on internet pho-
tographs, and in RAF-DB, the one widely used training cor-
pus here with age labels, only 3% of training faces are aged
70 or older (see Discussion). Older faces differ: their skin
is more lined and less taut, lighting and image quality can be
different, and older adults may move the face differently to
show the same feeling5. This study asks how accurately five
publicly released FER models read the expressions of older
adults. Three questions guide this, matching Figure 1: how
big the age gap is (RQ1); how it compares for human raters
and a geometry-only classifier, two methods that involve no
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FER model (RQ2); and how it compares across the five re-
leased models, including whether refitting each model's final
layer on older faces closes it (RQ3). A fourth question asks
whether the gap depends on model architecture or training
dataset (RQ4), and control analyses test the remaining pro-
posed explanations: image quality, cropping and expression
intensity. The scope is deliberately narrow: released check-
points evaluated on posed photographs of adults aged 19 to 80
from a single database, without retraining except for a refit of
the final layer in one experiment. The limitations this imposes
are set out in the Discussion.

Significance of the Study

Automated expression analysis is being introduced in the set-
tings which older adults are part of - from care homes to clin-
ical monitoring6 and companion robots7. In each of these, an
older adult is more likely to be the subject of the system than
its operator. Thus, they are less able to notice a misreading,
question it, or opt out.

This measurement gap can turn into a practical harm.
The results reported here demonstrate that all five models
read older faces less accurately than younger ones. For the
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AffectNet-7 models, the shortfall is largest on neutral faces,
the expression a resting face shows most of the time. This
finding agrees with Kim et al.8, who found that four commer-
cial FER systems were least accurate on older adults. A sys-
tem that reads a resting older face as sad or angry does not fail
quietly. It reports distress that is not there, in settings where
a flagged emotional state may inform a clinical judgment or a
care decision8.

Furthermore, the shortfall is easy to miss in the published
record. Widely used training corpora such as AffectNet carry
no age labels, leaving the number of older adults they hold
undocumented9, so a model can post strong overall accuracy
while doing much worse on older faces without that ever sur-
facing. Corpora built under controlled conditions with delib-
erate age diversity, such as FACES, are the exception10. Eval-
uation by age is uncommon in any case: of 31 deep-learning
FER studies on older adults published between 2015 and 2024,
only six examined how age affected performance11.

Aims and Goals of the Study

This study evaluates how accurately open-source FER models
classify the static facial expressions of older adults. This is
defined here as the participants aged 69 and older who are
labeled ‘old’ in the FACES database10. Five released models
were chosen: QCS and POSTER++, each trained on RAF-DB
and on AffectNet-7, and NLA trained on RAF-DB.

Existing Contribution and Gaps in the Literature

Facial expression recognition for older adults has drawn com-
paratively little work. The most recent systematic review of
the area found only 31 deep-learning FER studies on elderly
populations across a full decade, from 2015 to September
202411.

Kim et al.8 benchmarked four commercial FER systems on
the same FACES corpus used here, across the same three age
groups, and found that all four did best on younger and worst
on older adults. That study established the disparity. However,
it has not explained it. An earlier study using the Lifespan and
FACES databases together reported the same pattern12, so the
disparity recurs across different systems and corpora, not just
this one.

Furthermore, where causes have been proposed, they have
generally been asserted or tested one at a time rather than
against each other. Three recur: age-related wrinkles and
folds that alter how an expression reads13; a decline in facial-
muscle function with age14, consistent with a smaller three-
dimensional change between the resting and smiling face in
older women15, and under-representation of older faces in
training data, inferred from a 22% accuracy gain that Park et
al.16 obtained by training separately on children's and adults'
faces. The first two are already in tension, as Grondhuis et

al.14 argued for muscle function over wrinkles. A related lit-
erature has begun addressing fairness in facial analysis more
broadly: across age, gender and race in face recognition17,
through evaluation protocols that control for these factors to-
gether18, through robustness checks under model compres-
sion19, and through training-time mitigations aimed specifi-
cally at age bias in FER20, building on earlier age-aware meth-
ods that used age directly as a training or classification sig-
nal21,22. This study differs in comparing the gap across recog-
nition methods, rather than proposing a new training method
or evaluation protocol. Three recent studies bear more di-
rectly on the present question: automated age-estimation sys-
tems lose more accuracy on older faces than human observers
do23; an analysis of 20 FER datasets has documented demo-
graphic imbalance in their composition24; and a training-time
method that suppresses age information in learned features has
reduced age bias on RAF-DB and FACES25; another study
learns separate expression features for different age group26.
The Alternative Explanations for the Age Gap section com-
pares these and other prior studies by dataset, what was tested
and what they found.

Methods
Research design - Evaluation of Open-Source FER Models
This section describes the three architectures and the two
training datasets used in the study, and the FACES database
on which the models are tested.

QCS
Wang et al.27 designed Quadruplet Cross Similarity (QCS).
It aims to stop the network from learning interfering features,
cues that happen to correlate with an expression without being
part of it.

QCS uses IR-50, a network pre-trained for face recognition
on MS-Celeb-1M, as its backbone28. Its main innovation is
Cross Similarity Attention, a spatial attention mechanism that
decides where on the face to look. Unlike the dot-product
attention of Vision Transformers, Cross Similarity Attention
measures similarity with the Euclidean, or straight-line, dis-
tance between image features, which responds strongly where
two images match.

QCS trains on groups of four images but, after a distillation
step, classifies one image at a time. On the standard bench-
marks, QCS reached 92.5% accuracy on RAF-DB and 67.94%
on AffectNet-7, ahead of the other models in the authors' com-
parison27.

POSTER++

POSTER++ is an open-source model built as a simpler,
cheaper successor to POSTER29. Rather than relying on fa-
cial appearance alone, it combines two streams: appearance
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features from an IR-50 backbone and structural information
from facial landmarks, processed with MobileFaceNet. The
two streams are fused with cross-attention.

Mao et al.29 reported accuracies of 92.21% on RAF-DB and
67.49% on AffectNet-7. In this study, the constructed network
measured 58.3 million parameters, larger than the 43.7 million
that Mao et al. report.

NLA
Navigating Label Ambiguity (NLA) applies a new training
scheme to a standard ResNet-1830. It targets label ambiguity
and class imbalance, both common in FER datasets collected
in the wild, with Noise-aware Adaptive Weighting, which
raises the weight of clearly labeled training examples and low-
ers that of doubtful ones as training proceeds.

NLA reached 89.93% on RAF-DB and 67.06% on
AffectNet-7, ahead of the previous best models on both30.

Training Datasets
QCS and POSTER++ were evaluated in versions trained on
RAF-DB and on AffectNet-7, and NLA in its RAF-DB ver-
sion only. RAF-DB holds about 30,000 facial images which
were collected from the internet and labeled by around 40 an-
notators each, whose labels were then reconciled31. Its single-
label subset of 15,339 images in the seven basic classes is the
one most FER research uses. AffectNet-7 is a seven-class sub-
set of AffectNet, which gathers more than a million internet
images, about 450,000 of them hand-labeled9. AffectNet-7
uses roughly 284,000 training images and is markedly imbal-
anced, with far more happy and neutral faces than disgusted
or fearful ones. Neither dataset was built for age balance.

The models are tested not on RAF-DB or AffectNet-7 but
on FACES, a database built under controlled studio conditions
across three age groups, described fully in the Data section10.

Methodology
Figure 1 summarizes the study design. The study is an ob-
servational, cross-sectional benchmark: released FER mod-
els were scored on an existing database of posed photographs,
with no retraining except a refit of the final layer in one exper-
iment (see Analyses), and accuracy was compared across age
groups.

Data

The FACES database contains 2,052 posed color photographs
of 171 adults in three age groups: young (19–31 years, n =
58), middle-aged (39–55, n = 56) and older (69–80, n = 57)10.
Each person posed six expressions (anger, disgust, fear, happi-
ness, neutrality and sadness) in two separate photo sets, giving
12 photographs per person. Lighting, pose and background

Figure. 1 Overview of the study design. Every model scores the
same cached crops.

are the same in every photograph, and each age-by-expression
cell contains 112 to 116 images.

In addition, FACES provides validation ratings collected
from 154 raters of three ages (52 young, 51 middle-aged, 51
older)10, each judging a subset of the photographs and choos-
ing, for each one, the expression they judged it to show from
the six expressions that the six-way model score also uses (see
Models and Scoring). For each photograph, the ratings give
the percentage of raters who chose the intended expression
from the same six options. This study has used this percent-
age as human accuracy, aggregated at the photograph level;
individual raters' identities and responses are not in the pub-
lished rating file, only this per-photograph percentage. Human
accuracy is therefore the proportion of raters who chose the
intended expression for each photograph, whereas model ac-
curacy is a single prediction per photograph. The two are on
the same percentage scale but are different kinds of measure-
ment, made by different recognition systems, so differences
between them are reported as a comparison of age gaps across
methods, not as an estimate of how much difficulty the models
add.

Preprocessing

Image preprocessing (face detection, alignment, cropping and
resizing) was carried out with the agreement of the FACES
Technical Agent. Each image was cropped once and cached,
so every model received identical input. Faces were detected
with an OpenCV Haar cascade, leveled using the positions of
the eyes, cropped to a square and resized to 224 × 224 pixels.
Detection succeeded on all 2,052 images. The detected boxes
were about 9% larger on older faces (median 2,031 compared
with 1,859 pixels). The crop margin was fixed at zero, a tight
crop like RAF-DB's training images, because the RAF-DB
models lose accuracy quickly when the crop is looser (see Al-
ternative Explanations for the Age Gap).

Models and Scoring
Five released checkpoints were evaluated without fine-tuning
(Table 1). These three were chosen because each is open-
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source with publicly released pre-trained weights for at least
one of RAF-DB and AffectNet-7, because label order and
output format could therefore be verified empirically against
FACES rather than taken on trust, and because two of the
three, QCS and POSTER++, have released weights for both
training datasets, which is what lets architecture and training
data be varied independently for them. All three were also
recent (published in 2025) and reported benchmark accura-
cies of 89.9% to 92.5% on RAF-DB (see QCS, POSTER++
and NLA), so they represent current open-source FER rather
than older baselines. NLA, tested only with RAF-DB, is not
part of that architecture-by-dataset comparison. All three ar-
chitectures start from backbones pre-trained for face recog-
nition on MS-Celeb-1M28, and POSTER++ and QCS load
an identical backbone checkpoint, confirmed by comparing
checkpoint file hashes. Each repository's own test-time pre-
processing was reproduced. The order of each model's output
labels was checked empirically, and happiness recall was at
least 0.99 for every model under the verified order.

Table 1 Models evaluated. Parameter counts were measured from the
constructed networks.
Architecture (parameters) RAF-DB AffectNet-7
QCS (82.9M) Yes Yes
POSTER++ (58.3M) Yes Yes
NLA / ResNet-18 (11.7M) Yes No

FACES contains six expressions, whereas, the models out-
put seven, including the facial expression for surprise. The
primary score counts a surprise prediction as an error, as a de-
ployed system would. Comparisons with human raters, who
chose among six options, use a six-way score that ignores the
surprise output. It is also used, so that every compared classi-
fier chooses among the same six expressions, in the released-
head comparison (see Supplementary Analyses, reported in
the Age Gap in the Five Models section) and the architecture
sensitivity check (Table 5).

Analyses
The analyses answer the four research questions: how big the
gap is, how it compares for human raters and a geometry-
only classifier, how it compares across the five released mod-
els, and whether it depends on architecture or training dataset,
followed by control checks. The main variable is age group
(young, middle-aged or older). The main outcome is whether
each photograph's expression was classified correctly, summa-
rized as accuracy per person; the age gap is older-adult minus
young-adult accuracy in percentage points. Secondary out-
comes are per-expression recall, expected calibration error and
agreement between models.

To measure the size of the gap, the study has compared ac-
curacy on younger and older faces for each model and each

expression. In terms of measuring calibration, the match be-
tween a model's confidence and its accuracy, using expected
calibration error (ECE)32, and the agreement between models
with Fleiss' κ was conducted.

To compare the gap with two methods that involve no FER
model, two measures were used. The first is human accu-
racy on younger and older faces. The second is a linear dis-
criminant classifier trained on facial geometry alone. Faces
were landmarked with a face-alignment network that locates
68 points33. Each expressive photograph was aligned to the
same person's neutral photograph with a similarity transform
fitted on rigid landmarks (nose bridge, nose base and eye cor-
ners). It was then coded as the displacement of the remaining
points, in units of the distance between the eyes, which re-
moves identity and head pose.

The classifier separated the five emotional expressions. It
was trained and tested within each age group, and it was
trained on young faces and tested on older ones. Each setting
used 36 training people, different people for testing and 20
random splits. A third measure was how much people within
each age group differed from one another in terms of how they
moved the face for each expression. Each person's movement
was averaged over their two photo sets, and the difference be-
tween the two sets was used to remove landmark error and
repeat-to-repeat variation (the detector's placement error and
genuine differences between a person's two poses) from the
spread between people. A person's two neutral photographs
gave a separate estimate of landmark noise.

The study first compared the models with human raters on
the six-way score. Then, each network was frozen and trained
a new linear classifier on its learned features, using FACES
photographs of 36 young people, 36 older people, or 18 of
each. The strength of regularization was chosen by cross-
validation within each training set. Five candidate values
(0.003 to 30, log-spaced) were each scored by four-fold cross-
validation grouped by person within that 36-person training
set alone, so a person's own photographs never split across
a fold's training and validation portions; the value with the
highest mean cross-validation accuracy was kept, ties going
to the smaller value. The held-out people used for testing
play no part in this step, since cross-validation only ever sees
the 36 training people. All three versions were tested on the
same held-out older people, and on the held-out young people
(so that any difference between the three versions could only
come from who was in their training data, not from an easier
or harder test set), over 20 random splits that used the same
partition for every version. Features and sample size are fixed.
Therefore, the versions differ only in the age of the training
faces. To check how much these choices mattered, the reg-
ularization grid, the number of training people per arm, the
number of splits and the specific random partition into arms
were each varied in turn and the gain recomputed; the results
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Table 2 Accuracy (%) by age group with 95% participant-level bootstrap intervals, and the age gap (older minus young, percentage
points) with its interval. Gaps are computed from unrounded values and may differ by 0.1 from the difference of the rounded entries.
Model Training data Young Middle-aged Older Gap (older − young)
QCS AffectNet-7 92.0 [89.5, 94.4] 84.8 [81.7, 87.9] 78.2 [74.9, 81.6] −13.7 [−18.1, −9.5]
POSTER++ AffectNet-7 89.2 [86.6, 91.8] 82.4 [79.3, 85.4] 77.5 [74.1, 80.7] −11.7 [−16.1, −7.4]
QCS RAF-DB 77.7 [74.3, 81.3] 68.6 [65.2, 72.0] 62.6 [59.5, 65.6] −15.2 [−19.7, −10.6]
POSTER++ RAF-DB 74.3 [71.4, 77.3] 67.3 [64.0, 70.5] 60.7 [57.7, 63.6] −13.6 [−17.7, −9.6]
NLA RAF-DB 61.5 [58.2, 64.9] 55.8 [52.2, 59.7] 46.8 [43.7, 50.3] −14.7 [−19.4, −9.9]

are reported in the Age Gap in the Five Models section.
Four control analyses tested other explanations. Architec-

ture was tested by comparing the three models trained on
RAF-DB, which range from 11.7M to 82.9M parameters, and
by contrasting architecture and training dataset across the four
QCS and POSTER++ models. To check image quality, the
age effect was adjusted for lighting and exposure (mean lu-
minance, contrast, entropy, colorfulness and face size) in a
logistic regression that treats each person's photographs as a
cluster. Additionally, young and older faces were compared
within thirds of each quality measure, to rule out image qual-
ity itself as a confound between the age groups. Crop framing
was varied by re-cropping every face at margins of 0.0, 0.1, 0.2
and 0.3 of the detected box and scoring all five models again.
Expression intensity was measured without a model. Measur-
ing it without a model avoids picking up a model's own biases.
For six facial regions (brows, eyes, both cheeks, nasolabial re-
gion and mouth), the mean absolute pixel change was taken
from the same person's neutral photograph and divided by the
change in forehead and jaw, so that skin texture cannot inflate
it. Then, error rates were compared within six equal-sized in-
tensity bins. This pixel-based measure is a proxy for intensity,
not a full measure of it; it can be affected by alignment error,
lighting, and age-related changes in facial appearance that are
not expression intensity itself, such as static wrinkling, so it
should be read as indicative rather than exact.

Statistical Analysis

Each person in the FACES dataset contributes 12 correlated
photographs. Therefore, the person is the unit of analysis.
Confidence intervals (CI) are 95% percentile bootstrap inter-
vals from at least 2,000 resamples of whole people. Model
comparisons are paired because every model scored the same
images. Age gaps are reported in percentage points. Some
analyses repeat over random splits of the same people, as in
the refitting experiment and the geometry classifier. For these,
each held-out person's accuracy is averaged over the splits
in which they were held out, and the intervals and permuta-
tion p-values come from those person-level values. Tests over
the splits themselves were avoided because each person ap-
pears in many of the 20 splits, so the splits are not indepen-

dent and tests over them overstate certainty. When several
tests address one question, their p-values are adjusted with the
Holm–Bonferroni method34. It keeps the chance of any false
positive within the group at 5% and is less conservative than
a plain Bonferroni correction. With 57 older adults, this still
limits how small a true difference can be told apart from noise,
particularly once the sample is split further by expression or
subgroup; a result that is significant before correction but rests
on a handful of points is reported here as suggestive, not solid.

Supplementary Analyses

To separate how much of the refitting improvement (see The
Age Gap in the Five Models) comes from adapting to FACES
in general rather than to older faces specifically, the released
heads were also scored with the six-way restriction defined
above (see Models and Scoring), without any refitting, on the
same held-out people used in the refitting comparison.

The refitting experiment above was repeated with the train-
ing mix varied in steps of 25% older faces (0%, 25%, 50%,
75% and 100%), holding the total number of training people
and the balance of labels fixed at each step.

As a check on whether the age gap depends on the Haar-
cascade crop (see Preprocessing), every face was indepen-
dently re-detected and re-aligned with the 68-point landmark
network used for the geometry classifier above, fitting the
eyes, nose and mouth to a fixed template rather than a bound-
ing box, and every model was re-scored on these indepen-
dently aligned crops.

To check whether the age gap also appears on the data the
models were trained on, each RAF-DB-trained model was
scored on RAF-DB's own test set, grouped by the age labels
RAF-DB distributes with its images31; this exploratory check
is reported in the Alternative Explanations for the Age Gap
section as point estimates, and the RAF-DB training-set age-
composition figures in the Discussion come from the same
source.

Ethical Considerations

No new data were collected from human participants. The
FACES photographs and validation ratings were collected
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by the database’s developers10 and were used under the
database’s license agreement, which restricts the images to
scientific use and does not permit their redistribution. No
FACES photograph is reproduced in this paper, and per-image
model predictions are not released (see Data and Code Avail-
ability). RAF-DB images and age labels were obtained on
request from its authors31 and used only to compute aggre-
gate figures. Because the systems studied here are proposed
for care settings, the results are reported to inform how such
systems should be evaluated, not to endorse any of them for
deployment.

Results

The Age Gap

Every model was less accurate on older faces, and accuracy
fell steadily from young to middle-aged to older faces (Table
2, Figure 2).

Figure. 2 Accuracy by age group for each model. Error bars show
the 95% participant-level bootstrap intervals (Table 2).

The age gap ranged from 11.7 to 15.2 percentage points,
and every gap's 95% interval excluded zero. The AffectNet-
7 models were the most accurate on older adults (78.2%
and 77.5%), although their gaps (13.7 and 11.7 points) were
similar to the RAF-DB models' (13.6 to 15.2). Relative to
each model's own young-face accuracy, the gaps range from
13.1% (POSTER++-AffectNet-7) to 23.9% (NLA-RAF-DB).
The ranking changes slightly from the absolute figures: NLA-
RAF-DB's 14.7-point gap is proportionally the largest, even
though QCS-RAF-DB's 15.2-point gap is numerically larger,
because NLA starts from a lower young-face accuracy (61.5%
versus 77.7%).

The failures differed by training dataset (Figure 3). For the
AffectNet-7 models, recall on neutral faces fell from 90.5%
(POSTER++) and 94.8% (QCS) for young adults to 29.8%
and 32.5% for older adults. This collapse in one expression
accounts for most of these two models' overall age gap. Most
of the missed faces were read as sad or angry, about equally
often (POSTER++ 34% sad and 29% angry; QCS 30% sad
and 31% angry). Their other expressions changed by 13 points

Figure. 3 Recall for each expression by age group and model, on
the seven-way score (a surprise response counts as an error). Table 3
uses the six-way score, which differs from this one mainly for fear.

or less. For the RAF-DB models, the largest losses were for
disgust, fear and anger. Neutral recall fell by 5 points for QCS,
9 for NLA and 14 for POSTER++.

Calibration worsened with age for the three RAF-DB mod-
els (Figure 4), so their confidence scores became less trustwor-
thy on older faces. Their expected calibration error rose from
0.19 (POSTER++), 0.20 (NLA) and 0.10 (QCS) on young
faces to 0.30, 0.33 and 0.18 on older faces, whereas both
AffectNet-7 models stayed between 0.03 and 0.06 at every
age. Agreement between the models fell with age as well
(Fleiss' κ 0.69 for young, 0.61 for middle-aged and 0.54 for
older faces). This pooled calibration gap is not spread evenly
across expressions. For the RAF-DB models, it concentrates
in anger, disgust, fear and neutrality, the same expressions
where Table 3 already shows the largest accuracy losses on
older faces; happiness and sadness, which these models read
accurately regardless of age, show little to no calibration gap.
Fear stands out further: for POSTER++-RAF-DB and QCS-
RAF-DB it is poorly calibrated even on young faces (ECE
0.53 and 0.15), before a further rise on older faces (0.81 and
0.49), so age compounds an existing problem there rather than
creating a new one. The AffectNet-7 models' already-small
pooled gap holds at the expression level too; no single expres-
sion hides a larger effect.

The Age Gap for Human Raters and a Geometry-Only
Classifier

Human raters for the FACES dataset were less accurate on
older faces (Table 3). Their accuracy fell from 85% on young
faces to 76% on older faces, a gap of 8.6 points (95% CI 6.7 to
10.5). Raters of every age demonstrated a similar drop of 8 to
9 points. Thus, older raters had no advantage on older faces.
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Figure. 4 Reliability diagrams by model: mean predicted confi-
dence (x) against observed accuracy (y) in ten bins, by age group.
Points above the diagonal are under-confident; points below are over-
confident. Marker size is proportional to the number of images in the
bin; bins with fewer than three images are shown pale and uncon-
nected.

Trained and tested within each age group, the geometry-
only classifier's accuracy fell from 87.1% on young faces to
78.8% on older faces, a gap of 8.3 points (95% CI 4.5 to
12.0; permutation p = 0.0001), against a chance level of 20%.
Trained on young faces and tested on older ones, it reached
75.9%, only 2.9 points below the classifier trained on older
faces (95% CI 0.1 to 5.7; p = 0.05). A rule learned on young
faces therefore transferred to older faces with a small further
loss.

Landmark noise was similar at every age, since a person's
two neutral photographs differed by about the same amount
in each group (p = 0.09). Once landmark noise and repeat-
to-repeat variation were removed, older adults differed more
from one another than young adults for anger, fear and hap-
piness. Each 95% interval excluded zero, although the Holm-
corrected test found none of the three statistically significant
(all Holm-adjusted p ≥ 0.07). Disgust demonstrated no age
difference, and for sadness it was the young adults who varied
more (Holm-corrected p = 0.015). Because the three differ-
ences in the expected direction were not significant after Holm
correction, and the one significant difference, for sadness, ran
in the opposite direction, these data give no reliable evidence
that older adults pose more variably than young adults.

The Age Gap in the Five Models

The models' gaps exceeded the human gap and were far larger
for particular expressions (Table 3). On older neutral faces,
the AffectNet-7 models lost about 61 points compared with 11
for people. On older fearful faces, the RAF-DB models lost 37
points and people lost 2. Both gaps are robust with participant-

level intervals and Holm correction (see Statistical Analysis):
AffectNet-7 neutrality (95% CI −72.1 to −48.8 points, Holm
p < 0.001) and RAF-DB fear (95% CI −48.0 to −26.4 points,
Holm p < 0.001). The RAF-DB models' anger and disgust
gaps are robust as well (−18.7 points, 95% CI −31.1 to −6.4,
Holm p = 0.018; −30.5 points, 95% CI −39.3 to −22.1, Holm p
< 0.001), while their neutrality gap of −9.7 points is not distin-
guishable from no difference once corrected (95% CI −21.1 to
+1.5, Holm p = 0.29). None of the AffectNet-7 models' other
five expressions reach significance after correction; their anger
point estimate even runs the other way (+2.2 points, 95% CI
−9.9 to +14.4). People show a robust gap on every expres-
sion except fear (−1.9 points, 95% CI −5.5 to +1.6, Holm p =
0.32); their happiness gap, though statistically real after cor-
rection (Holm p = 0.043), is only 1.1 points, closer to a ceiling
effect than a meaningful difficulty gap. The AffectNet-7 mod-
els misread 56% of the older neutral faces that at least 90% of
raters identified correctly, and the RAF-DB models misread
52% to 74% of the older anger, disgust and fear faces that at
least 90% of raters identified correctly.

Within FACES, refitting only the final layer largely removed
the age gap (Table 4). With each network frozen, a classifier
trained on older faces was 6.1 to 13.7 points more accurate on
held-out older people than one trained on young faces. The
interval across people excluded zero for every model (Holm-
adjusted p = 0.0002). A classifier trained on half older and half
young faces recovered 76% to 94% of that gain. The classi-
fier trained on older faces was about as accurate on older faces
as on young ones, with gaps from −4.1 to +1.2 points, while
the one trained on young faces left gaps of 11 to 21 points.
Within FACES, then, the frozen features carry enough infor-
mation to read older faces, although this does not show why
the released final layers fail; the Gain column captures only
the age-specific part of the improvement. Scoring the released
heads six-way on exactly the same held-out people separates
the two: refitting on FACES at all, before any older face is
added to training, already closes 43% to 74% of the total im-
provement over the released heads, largest for NLA; training
on older faces specifically accounts for the remaining 26% to
57%. Varying the training mix in steps of 25% older faces
shows the same split another way: the two AffectNet-7 mod-
els reach within 1 to 2 points of their full 100%-older result
already at 25% older faces, while the three RAF-DB models
continue to improve by a further 4 to 5 points from 25% to
100%. The size of the gain depended on how strongly the clas-
sifier was regularized, ranging from 5 to 15 points across the
settings tried (least for NLA), but every model gained at every
setting. Training-set size mattered more than any other set-
ting tried: with 20 splits and cross-validated regularization, the
gain for POSTER++-RAF-DB rose from 6.7 points at 12 train-
ing people per arm to 14.5 points at 42, and QCS-AffectNet-7
rose from 2.4 to 7.1 points; both were still rising at 42, the
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Table 3 Age gap by expression (older minus young, percentage points) for human raters and for the models, using the six-way score.Brackets
are 95% participant-level bootstrap intervals; an asterisk marks Holm-adjusted p < 0.05 within that column, across the six expressions (see
Statistical Analysis). The All-expressions row is not part of that correction, since it summarizes the pooled gap across all expressions rather
than testing one of the six expressions in that family.
Expression People AffectNet-7 models RAF-DB models
Neutrality -11.3 [-15.1, -8.0]* -60.7 [-72.1, -48.8]* -9.7 [-21.1, +1.5]
Happiness -1.1 [-2.0, -0.2]* 0.0 [0.0, 0.0] -0.3 [-0.9, 0.0]
Sadness -12.8 [-18.6, -7.1]* -10.5 [-25.3, +4.3] -1.3 [-8.5, +6.0]
Anger -11.4 [-15.8, -7.1]* +2.2 [-9.9, +14.4] -18.7 [-31.1, -6.4]*
Fear -1.9 [-5.5, +1.6] 0.0 [-1.8, +2.1] -37.3 [-48.0, -26.4]*
Disgust -13.1 [-18.7, -7.3]* -1.3 [-3.5, 0.0] -30.5 [-39.3, -22.1]*
All expressions -8.6 [-10.4, -6.8] -11.7 [-15.6, -7.9] -16.3 [-20.0, -12.9]

largest size the 57 older participants allow, so the 36-person
gain reported above is not necessarily the ceiling. The number
of splits (10 to 40) and the specific random partition into arms
(three alternate seeds) moved the gain far less, by at most 1.8
points for any model, so the result does not hinge on the num-
ber of splits or on which people happened to land in which
arm.

Alternative Explanations for the Age Gap

This section addresses RQ4 and tests the other explanations
listed in the Analyses section: architecture and model size,
training dataset, the image quality of the FACES photographs,
cropping and expression intensity.

Table 5 summarizes the control analyses. The age gap sur-
vived all four.

Crop framing mattered more than age for the RAF-DB
models. Widening the margin from 0.0 to 0.3 lowered their
accuracy on young faces by 26 to 44 points, and their hap-
piness recall to as low as 0%, against about 5 points for the
AffectNet-7 models. The age gap itself stayed between 12.0
and 14.2 points, pooled over the five models, at every mar-
gin. The Haar cascade's boxes were also about 9% larger
on older faces (see Preprocessing). This by itself is a mar-
gin difference in effect, and the sweep above already covers
it: widening the crop changes box size in the same direction,
yet the age gap did not move. The sweep cannot rule out mis-
alignment within a correctly sized box, so every face was also
re-detected and aligned to a fixed template with the 68-point
landmark network (see Supplementary Analyses). It found a
face in all 2,052 photographs and reproduced the size pattern:
the median distance between the eyes was about 7% larger
for older than young faces (377 versus 351 pixels). Scored
on these independently aligned crops, every model remained
less accurate on older faces, with point-estimate gaps from 8.1
points (QCS-RAF-DB) to 10.2 (QCS-AffectNet-7), pooled at
9.1 points across the five models (95% CI 5.6 to 12.6, exclud-
ing zero). These gaps are smaller than the 11.7 to 15.2 points

reported in Table 2 under the Haar crop; every model was also
less accurate overall under this alignment, since none of the
five was trained or benchmarked on this particular template,
so the drop in gap size cannot be separated cleanly from the
drop in overall accuracy. The gap therefore survives an align-
ment independent of the Haar cascade, although how much of
its size reflects alignment quality remains open.

The training dataset did not change the size of the gap ei-
ther. In the 2 × 2 design (QCS and POSTER++, each trained
on RAF-DB and on AffectNet-7), none of the three effects
on the seven-way score was significant. The training dataset
shifted the gap by −1.6 points (95% CI −7.0 to +3.3), architec-
ture by −1.8 (−4.3 to +0.8) and their interaction by +0.5 (−4.0
to +4.9). The six-way score gave the same picture for the train-
ing dataset (−4.0, −8.8 to +0.8) and for architecture (+1.6, −0.8
to +4.0), but the interaction was significant (+6.1 points, 1.4
to 10.7; Holm p = 0.03). Within the RAF-DB models, QCS's
gap was nominally 4.6 points smaller than POSTER++'s (0.6
to 8.8), which the Holm-corrected test did not find statistically
significant (p = 0.07); on AffectNet-7 the difference ran 1.4
points the other way, reported here only as a point estimate.
With 57 older adults, neither should be read as a reliable ar-
chitecture effect.

The standard blur measure, variance of the Laplacian, be-
haved unexpectedly. It was 90% higher on older faces (me-
dian 245 compared with 129). Wrinkles are fine detail, so on
older faces the measure tracks skin texture rather than focus,
and it was left out of the image-quality adjustment.

An exploratory check on RAF-DB’s own test set, grouped
by the age labels RAF-DB distributes (see Supplementary
Analyses), found almost no age gap for the three RAF-DB
models: the 40-to-69 group scored at least as well as the 20-
to-39 group, and the 70-plus group (n = 89) was only 1 to 3
points lower, far smaller than the 11.7-to-15.2-point gap on
FACES. These are point estimates without intervals, and the
70-plus group is small, so the result is reported as exploratory.

Table 6 places this study alongside the prior work discussed
in the Existing Contribution and Gaps in the Literature section.
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Table 4 Accuracy (%) of a linear classifier trained on frozen features from 36 FACES participants (young, half young and half older, or older)
and tested on held-out older and young participants; means over 20 paired splits. Gain is older-trained minus young-trained accuracy on held-
out older people, with a 95% bootstrap interval across people. The p-values are Holm-adjusted over the five models. Gains are computed from
unrounded means and may differ by 0.1 from the difference of the rounded entries.

Trained on young Trained on balanced Trained on older Gain
Model Tested on

older
Tested on

young
Tested on

older
Tested on

young
Tested on

older
Tested on

young
Points [95% CI] p (Holm)

QCS (AffectNet-7) 87.8 98.5 93.5 98.2 93.9 98.0 +6.1 [+3.8, +8.3] 0.0002
POSTER++ (AffectNet-7) 86.6 97.6 93.3 97.4 93.7 96.6 +7.1 [+5.1, +9.8] 0.0002
QCS (RAF-DB) 78.2 96.6 86.5 96.7 89.1 90.5 +10.9 [+8.3, +13.6] 0.0002
POSTER++ (RAF-DB) 73.7 94.7 84.7 94.6 87.4 86.2 +13.7 [+11.4, +16.0] 0.0002
NLA (RAF-DB) 74.5 94.2 81.3 93.0 83.2 86.6 +8.8 [+5.8, +12.8] 0.0002

Table 5 Control analyses.
Explanation Test Result
Architecture and size Age gaps of the three RAF-DB models (11.7M to 82.9M

parameters)
Seven-way score: gaps differ by at most about 1.5 points (Holm p = 1.00). Six-way
score: by up to 4.6 points (Holm p = 0.07)

Image quality Age effect adjusted for lighting and exposure; age gap
within thirds of each quality measure

Odds ratio for an error on older faces 1.8–3.2 before and 1.5–3.4 after adjustment; gap
of 9 to 20 points in every third

Face detection and cropping Detection rate; age gap at crop margins 0.0 to 0.3 Detection 100% (2,052 of 2,052); face boxes about 9% larger on older faces (median
2,031 vs 1,859 px); pooled gap of 12 to 14 points at every margin, each interval
excluding zero. Independent landmark-based alignment: pooled gap 9.1 points (95% CI
5.6 to 12.6)

Expression intensity Error rate in six intensity bins matched across age groups Older faces misread 1.3 to 2.4 times as often in every bin; adjusting for intensity did not
reduce the age odds ratio (1.9 before, 2.5 after)

Table 6 Comparison with prior studies on age and facial expression recognition.
Study Dataset / Sample What Was Tested Key Finding
Kim et al. 8 FACES, 3 age groups, 4 commercial

FER systems
Accuracy by age group All four systems least accurate on older adults; disparity not

explained
Guo, Guo & Li 12 Lifespan, FACES, automated FER Age-group-constrained vs. age-removing

recognition
Aging significantly affects computational expression
recognition

Wang et al. 21 Lifespan, FACES, Bayesian network Age used as privileged information during
training

Age-aware training improves recognition accuracy across age
groups

Fölster et al. 13 Human raters, posed photographs Facial age / wrinkles (perception) Raters decode older faces' expressions less accurately
Grondhuis et al. 14 Human raters, landmark data Facial-muscle function vs. wrinkles Muscle function, not wrinkles, better explains the perception

gap
Tanikawa et al. 15 130 Japanese women, 3D face scans Facial-geometry change, rest vs. smile Older women show less 3D change between resting and

smiling faces
Park et al. 16 Custom FER model, split by age Training-set age composition Training separately on children's and adults' faces raised

accuracy by 22 points
Xu et al. 35 RAF-DB, CelebA Demographic bias and fairness, several factors FER systems show accuracy gaps across demographic

subgroups
Asgarian et al. 6 Older adults with dementia Facial-landmark-detector bias Landmark accuracy lower for people with dementia; bias

persists after retraining
Gaya-Morey et al. 11 Systematic review, 31 studies Which studies examine age at all Only 6 of 31 FER studies on older adults test for an age effect

directly
This study FACES, 5 released models, human

raters, geometry classifier
Architecture, training dataset, image quality,
cropping, expression intensity, final-layer refit

Gap survives every control tested; within FACES, refitting the
final layer on older faces nearly closes it

Discussion

All five models were less accurate on older adults. For QCS
and POSTER++, architecture and training dataset were varied
independently, so for these two the gap is unlikely to reflect
a single model family or dataset; NLA, tested only on RAF-
DB, is a further data point rather than part of that controlled
comparison.

The size of the age gap differs by recognition method. The
five released models lost 11.7–15.2 points, against 8.6 for hu-
man raters and 8.3 for a geometry-only classifier. On neu-
tral faces, the AffectNet-7 models lost 61 points, against 11
for people. Each training dataset has its own failure pat-
tern. AffectNet-7 models misread neutral faces as sad or an-
gry, while RAF-DB models lost fear, disgust and anger. This
dataset-specific pattern is consistent with, but does not show,
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the hypothesis that each training set teaches cues that transfer
poorly to older faces.

Whether training-set age composition is associated with the
gap can be checked directly for RAF-DB, whose images carry
age-group labels31: only 15.6% of its training faces are aged
40 to 69 and 3.0% are 70 or older, against 53% aged 20 to 39,
and some expressions are thinner still: fear has just 54 train-
ing faces aged 40 or older, and 6 aged 70 or older. Yet on
RAF-DB's own test set the released models show almost no
age gap (see Alternative Explanations for the Age Gap). This
suggests that under-representation alone may not explain the
gap on FACES, though it does not rule it out: a classifier can
still fail on how an age group's expressions look while suc-
ceeding on the easier task of its own familiar images. Age
composition is also not the only difference between the train-
ing sets and FACES; annotation procedures, source imagery
and per-expression class sizes differ too, and the compari-
son here speaks only to age. For AffectNet-7, whose im-
ages carry no age labels, estimated demographic profiles of
the kind used in a recent analysis of demographic bias across
20 FER datasets24 can approximate its age composition: one
audit of ten FER benchmarks estimated that about 13% of
AffectNet faces are over age 6036. The posed studio pho-
tographs in FACES also differ from the internet photographs
in both training datasets9,10,31, and either explanation, or both
together, could leave the final layer poorly matched to older
faces; telling them apart needs tests on the training datasets
themselves. In principle this is possible: refitting the final
layer separately on each source’s own images, with controlled
age mixes, would show whether the deficit lies in the released
weights or in what the training data contains. The controlled
refitting experiment is left for future work.

For anyone deploying FER with older adults, the training
dataset was associated with a bigger difference in accuracy
on older adults than architecture or model size (in accuracy
level, not in the size of the age gap; see Alternative Expla-
nations for the Age Gap). For the two architectures tested on
both datasets, switching the training data changed accuracy on
older adults by 15 to 17 points, while switching architecture
within the same training data changed it by under 2 points. Re-
fitting the final layer on faces like those of the intended users is
a cheap remedy worth testing; training-time methods that sup-
press age information in the learned features have also reduced
age bias on RAF-DB and FACES25, and confidence scores
from the RAF-DB models should be treated as unreliable for
older users. Researchers running age comparisons should cal-
ibrate crop framing, which moved the RAF-DB models' accu-
racy more than age did, and avoid blur measures that respond
to wrinkles. At a minimum, any evaluation of an FER system
for use with older adults should report accuracy separately by
age group, recall by expression rather than only an overall fig-
ure, a calibration measure such as expected calibration error,

participant-level uncertainty rather than a single pooled num-
ber, and performance on images that resemble the system's
intended application rather than only a benchmark's own test
set.

Several limitations apply. All five models share face-
recognition pre-training on MS-Celeb-1M, a property of the
released checkpoints that this study could not vary. Compar-
isons between QCS and POSTER++, which load an identical
backbone checkpoint, cannot be confounded by pre-training;
comparisons involving NLA, whose ResNet-18 backbone
shares the pre-training data but not the checkpoint, are less
tightly controlled; what shared pre-training could still do is
shape every model’s age gap in the same direction, a pattern
the five-way comparison cannot detect, which limits how far
these results generalize to FER systems built on a different
backbone. FACES contains posed studio photographs, and
spontaneous expressions may behave differently; recent work
has begun testing recognition on naturalistic recordings of
older adults, such as video of children's and older adults' emo-
tional reactions37 and conversations with a virtual coach38

(the Conclusion sets out what further testing would be needed
before clinical or care use). The human ratings record only
whether raters chose the intended expression, so human and
model confusions cannot be compared directly. Landmark
noise was large for everyone, about a third of the size of the
expression movements, which limits how finely differences in
movement can be measured even though the noise was similar
across ages. The geometry classifier's loss when transferring
from young to older faces was small, so the geometric evi-
dence rests mainly on its within-age gap. The ‘older’ group
here is specifically 69 to 80 years old, the range FACES pro-
vides; adults over 80, and populations outside this sample's
demographic and cultural makeup, were not tested, and the
gap reported here should not be assumed to generalize beyond
them without separate evaluation. Finally, every result here
comes from a single test database; the refitting result in partic-
ular has not been tested on a second, independent age-diverse
dataset, such as the Lifespan Database12, and should be read
as holding within FACES until it is.

Conclusion

Architecture, image quality, cropping and expression inten-
sity leave the gap in place, although it was smaller (9.1 points,
pooled) under an independent landmark-based alignment. In
terms of the four research questions, the gap is 11.7 to 15.2
points for every model (RQ1); it is larger for every model
than for human raters or a geometry-only classifier (RQ2);
within FACES, refitting each model's final layer on older faces
largely closes it (RQ3); and the size of the gap did not depend
on architecture or training dataset, although training dataset
changed accuracy levels (RQ4).
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Within FACES, the refitting result shows that the frozen
features carry enough information to read older faces: scored
against the released heads on the same held-out people, train-
ing on older faces specifically accounts for 26% to 57% of
the improvement, and refitting on FACES in general for the
rest. Why the released layer fails on older faces to begin with
remains an open question. Until the reason for the failure is
known, FER systems used with older adults should be eval-
uated by age before deployment, and their confidence scores
checked on older users.

This study measured accuracy on posed, studio photographs
of six deliberately performed expressions, not on spontaneous
expressions captured during daily life or care, and it tested no
clinical outcome. Its results also rest on 57 older adults aged
69 to 80 from a single database (see Statistical Analysis and
Discussion). These results should not be read as evidence that
a deployed system reads real-world emotional states or pre-
dicts care-relevant events accurately, for older adults or for
anyone else. Before such use, a system would need validation
on spontaneous or naturalistic expressions from older adults,
a demonstrated link between its output and the clinical or care
outcome it is meant to support, and the same age-stratified
evaluation recommended here, repeated under those condi-
tions.

As these systems move into the homes and care settings of
older adults, the people least able to question a misreading
should not be the people a system reads least accurately.

Data and Code Availability

Data and code for this study will be available at
https://github.com/jscwang/fer-age-gap. FACES images and
data derived from individual images cannot be shared by
the author. Researchers may request access to the FACES
database from the Max Planck Institute for Human Develop-
ment (facesdatabase@mpib-berlin.mpg.de).10

Declaration of Artificial Intelligence Use

The author used Claude to debug code and help locate rel-
evant peer-reviewed articles. No generative AI tools were
used to draft, expand, or alter any narrative text within this
manuscript. The author assumes full accountability for the ac-
curacy and integrity of the final code and analysis.
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