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Problem
An unequal distribution of visual confounders
such as head pose and illumination can bias
fairness evaluation.

Why?
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• FER fairness compares
aggregate performance
(e.g., recall).

• Visual confounders (e.g.,
head pose) affect FER
performance.

Gender Head Pose
Frontal Profile

Female 69.01 68.72
Male 76.60 68.51
GAP 7.59 -0.21

Consequence
Measured GAP reflects test data acquisition
conditions rather than intrinsic model bias.

Our Proposal
Use a confounder-standardized evaluation to compare demographic groups under the
same visual conditions.
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Key equations

Mg = 1
|C|

∑
c∈C TPRg

c
Avg. recall across classes for group
g (e.g., g ∈ {Female, Male})

GAP = Mm − Mf Empirical gender fairness gap

M std
g = 1

|B|
∑
b∈B Mg,b Standarized mean across bins b

GAPstd = M std
m − M std

f Standardized gender fairness gap

∆ = GAP − GAPstd Confounding effect of the factor

8
∆ ≈ 0 : estimate is stable
∆ > 0 : confounder inflates the gap
∆ < 0 : confounder masks the gap

Experimental setup

Z Controlled study: Multi-PIE

õ
In-the-wild datasets: Aff-Wild2,
AffectNet+, RAF-DB

☼☼
Confounders: head pose (0◦-15◦, +15◦)
and illumination (0-125, 125-255)

j
FER model: ResNet-50 trained from
scratch

 
Input images: Resized to 100 × 100
pixels

Controlled study in Multi-PIE results
Fairness gaps (%) under a pose confounding factor:

Subset GAP GAPstd ∆
Balanced subset (≈ pose/illum.) 4.51 4.60 -0.09
Biased subset (̸= pose) 6.39 4.29 2.10

Introducing a gender-correlated head pose bias in the
test set increases the measured fairness gap from
4.51% to 6.39%

In-the-wild analysis results
Fairness gaps (%) for pose and illum. confounding factors:

Database Visual factor GAP GAPstd ∆

Aff-Wild2 Head pose 4.23 6.25 -2.02
Illumination 3.71 0.52

AffectNet+ Head pose 2.82 3.10 -0.28
Illumination 2.46 0.36

RAF-DB Head pose -0.82 -1.74 0.92
Illumination -0.09 -0.73

Confounding effect is dataset dependent
Aff-Wild2: strongest pose effect
AffetNet+ and RAF-DB: less affected
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