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ABSTRACT
Fairness has become an important agenda in computer vision and
artificial intelligence. Recent studies have shown that many com-
puter vision models and datasets exhibit demographic biases and
proposed mitigation strategies. These works attempt to address
accuracy disparity, spurious correlations, or unbalanced representa-
tions in datasets in tasks such as face recognition, verification and
expression and attribute classification. These tasks, however, all
require face detection as the first preprocessing step, and surpris-
ingly, there has been little effort in identifying or mitigating biases
in face detection. Biased face detectors themselves pose a threat
against fair and ethical AI systems, and their biases may be further
passed on to subsequent downstream tasks such as face recognition
in a computer vision pipeline. This paper therefore investigates the
problem of biases in face detection, focusing on accuracy disparity
of detectors between demographic groups including gender, age
group, and skin tone. We collect perceived demographic attributes
on a popular face detection benchmark dataset, WIDER FACE, re-
port skewed demographic distributions, and compare detection
performance between groups. In order to mitigate the biases, we
apply three mitigation methods that have been introduced in the
recent literature and also propose two novel methods. Experimental
results show that these methods are effective in reducing demo-
graphic biases. We also discuss how the effectiveness varies by
demographic attributes, detection easiness, and multiple detectors,
which will shed light on this new topic of addressing face detection
bias.

∗Yu was a summer intern at Amazon while performing this work. She is currently a
PhD student at UCLA.
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1 INTRODUCTION
Fairness has become an important agenda in computer vision and
artificial intelligence research. Recent studies have shown thatmany
computer vision models and datasets exhibit demographic biases [6,
24] and also proposed mitigating strategies [10, 43]. Many real-
world AI systems such as self-driving cars or personal assistance
devices are getting equipped with visual sensors and inference
modules based on computer vision models. Biases in underlying
machine learning models can lead to unexpected negative outcomes
such as discriminating certain groups of people in employment [35]
or education [33].

Previous works on fairness in computer vision have attempted
to address accuracy disparity, spurious correlations, or unbalanced
representations in datasets in various automated tasks using facial
images such as face recognition, verification and expression and
attribute classification [1, 6, 9, 24, 39]. A face contains diverse cues
fromwhich both humans andmodels may infer various information
about the person, and there have been numerous applications and
datasets for automated facial analysis. The first major step in these
automated systems is face detection [42] – to find and localize any
faces in a given image. This is followed by subsequent processing
for each detected face to generate final model outcomes such as
identity, demographic attributes, or expression (Fig 1). Surprisingly,
there has been little effort in identifying or mitigating biases in face
detection. Existing studies have focused on biases in downstream
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Figure 1: A common processing pipeline for automated face analysis contains multiple steps and models. The first step in
these systems is face detection. Any hidden biases in the detection module can lead to biased sample selection in training
datasets for subsequent modules (i.e. classification) as well as the accuracy disparity of the whole system between demographic
groups. Previous studies on biases in computer vision facial models have only examined the biases of the second-stage classifier
in isolation. Our paper is aimed at investigating the biases of the first module, face detection, which will enable, along with
previous findings, a comprehensive approach in addressing pipeline biases.

tasks, assuming that there is no systematic biases in its prepro-
cessing steps including the detection stage. Biased face detectors
themselves pose a threat against fair and ethical AI systems, and
their biases may be further passed on to subsequent downstream
tasks in a computer vision system pipeline.

This paper therefore investigates the problem of biases in face
detection, focusing on accuracy disparity of detectors between de-
mopgrahic groups including gender, age group, and skin tone. We
collect perceived demographic attributes on a popular face detec-
tion benchmark dataset, WIDER FACE, report skewed demographic
distributions, and compare detection performance between groups.
In order to mitigate the biases, we apply three different mitiga-
tion methods that have been introduced in the recent literature
and also propose two novel methods. Experimental results show
that these methods are effective in reducing demographic biases.
We also discuss how the effectiveness varies by demographic at-
tributes, detection easiness, and multiple detectors, which will shed
light on this new topic of addressing face detection bias. Our main
contributions are as follows:

• We construct a novel dataset of demographic labels on a
public face detection benchmark dataset (WIDER FACE).

• We show that existing face detectors exhibit demographic
biases measured by performance disparity between groups
(equalized odds), which can further affect downstream tasks
in a pipeline.

• By using existing bias mitigation methods, we show that we
can significantly reduce the detection bias. We also propose
two novel mitigation methods, which are computationally
efficient and effective in bias mitigation. Previous studies on

biases in facial models have only examined the biases of the
second-stage classifier in isolation.

2 RELATEDWORK
Fairness and Biases in Computer Vision: While fairness and
demographic biases are relatively new topics in computer vision,
earlier works examined the issue of dataset bias in large scale image
datasets, i.e. how well a model trained from one dataset will per-
form on another dataset [16, 26, 41], which is also related to domain
adaptation and transfer [40]. [29, 30] introduced and discussed the
notion of representation bias, which refers to biases that occur in
a hierarchy of representations in which a task that requires high
level representation can be solved by only using low level repre-
sentation, e.g. the action of “playing the piano” can be recognized
by just seeing the piano in one static frame. Similar observations
have also been made in visual question answering [7, 22] and visual
reasoning [31]. All of these works address biases in computer vi-
sion, mostly concerning with limited or idiosyncratic ways in data
collection and their impacts on model generalizability, but these
biases are not specifically related to social or demographic biases.

Another line of work has focused on demographic biases, i.e.
biased datasets ormodels in the context of social groups and discrim-
ination, and investigated whether and how a model treats specific
individuals or groups, especially socially less-privileged groups, in
an undesirable or unfair way. Klare et al. [27] reported that vari-
ous face recognition methods consistently show lower matching
performance on females, Blacks, and age group 18–30 than other
groups. Buolamwini and Gebru [6] also reported that the gender
classification performance of commercial computer vision APIs
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was consistently lower for dark-skinned females than light-skinned
males. Similar demographic biases have been reported for a range
of tasks such as image classification [15, 23, 47], face attribute classi-
fication [10, 13, 24], expression recognition [9, 46], face recognition
and verification [18, 39], visual semantic role labeling [51], image
captioning [20],

Visual Bias Measurement and Mitigation: There has been
a great deal of effort to quantify biases and mitigate them in com-
puter vision datasets and models. Traditional datasets are often
biased as they disproportionately represent demographic groups,
e.g. White-dominated, which can lead to the performance disparity
of the trained models. A number of new datasets with balanced rep-
resentation on gender, race, and age-groups have been proposed to
allow accurate measurement and mitigation of such bias [19, 24, 39].
Collecting real images is effective but expensive and it is more
difficult to collect data from underrepresented groups. Therefore,
researchers have also proposed to use synthetic images to fill the
gap between groups. These synthetic or manipulated images can
also serve as counterfactual examples to measure counterfactual
or causal fairness [3, 13, 23], i.e. the exact impact of demographic
cues on the model bias.

Algorithmic approaches have also been proposed to mitigate
model bias given a fixed biased dataset. A straightforward mitiga-
tion strategy is to balance samples from a dataset, e.g. adjusting
sampling frequency or weight for each example based on the pro-
portion of its group in the dataset [8]. Another approach is fairness
through blindness [1] in which protected attributes are omitted
in the input and feature space such that trained models can’t use
the protected attributes in predictions. The omission of an input
variable doesn’t always prevent the model from using it because
the signal can still be inferred from other proxy variables. Adver-
sarial learning has been used to remove cues related to protected
attributes in the feature representation of a model [1, 43, 44]. An-
other line of work have used generated models to synthesize new
images or modify existing ones which can be used to either augment
unbalanced training dataset [38] or to measure model’s sensitivity
to protected attributes [3, 13, 23]. Recent methods have also consid-
ered the fairness issue in computer vision methods in connection
to other data type (e.g. text) for multimodal analysis such as image
captioning [4, 20, 50].

To the best of our knowledge, there has been no work about
measuring or mitigating demographic biases in face detection.1 The
closest work to our paper are biases in pedestrian detection [5, 45]
and facial landmark detection [28], but these domains are still very
different from face detection in terms of methods, datasets, and
applications. Two recent studies have measured demographic bi-
ases in face detection [14, 24], but they both used datasets in which
the faces were automatically selected by an existing face detector,
which is already biased, and thus these samples (which tend to be
much easier to detect than challenging examples in our dataset –
WiderFace) are not appropriate for the purpose of auditing a de-
tector. In addition, these papers do not propose any algorithmic
solution to mitigate biases in face detection. The lack of in-depth

1The term of “face detection” is sometimes misused in the literature. For example, [2]
studies biases in face classification without localization but uses the term of detection.
Face detection refers to the task of finding and localizing face instances in an image.
See Section 4.1 for the formal task definition.

analysis on face detection bias poses a serious risk to a large num-
ber of computer vision systems that use face detection as the first
preprocessing step. That is, while there have been numerous pre-
vious studies on computer vision fairness, most of these studies
potentially bear the same critical limitation in that they overlook
the fact that the very first computational module of these systems
may produce and transmit biases to the entire systems. Our paper
is aimed at investigating this critical issue for the first time by quan-
titatively measuring biases in face detection and applying popular
mitigation techniques.

3 A NEW BENCHMARK FOR FAIR FACE
DETECTION: WIDERFACE-DEMO

There has been no dataset that can be used to measure demographic
biases of face detectors. Face datasets with demographic labels have
been developed for other tasks such as face recognition [34] but
they are typically constructed semi-automatically by first running
a face detector to obtain candidate images and can’t be used for
our purpose because we are interested in what would be missed
by the detector. Instead of constructing a new dataset, we augment
an existing popular benchmark dataset, WIDER FACE [48], with
demographic labels such that current and future bias analysis can
be aligned with state-of-the-art face detection methods. WIDER
FACE contains 393,703 ground-truth face bounding boxes from
32,203 images. Since the bounding boxes in the test set (50% of the
dataset) are not publicly released, we only use the train set (40%)
and the validation set (10%).

We obtained perceived demographic attributes – gender, skin
tone, and age group – by a commercial annotation service. We
note that people’s true demographic attributes may not be perfectly
inferred from their facial images and therefore explicitly define
these as “perceived” attributes as shown in Figure 3. We use a de-
mographic categorization scheme commonly used in the literature
on fairness [3, 24]. Each face image was given to three annotators
and we took the majority responses as the assigned groups. Images
that received more than one “not sure” response were excluded
for the corresponding attribute. These demographic attributes are
auxiliary variables in our main task of face detection, which will be
used to compute specific bias-related loss functions and evaluate
accuracy disparity between groups. Therefore, we annotated a sub-
set of faces in the dataset (12,000 in the validation set and 25,000 in
the training set) to reduce cost.

WIDER FACE is imbalanced in terms of the demographic at-
tributes we annotated. To increase the diversity of examples in
the annotated subset in the training set, we first used a publicly
available face attribute model (FairFace [24]) to obtain demographic
attribute predictions and incrementally increased the dataset size
(the White-male category was quickly filled up and excluded in the
process). We did not use the protocol to sample from the validation
set because the set is small. Figure 2 shows the distribution of the
demographic attributes in the entire WiderFace-Demo set.

4 BIAS MEASUREMENT AND MITIGATION IN
FACE DETECTION

In this section, we formulate our problem by introducing the face de-
tection task and the definition of fairness used for the task. We then
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Figure 2: The demographic distribution of faces in Wider Face (random samples from the validation set).

Figure 3: The annotation questionnaires and categories.

introduce existing bias mitigation approaches and make adaptation
to them for the face detection task. Finally, we propose two novel
bias mitigation methods Attribute-Orthogonal Detection and
Attribute-Attended Learning which extend previous approaches.

4.1 Problem Formulation
4.1.1 Face Detection. The goal of face detection is to find every
instance of face in an input image. In computer vision, the term of
detection refers to localization, i.e. predicting the location and size
of an object rather than just classifying its type. The location and
size of an object instance is typically specified by a bounding box,
and there can be multiple bounding boxes in one image. The input
is an image 𝐼 and the outputs are a set of face bounding boxes with

confidence 𝑂 = {𝑡𝑖 = (𝑥𝑖 , 𝑦𝑖 ,𝑤𝑖 , ℎ𝑖 , 𝑝𝑖 )}. For the 𝑖th bounding box
(𝑡𝑖 ), 𝑥𝑖 , 𝑦𝑖 are its left top coordinates, and 𝑤𝑖 , ℎ𝑖 are its width and
height. 𝑝𝑖 is the confidence of the 𝑖th bounding box being a face.

Currently, the most popular approach in face detection is to use
convolutional neural networks [11, 21, 36]. These models typically
contain a feature extractor network 𝑓 and a light weighted detector
𝑑 which detects face bounding boxes from feature maps, namely
𝑂 = 𝑑 (𝑓 (𝐼 )). During training, the objective for face detection is
formed by a bounding box regression loss, 𝐿𝑟𝑒𝑔 and a classification
loss, 𝐿𝑐𝑙𝑠 .

min
\ 𝑓 ,\𝑑

𝐿 = 𝐿𝑟𝑒𝑔 + 𝐿𝑐𝑙𝑠 , (1)

where 𝐿𝑐𝑙𝑠 is typically a binary cross entropy (log loss) and 𝐿𝑟𝑒𝑔 is
a smooth-L1 loss which penalizes the misalignment between the
predicted bounding box and the ground truth bounding box [17].

4.1.2 Fairness Definition for Face Detection. The goal of our paper
is to minimize the accuracy disparity of a face detector between
demographic groups. The accuracy of a face detector is commonly
measured by average precision (AP) by treating each bounding
box as an example in a binary classification task. However, we use
recall instead of AP as our main measure for the following reason.
The face detection performance (i.e. AP) can be measured from
precision and recall (AP is computed as the area-under-curve of a
precision-recall curve).

𝑝𝑟 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
; 𝑟𝑐 =

𝑇𝑃

𝑇𝑃 + 𝐹𝑁
(2)

where 𝑇𝑃 , 𝐹𝑃 , 𝐹𝑁 refers to true positive, false positive and false
negative respectively. A true positive happens when a predicted
bounding box matches with a ground truth bounding box (i.e. Inter-
section over Union, IoU above certain threshold). A false positive
happens when a predicted bounding box doesn’t match with any
ground truth bounding box (i.e. wrong detection). A false negative
happens when a ground truth bounding box is not detected (i.e.
missed detection). Since our goal is to minimize the gap between
demographic groups, every example needs to be associated with a
demographic label. False positive bounding boxes do not have these
labels, and thus do not affect the accuracy gap between groups in
any meaningful way. We therefore select recall to measure face
detection performance (i.e. true positive rate – equal opportunity)
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and define the fairness goal by measuring standard deviation of
recall between groups. As recall is also quite sensitive to threshold
set for IoU, we apply the standard setting in face detection litera-
ture and calculate overall detection rate as the average recall in IoU
range 0.5:0.05:0.95 (from 0.5 to 0.95 with step size 0.05).

Since WiderFace is imbalanced across different demographic
groups (Fig. 2), we use the calibrated detection rate (recall) instead
of the overall detection rate as our main metric. The calibrated
detection rate is obtained by computing the average of the detection
rates of all the demographic groups, i.e., 𝑟𝑐 = 1

|𝐷 |
∑
𝑘∈𝐷 𝑟𝑐𝑘 , where

𝐷 is the set of demographic groups and 𝑟𝑐𝑘 is the detection rate
(recall) for each group. We then measure the standard deviation
of the calibrated detection rate over different demographic groups
as our bias metric, following the literature in fairness in computer
vision [24].

4.2 Mitigating Face Detection Biases
In this section we describe existing methods commonly used for
bias mitigation based on [44] and adapt them for face detection
task.

4.2.1 Sample Weighting. The simplest approach in bias mitigation
is to adjust weights for samples by the inverse of the probability
of the inclusion of their corresponding demographic groups in the
dataset. This will make each demographic group equally weighted
in training [44].

For each ground truth face bounding box 𝑖 , we assign a weight
𝑤𝑖 :

𝑤𝑖 =
𝑚𝑖𝑛𝑔,𝑎,𝑠𝑃𝑡𝑟 (𝑔, 𝑎, 𝑠)

𝑃𝑡𝑟 (𝑔𝑖 , 𝑎𝑖 , 𝑠𝑖 )
(3)

where 𝑔𝑖 , 𝑎𝑖 , 𝑠𝑖 are the demographic labels (gender, age, skin tone)
for bounding box 𝑖 . 𝑃𝑡𝑟 (𝑔, 𝑎, 𝑠) is the distribution of demographic
labels in the dataset and

∑
𝑔∈𝐺,𝑎∈𝐴,𝑠∈𝑆 𝑃𝑡𝑟 (𝑔, 𝑎, 𝑠) = 1. The objective

for face detection then becomes

min
\ 𝑓 ,\𝑑

𝐿 =
1
𝑁

𝑁∑︁
𝑖=1

𝑤𝑖 (𝐿𝑟𝑒𝑔,𝑖 + 𝐿𝑐𝑙𝑠,𝑖 ) (4)

where𝑁 is the number of samples in the dataset, 𝐿𝑟𝑒𝑔,𝑖 and 𝐿𝑐𝑙𝑠,𝑖 are
the regression and classification losses on sample 𝑖 . For convenience,
we refer to this method as "Weighted" in figures and tables.

4.2.2 Adversarial Training. We aim to learn a feature extractor
𝑓 such that the feature embedding for each image is informative
for the face detection task, 𝑑 , whilst being uninformative for a
demographic classification model 𝑐 .
Uniform Confusion Loss. Following [44], we consider the uni-
form confusion loss [1].

𝐿𝑎𝑑𝑣 =
1
𝑁

𝑁∑︁
𝑖=1

1
|𝐷 |

∑︁
𝑘∈𝐷

− log 𝑐𝑘 (𝑓 (𝑡𝑖 )) (5)

where 𝑁 is the number of samples in the dataset and |𝐷 | is the
number of classes of certain demographic attribute (e.g. 2 classes
for gender). 𝑓 (𝑡𝑖 ) is the feature representation for a bounding box
prediction, 𝑡𝑖 . 𝑐𝑘 () is the output of the demographic attribute clas-
sifier for the 𝑘-th group. This loss function is minimized when the
classifier, 𝑐 , produces even outputs across all the categories, i.e., the

feature representation, 𝑓 , does not contain any information about
protected attributes.

The overall objective for face detection becomes

min
\ 𝑓 ,\𝑑 ,\𝑐

𝐿 = 𝐿𝑐𝑙𝑠 + _ · 𝐿𝑟𝑒𝑔 + 𝛼 · 𝐿𝑎𝑑𝑣 (6)

where 𝛼 is the weight for adversarial loss. The weight for the re-
gression loss, _ is given from the original paper of RetinaFace [44].
We refer to this method as "Adv-Confusion" for adversarial uniform
confusion loss.
Gradient Reversal. We also consider the gradient reversal tech-
nique proposed in [37]. The adversarial loss for gradient reversal is
a standard classification loss:

𝐿𝑎𝑑𝑣 =
1
𝑁

𝑁∑︁
𝑖=1

log 𝑐𝑘𝑖 (𝑓 (𝑡𝑖 )), (7)

where 𝑘𝑖 is the demographic category label for the face bounding
box, 𝑡𝑖 .

Gradient Reversal training is standard adversarial training where
the feature extractor tries to generate features that confuse the de-
mographic classifier while the demographic classifier tries to clas-
sify the features into different demographic groups. It encourages
the feature extractor to generate features that contain minimum
demographic information. The training procedure is as follows.

Algorithm 1 Gradient Reversal Training

1: for epochs do
2: for mini-batches do
3: Optimize demographic classifier. min\𝑐 𝐿𝑎𝑑𝑣
4: Optimize feature extractor and detector with reversed

gradients from classifier.
5: min\ 𝑓 𝑒 ,\𝑑𝑒𝑡 𝐿𝑟𝑒𝑔 + 𝐿𝑐𝑙𝑠 − 𝛼 ∗ 𝐿𝑎𝑑𝑣
6: end for
7: end for

4.3 Attribute-Orthogonal Detection
The existing methods for bias mitigation have a few limitations.
First, Sample Reweighting usually struggles when the dataset does
not contain sufficient samples for a specific demographic group.
Second, adversarial training attempts to achieve fairness by enforc-
ing a model to not learn features that are useful for demographic
group classification. However, such features may still be useful for
detection. For example, eye-glasses may be correlated with age
group but can help face detection. Adversarial training will force
to not learn these features. Recent studies have also shown that
removing spurious features can decrease the model accuracy [25].

Therefore, we propose an alternative learning algorithm called
Attribute-Orthogonal Detection that can still encourage to learn
useful features but decorrelate features for detection and demo-
graphic attribute classification. This is done by simply adding a
regularization term that penalizes the correlation between the pa-
rameters of detector \𝑑𝑒𝑡 and the parameters of the demographic
attribute classifier \𝑐𝑙𝑠 which share the same features from feature
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extractor \ 𝑓 𝑒 .

𝐿𝑜𝑟𝑡ℎ𝑜 =
| |\𝑑𝑒𝑡 · \𝑐𝑙𝑠 | |1

| |\𝑑𝑒𝑡 | |2 · | |\𝑐𝑙𝑠 | |2
(8)

This regularization term allows us to encourage the detector and
the attribute classifier independent in the feature space while not
completely prohibiting the overlap between them. The optimization
is also simpler than adversarial training, which requires to solve
a min-max optimization problem. The objective for face detection
then becomes

min
\ 𝑓 𝑒 ,\𝑑𝑒𝑡 ,\𝑐𝑙𝑠

𝐿𝑟𝑒𝑔 + 𝐿𝑐𝑙𝑠 + 𝛼 ∗ 𝐿𝑜𝑟𝑡ℎ𝑜 (9)

4.4 Attribute-Attended Learning
We propose another mitigation method that can learn effective fea-
tures for diverse demographic groups using attention. This method
is related to domain independent training proposed by [44], where
a model is trained to treat each demographic category (domain)
separately. For example, separate detectors can be trained to detect
male faces and female faces in this case (or their feature networks
may be shared). While such a method can effectively separate dis-
tinct classes, we also note that boundaries between demographic
categories are not very clear and many face images may fall into
areas between classes (e.g., skintone type 3 vs. 4).

To effectively model this continuous space, we use an attention
mechanism as shown in Fig. 4. The core utility of the attention in
this method is to let the model attend to different features for the
detection task based on its beliefs about demographic attributes.
Specifically, the model first computes the feature for a bounding box
𝑡𝑖 , 𝑓 (𝑡𝑖 ), and this is used to predict demographic attributes, 𝑐 (𝑓 (𝑡𝑖 )).
This prediction is transformed into the feature attention vector, 𝑎𝑖 ,
of the same dimension as 𝑓 (𝑡𝑖 ). Finally, 𝑓 (𝑡𝑖 ) is reweighted by 𝑎𝑖
by an element-wise multiplication before it is passed to the detector,
𝑑 . Therefore, 𝑎𝑖 controls how much each feature in 𝑓 (𝑡𝑖 ) should
contribute to the final detection output.

5 EXPERIMENTS
5.1 Measuring Face Detection Bias
We use three widely-used face detectors in the experiments. Reti-
naFace [12] is a popular single stage face detector using a feature
pyramid and context modules. We adopt two variants of RetinaFace
with different backbone networks: ResNet-50 and MobileNet-0.25.
The former has a better accuracy and the latter is more efficient.
MobileNet is a very popular light-weight model, frequently used in
mobile devices, which may have more direct impacts on ordinary
people. We also use MTCNN [49] to evaluate face detection bias
effect on downstream task. In all cases, we use the model imple-
mentation provided by the authors and follow the same training
protocols.2

We first measured the biases of these existing detectors for dif-
ferent demographic groups. As mentioned before, we define our
fairness metric as the standard deviation of calibrated detection rate
over the range of IoU thresholds in 0.5:0.05:0.95. We found a consid-
erable amount of biases from the given range of IoU thresholds as
2As part of our work, we did not collect any face landmarks or biometric identifiers.

shown in Figure 6. Models with lower detection performance tend
to show larger biases than more accurate models. RetinaFace with
ResNet-50 shows a lower bias between skin-tone groups than Reti-
naFace with the MobileNet backbone while having similar biases
for gender and age group.

Fig. 7 also shows that the detector yields lower detection perfor-
mance for the darker skintone groups than the lighter groups. This
pattern is also consistent with the relative size of the groups in the
training dataset. The same pattern was found for the case of age
group with an exception that the 18 and Under group yields the
best detection performance while they represent a smaller subset
in the training dataset compared to other groups. We believe this is
because the people in this age group tend to appear in the center
of images, many of which are clean portraits targeting them.

5.2 Mitigating Face Detection Bias
We report the effectiveness of mitigation methods introduced in
Section 4.2 using the same dataset. Ideally, an effective mitigation
method should be able to minimize the bias in each demographic
group while maintaining higher calibrated detection rates. Table.
1 and Table. 2 summarize the calibrated detection rates and bias
for different mitigation methods. Fig. 5 also visualizes the trade-
off between overall detection performance and inter-group bias.
For mitigation methods "Adv-Reverse", "Adv-Confusion", "Ortho",
"Attend", we train several models variants with different hyper-
parameters and visualize several data points in Fig. 5 . Generally,
different mitigation methods show similar calibrated detection rate
compared to baseline. Among them, "weighted" (simply reweighting
samples) and "Adv-Reverse" show limited bias reduction compared
to baseline, while other methods generally shows certain amount of
reduction in bias. On smaller model (MobileNet-0.25), Our proposed
methods "Ortho" demonstrates the best bias reduction by reduc-
ing 0.15% in overall bias measured by standard deviation between
groups (10.2% relatively compared to baseline). Our proposed meth-
ods "Attend" and "Adv-Confusion" (adversarial confusion loss) also
show decent amount of reduction in bias by reducing 0.07% (4.8%
relatively) and 0.08% (5.4% relatively). On larger model (Resnet-50),
we observe a similar trend, where our proposed methods "Ortho"
and "Attend" and "Adv-Confusion" show most improvement in bias
reduction while maintaining similar calibrated detection rate. Note
that although "Adv-Reversal" reduces significant bias 0.18%(15.1%
relatively), it also has a significant drop in calibrated detection
rate by 1.1%. From Fig. 5, we also observe similar trend that "Adv-
Confusion", "Ortho" and "Attend" have more improvement on bias.
These results (the difference between the baseline and other meth-
ods) are statistically significant and all the mitigation methods
significantly improve the bias of the baseline model on at least
one demographic category (p-val < 0.001) with an exception of the
age group for the MobileNet model. This was tested by comparing
the detection performance between methods for the group which
shows the lowest performance via McNemar’s Test.

5.3 Estimating Impact of Face Detector Bias in
Downstream Tasks in CV Pipelines

We also discuss the potential impact of the bias of a face detector on
downstream applications which take detected bounding boxes as an
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Figure 4: Our attribute feature attention pipeline.

Figure 5: Trade-off between overall detection performance and inter-group bias. Multiple points were obtained by varying the
hyperparameter 𝛼 ∈ {0.1, 1, 10.0}

input to the systems. For example, a security application using face
verification will first detect and localize a face in an input image
and then verify the identity of the face. If a face is not detected at
all, it will be impossible for the system to further process the face.
Thus, any biases in a face detector in a computer vision pipeline
will be accumulated in the overall bias of the system.

To measure the exact degree of the impact, however, is chal-
lenging because most face image datasets for face analysis, except
the ones developed for face detection (e.g. Wider-Face), have been
created by using face detectors, which we have shown are biased.
That is, most faces in these datasets are detectable even by a biased
face detector.

To understand the impact of bias accumulation in a computer
vision pipeline, we instead measure the changes in classification
accuracy for a downstream classification task due to the bounding

box alignment error of a detector. A face detector performs a binary
classification task (whether there is a face or not in a given location)
and a prediction task for precise alignment for a bounding box. Any
biases in a face detector can therefore have two types ( face and
bounding box) of impacts on subsequent modules. We are interested
in measuring the second impact, i.e. a potential bias that can be
caused due to the alignment error.

To this end, we use CelebA [32], a public face attribute classifica-
tion benchmark dataset, to measure how the classification accuracy
is affected by the alignment error. The CelebA dataset provides
facial images which have been pre-detected and aligned such that
a classifier can be trained and evaluated with these pre-aligned
images. In a real-world computer vision system, however, any faces
should be first detected and aligned using a detector. This detector
will produce imperfect detection bounding boxes, whose errors
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Figure 6: Demographic biases in face detectors measured at different IoU thresholds.

Figure 7: Performance disparity of a baseline detector (RetinaFace with Mobilenet-v1).

Table 1: Calibrated Detection Rates (Recall) averaged over IoU thresholds in the range of (0.5:0.05:0.95)

RetinaFace-MobileNet-0.25

Attribute Calibrated Detection Rates (%) ↑
Baseline Weighted Adv-Reverse Adv-Confusion Ortho Attend

Overall 65.19 65.28 65.46 65.20 65.29 64.95
Gender 65.63 65.70 65.96 65.67 65.69 65.35
Age 65.19 65.18 65.46 65.21 65.35 64.88

SkinTone 64.75 64.98 64.95 64.73 64.83 64.62
RetinaFace-Resnet-50

Attribute Calibrated Detection Rates (%) ↑
Baseline Weighted Adv-Reversal Adv-Confusion Ortho Attend

Overall 70.89 70.88 69.75 71.26 70.74 70.70
Gender 71.32 71.19 70.02 71.66 71.13 71.09
Age 70.87 70.86 69.73 71.26 70.77 70.74

SkinTone 70.48 70.58 69.51 70.87 70.33 70.26

are uneven across demographic groups as shown in the previous
section. Therefore, we compare the performance gap between two
cases – one using perfectly aligned bounding boxes, and the other
using boxes produced by an automated detector (we used publicly
available pre-trained detectors) – as a way to estimate the impact
of detector errors on a subsequent classifier.

Figure 8 shows how much imperfect and biased detection can
further increase the bias of face attribute classification. This result
is also related to bias amplification where the bias of the dataset
is amplified in the model [51]. In our case, we show that the bias
of the detector can amplify the bias of subsequent downstream
tasks. Note that we only consider the gender attribute in CelebA to
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Table 2: Bias (standard deviation between groups) averaged over IoU thresholds in the range of (0.5:0.05:0.95). For overall bias
comparison, we also show relative improvement over baseline. For example 1.32(10.2%) means relatively 10.2% improvement
over baseline. Note that it is always possible to lower the model bias by compromising the detection performance (use higher
𝛼). To make meaningful comparisons, we chose the model whose detection performance is not lower than the baseline’s
performance by 0.5% (See Table 1). The only exception is Adv-Reversal for Resnet-50 whose best detection performance was
1.14% lower than the baseline.

RetinaFace-MobileNet-0.25

Attribute Biases (%) ↓
Baseline Weighted Adv-Reverse Adv-Confusion Ortho Attend

Overall 1.47 1.41(4.1%) 1.43(2.7%) 1.39(5.4%) 1.32(10.2%) 1.40(4.8%)
Gender 1.55 1.54 1.49 1.39 1.34 1.44
Age 1.54 1.69 1.48 1.55 1.50 1.69

SkinTone 1.31 0.98 1.32 1.01 1.12 1.07
RetinaFace-Resnet-50

Attribute Biases (%) ↓
Baseline Weighted Adv-Reversal Adv-Confusion Ortho Attend

Overall 1.19 1.11(6.7%) 1.01(15.1%) 1.04(12.6%) 1.02(14.3%) 1.04(12.6%)
Gender 1.08 1.01 0.76 0.97 1.00 0.94
Age 1.51 1.46 1.56 1.23 1.24 1.30

SkinTone 0.96 0.85 0.91 0.88 0.81 0.88

separate demographic groups and measure the classifier accuracy
on the remaining 35 attributes because it does not have the same
age and skintone categorization as our dataset. This inaccuracy
originated from a detector will have an additional impact on top
of the biases that already exist in the attribute classifier itself [6],
i.e. accumulated bias. This suggests that it is critical to evaluate
computer vision systems and pipelines holistically in addition to
unit-level evaluations.

Figure 8: The impact of the precise bounding box alignment
of a detector on the accuracy of a subsequent attribute clas-
sifier. The classifier becomes less accurate when using pre-
dicted bounding boxes than using annotated bounding boxes.
The box indicates the minimum, median, and maximum per-
formance change, The line plot indicates the mean of the
changes. The differences are all significant.

6 CONCLUSION
Face detection is a widely used computer vision technique and a
critical preprocessing step for other facial applications such as face
recognition or attribute editing. While prior studies have attempted
to address fairness and biases in various face-based computer vi-
sion models and datasets using an existing detector, little has been
known about the existence and effects of biases in face detection
itself. Since face detectors are commonly used as the required pre-
processing step to find any faces in an image, any subsequent
processing may be affected by the hidden biases of detectors.

In order to address this critical issue, we first created a novel
dataset of demographic attributes of people using a popular face de-
tection benchmark dataset, WiderFace. Using the labels, we showed
that the dataset is significantly unbalanced and the existing face
detectors trained from it also exhibit demographic biases. We then
applied three different mitigation methods and proposed two novel
mitigation methods and demonstrated that we can effectively re-
duce biases even with the biased training dataset.
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