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Abstract

As computer vision systems are being increasingly de-
ployed at scale in high-stakes applications like autonomous
driving, concerns about social bias in these systems are ris-
ing. Analysis of fairness in real-world vision systems, such
as object detection in driving scenes, has been limited to ob-
serving predictive inequity across attributes such as pedes-
trian skin tone [41], and lacks a consistent methodology to
disentangle the role of confounding variables e.g. does my
model perform worse for a certain skin tone, or are such
scenes in my dataset more challenging due to occlusion
and crowds? In this work, we introduce ICON2, a frame-
work for robustly answering this question. ICON2 lever-
ages prior knowledge on the deficiencies of object detection
systems to identify performance discrepancies across sub-
populations, compute correlations between these potential
confounders and a given sensitive attribute, and control for
the most likely confounders to obtain a more reliable esti-
mate of model bias. Using our approach, we conduct an
in-depth study on the performance of object detection with
respect to income from the BDD100K driving dataset, re-
vealing useful insights.

1. Introduction
Computer vision models today are being deployed in

high-stakes applications such as self-driving cars and job
hiring. These vision models rely on datasets for learning
which often contain undesirable biases that are perpetuated
and in some cases amplified by these models, which can re-
sult in inequitable performance for certain sub-populations
[4,10,49]. Within computer vision, fairness assessment has
been limited to the relatively simple task of image classifi-
cation [9, 34, 40], with limited work in evaluating fairness
in more complex tasks such as object deteciton [41] In this
work, we introduce a methodology for inspecting biases in
object detection models trained on driving datasets.

Identifying biases in detection systems is challenging
due to complex performance metrics in combination with
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Figure 1. Overview. We seek to reliably benchmark performance
discrepancies in object detection systems used for autonomous
driving across driving scenes from varying income levels. We pro-
pose ICON2, an automated framework that only uses test data and
no retraining to Identify and Control for Confounders (such as in-
stance size, occlusion, or weather) while evaluating predictive in-
equity, yielding more reliable insights.

contextual [32] and co-occurrence biases [49] across visu-
ally diverse driving scenarios. Prior work [41] has primar-
ily relied on directly computing performance discrepancies
across sub-populations to evaluate fairness across a sensi-
tive attribute (in their case, skin tone). In practice however,
this does not provide reliable insights to inform mitigation
solutions. For example, simply knowing that average preci-
sion of a detector is 2 points higher in high-income neigh-
borhoods than in low-income ones may not tell us the com-
plete story, without controlling for possible confounders:
e.g. were a higher percentage of images from low-income
areas collected at nighttime, making detection harder? Sim-
ilarly, were images form high-income areas less crowded
or occluded, which made detection easier? Not control-
ling for these may lead to flawed conclusions that lead to
misguided interventions (such as collecting more data from
low-income regions, rather than addressing the underlying
data collection protocol discrepancies). While other high-
stakes applications such as medicine have long-emphasized
the importance of considering confounders when assessing
bias [33], autonomous driving research is yet to adopt this



protocol. In this work, we provide a principled framework
to identify and control for such confounding factors when
measuring predictive inequity across a sensitive attribute.

Concretely, we leverage prior knowledge on known de-
ficiencies of object detection systems, such as small objects
or nighttime scenes [5, 13, 26, 47], and seek to quantify the
extent to which such attributes impact the observed system
biases. Our algorithm, that we call Identify and Control for
Confounders (ICON2), first ranks a set of such attributes ac-
cording to their potential impact on performance, and then
validates this ranking by measuring the performance dispar-
ity while controlling for the effects of top-ranked attributes.

Using our approach, we conduct an in-depth study on the
detection performance disparity across income levels on the
BDD100K [46] dataset for autonomous driving. We con-
sider innate object detection deficiencies as potential con-
founders, including object size, time of day, occlusion, and
weather. Our method first identifies the most likely con-
founders, e.g. finding that a larger proportion of small cars
in images from lower-income regions likely contributes to
worse performance. We then control for the likely con-
founders to see if it explains away the observed bias. Our
analysis illuminates the complexity assessing fairness in ob-
ject detection, and takes a step towards robust benchmark-
ing that may guide more effective interventions.

2. Related Work
Fairness Toolkits. Several analysis tools [3,8,14,17,18,37]
exist to discover biases in datasets and models. For ex-
ample, Google’s Know Your Data [8] focuses on discover-
ing correlations between attribute labels and metadata la-
bels in TensorFlow image datasets. However, this work
only focuses on ground truth label correlations, limiting
the discovery of bias. Extending this idea, REVISE [37]
focuses on examining the dataset to discover biases along
three dimensions: (1) object-based, (2) person-based, and
(3) geography-based. However unlike us these works do
not study complex tasks like object detection, and do not
evaluate the impact of such correlations on performance.
Fairness in Object Detection. While much prior work
in vision has investigated bias in image classification sys-
tems [24, 32, 48], object detection models differ in model
architecture and performance metrics, necessitating their
own study. Prior work has investigated object detection
datasets more generally [29,30], however to our knowledge
only one prior work has touched on fairness in object de-
tection. Wilson et al. [41] studied the predictive inequities
between light-skinned and dark-skinned pedestrians using
two SOTA two-stage detection systems. They aim to iden-
tify the role of two possible reasons for such inequity: time
of day and occlusion, but propose a retraining-based strat-
egy to control for these. We take inspiration from this work
and develop a general methodology to reliably measure bias

by controlling for various factors without retraining.
Common Deficiencies in Object Detection. There have
been several works aimed at understanding factors that hurt
object detection performance [6,19,27,45,47]. We describe
these factors in Sec 3.3 and leverage these works to perform
our study of bias in object detection.

3. Approach
We now introduce our approach to reliably benchmark

predictive inequity in object detection for self-driving.

3.1. Preliminaries

A key aspect of our approach is to consider different un-
derlying factors that can be used to describe aspects of the
data. We refer to these quantities as attributes, which can be
any additional categorical variables with which the data is
annotated. Example attributes include: time of day, object
size, geolocation, camera resolution, etc. In addition, we
consider an attribute as sensitive if it corresponds to quanti-
ties that have legal or ethical implications. Example sensi-
tive attributes include: income level, gender, race, etc. For
clarity, we refer to attributes across which we are not inter-
ested in inspecting bias, but which may still act as potential
confounders, as explanatory attributes.
Fairness. We define a model to be unbiased or fair with re-
spect to any attribute if the performance of the system (mea-
sured by average precision in our case) is independent of the
attribute. For an attribute, A, with three values, a, b, c, the
goal would be to have equal performance:

APa = APb = APc (1)

This definition is a generalization of the equality of accura-
cies fairness metric [36].
Computing AP per Attribute Value. For simplicity of no-
tation, we present our approach considering a single class
and note that it can be applied independently per-class. For
a given category and sensitive attribute A, we compute AP
for each value taken by the sensitive attribute APai

by only
considering images that have positive ground truth anno-
tations for the class of interest and for the sensitive at-
tribute value, ai. This strategy has a long history in ob-
ject detection challenge datasets such as PASCAL [11] and
MSCOCO [23] that use this approach to compute AP across
object sizes (for values “small”, “medium”, and “large”).

However, AP is known to be highly sensitive to the num-
ber of positive samples in the evaluation set. Let Ni denote
the number of positive instances corresponding to attribute
value ai. Let Ri(c) denote recall (fraction of instances de-
tected with a confidence of at least c) of the object detection
model over this subset and Fi(c) the corresponding number
of false positives. Standard precision for group Pi(c) is:

Pi(c) =
Ri(c)×Ni

Ri(c)×Ni + Fi(c)
(2)



Algorithm 1 Explanatory Attribute Ranking Algorithm

Require: Explanatory Attribute Set E
Require: Sensitive Attribute (A)

VAR = [ ] ▷ variance of explanatory attribute ProxyAPs
for ej ∈ E do ▷ explanatory attribute: e.g., size

▷ AP per explanatory attribute value
Compute APej ∀ej ∈ E
▷ Empirical Distribution
Compute P (ej |ai) ∀ej ∈ E,∀ai ∈ A
▷ ProxyAP per sensitive value
ProxyAPE

ai
=

∑
ej∈E P (ej |ai) ·APej

µE
A = 1

|A|
∑

ai∈A ProxyAPE
ai

σ2(ProxyAPE
A) =

1
|A|

∑
ai∈A(ProxyAPE

ai
− µE

A))
2

VAR = [VAR, σ2(ProxyAPE
A)]

end for
return sorted(VAR) ▷ Rank explanatory attributes

To meaningfully compare AP values across sets with
potentially different numbers of positive instances, we
leverage the normalization strategy proposed by Hoeim et
al. [16], which computes normalized precision PN,i(c), by
replacing Ni with a constant N, where N is the mean of Ni

across all values of ai:

PN,i(c) =
Ri(c)×N

Ri(c)×N + Fi(c)
(3)

These normalized precision values are then interpolated and
averaged across recall values to produce APai

.
Variance in Attribute Performance. To quantify the im-
pact of an attribute, A on performance, we consider the vari-
ance of performance across all attribute values, ai ∈ A

µA =
1

|A|
∑
ai∈A

APai
(4)

σ2(APA) =
1

|A|
∑
ai∈A

(APai
− µA)

2 (5)

Attributes with high performance variance, σ2(APA),
have large differences in performance across different at-
tribute values. A sensitive attribute with high performance
variance suggests a possible model bias across that attribute.

3.2. Identifying and Controlling for Confounders

We now introduce our ICON2, our two-stage framework
that first identifies and ranks potential confounders, and
then controls for them to obtain more reliable estimates of
predictive inequity.

3.2.1 Ranking Potential Confounders

Given a sensitive attribute, A with non-zero attribute vari-
ance σ2(APA) (see Eq. 5) we aim to provide a potential

explanation. To do so, our approach first ranks a set of
explanatory attributes by their potential impact on model
performance across the sensitive attribute. To compute this
ranking, we define a proxy performance metric. While the
variance of an explanatory attribute σ2(APE), indicates the
degree to which performance varies as a function of the ex-
planatory attribute values, ei ∈ E, this measure alone is
insufficient to explain any observed variance for our sensi-
tive attribute, A, as it doesn’t account for the relationship
between the two.

Instead, we consider the conditional distribution of an
explanatory attribute given the sensitive attribute value,
P (E|ai). Intuitively, if the explanatory attribute is indepen-
dent of the sensitive attribute we would find that the con-
ditional distribution does not differ based on the sensitive
attribute value, so that P (E|ai) = P (E|aj) ∀ai, aj ∈ A.

For an explanatory attribute to impact the performance
variance of a sensitive attribute, we need both for the ex-
planatory attribute to have high performance variance and
for the sensitive attribute to be dependent on the explana-
tory attribute. To capture these two notions, we introduce
a metric that we call the Proxy AP, which for a sensitive
attribute value ai and explanatory attribute E is given by:

ProxyAPE
ai

=
∑
ej∈E

P (ej |ai) ·APej (6)

ProxyAP captures performance for a sensitive group
ai as a function of the explanatory attribute performance
weighted according to the distribution of the explanatory
attribute under the sensitive group. Next, we compute
the performance variance (Eq. 5) across proxyAP values,
σ2(ProxyAPE

A), in order to quantify the influence of an ex-
planatory attribute E on model performance discrepancy
across a sensitive attribute A.

Finally, we sort explanatory attributes in our set in de-
creasing order of σ2(ProxyAPE

A). This provides us with a
list of explanatory attributes to investigate ranked by impor-
tance, which we utilize in the next step of our method. Our
ranking approach is summarized in Algorithm 1.

3.2.2 Controlling for Confounders

The explanatory attribute ranking algorithm helps to
quickly arrive at directions of study for understanding and
mitigating performance discrepancies. To obtain a reliable
estimate of predictive inequity with respect to a sensitive
attribute, we need to control for top-ranked explanatory at-
tribute and see if they explanin away the high variance in
sensitive attribute performance.

To control for the explanatory attribute, we consider in-
stances that are just part of one explanatory attribute value,
ej , and part of a sensitive attribute value, ai. We can com-
pute performance, AP, on this set of instances (APai,ej ).
Next, to determine whether controlling for this explanatory



attribute reduces variance, we use Eq. 5 to compute vari-
ance across settings of the sensitive attribute, σ2(APA,ej ),
for a single explanatory attribute value. Finally, we take the
mean of the variance across settings of the explanatory at-
tribute, µ(σ2(APA,ej ) ∀ej ∈ E), and compare this average
to the original variance across the sensitive attribute before
controlling, σ2(APA).

If the variance in performance after controlling for the
explanatory attribute, µ(σ2(APA,ej )∀ej ∈ E), is less than
the original variance in performance, σ2(APA), there is
strong evidence that a possible reason for the measured per-
formance discrepancy in the sensitive attribute is due to the
known poor performance of this explanatory attribute in
object detection. However, if the variance still persists, it
shows that while this explanatory attribute may be corre-
lated with the sensitive attribute, it is not substantially af-
fecting the performance of the model.

3.3. Common Explanatory Attributes in Detection

Our approach relies on a set of explanatory attributes.
We propose to leverage the vast literature on factors that
are common failure modes of object detection systems, as
a guide to further investigate and explain performance dis-
crepancies across a sensitive attribute. We now detail a
(non-exhaustive) list of factors which are known to nega-
tively impact detection performance: Instance Size [1,5,21,
47], Occlusion [12,27,31], Crowded scenes [7,19,44], Illu-
mination [6, 42], Weather [13, 26], Contrast [20, 45], Scene
Layout [2, 38], Aspect Ratio [25, 35, 39].

Many of these attribute values are implicit with object
ground truth labels (e.g. instance size, aspect ratio, con-
trast, scene illumination, occlusion, and crowds can all be
exactly or approximately measured). Other quantities like
the weather or time of day can be usually extracted from the
meta data associated with the captured images.

4. Experiments
4.1. Dataset & Implementation Details

We evaluate our framework on the BDD100K Driving
Dataset [46] which contains bounding box annotations for
100k images and 13 classes (‘bicycle’, ‘bus’, ‘car’, ‘motor-
cycle’, ‘other person’, ‘other vehicle’, ‘pedestrian’, ‘rider’,
‘traffic light’, ‘traffic sign’, ‘trailer’, ‘train’, ‘truck’), from
diverse scene types, weather conditions, and times of day.

We study how object detection performance varies
across the sensitive attribute of income level (A). We limit
our data to New York City to normalize for cost of living.
To obtain income annotations, we follow REVISE [37], and
correlate the GPS coordinates for each image (available for
68% of the dataset) with a median income ranging from
$21.4k up to $250k. After associating these images with
a median income value, we construct three equally-sized

APa (A = Income)
Class AP low middle high σ(APA)

All Classes 36.5 38.4 ±0.1 37.3 ±0.2 35.4 ±0.1 1.52
Car 49.8 48.7 ±0.1 49.6 ±0.1 53.2 ±0.1 2.38
Pedestrian 34.4 38.6 ±0.2 37.3 ±0.2 29.7 ±0.1 4.80
Truck 45.0 44.8 ±0.3 45.7 ±0.3 48.5 ±0.2 1.90
Traffic Sign 37.3 38.0 ±0.1 37.8 ±0.1 35.2 ±0.1 1.53
Traffic Light 25.1 25.6 ±0.1 25.8 ±0.1 23.5 ±0.1 1.27
Bus 48.2 51.3 ±0.4 49.3 ±0.5 46.3 ±0.4 2.49
Motorcycle 24.3 26.7 ±0.8 25.5 ±0.8 23.9 ±0.6 1.43
Bicycle 25.4 33.5 ±0.7 26.6 ±0.8 23.6 ±0.3 5.05

Table 1. Analysis of model performance on Income attribute
across all 8 classes (row 1), and on each class independently in
BDD100K. For each row we measure overall AP within each of
the three sensitive attributes (‘low’, ‘middle’ and ‘high’ income)
and standard deviation in performance across these values.

income bins: low-income ($21.4k-$62.1k), middle-income
($62.1k-$93.4k), and high-income ($93.4k-$250k).

We use the Detectron2 library [43] and employ with a
Faster-RCNN model [28] pretrained on ImageNet [30] with
a ResNet [15] + FPN [22] backbone. We finetune this
model on the 70k training set images in BDD100K with
GPS annotations and evaluate on the validation set of 20k
images. We limit our evaluation to 8 classes (‘bicycle’,
‘bus’, ‘car’, ‘motorcycle’, ‘pedestrian’, ‘traffic light’, ‘traf-
fic sign’, ‘truck’), removing classes with very few examples
or high label noise. To verify the effectiveness of the trained
detector, we compute mean average precision (mAP) across
all 8 classes in the BDD100K validation set, observing an
mAP of 36.5, which is on-par with modern baselines.

4.2. Results

First, we compute both example performance per ex-
planatory attribute (APej ) as well as the distribution of
each explanatory attribute by income level (P (E|ai)) for
all classes. A visualization of the results for the Car class
(Fig. 2) and the Pedestrian class (Fig. 3) are provided as
reference. We restrict our study in the main paper to the
‘car’, ‘pedestrian’, and ‘truck’ classes (rest in appendix) as
they exhibit a potential bias (indicated by high variance) and
have sufficient instances in each sensitive value even after
controlling for the explanatory attribute, allowing for reli-
able AP estimates.

Next, we compute mean AP on the validation set over
the 8 classes from BDD100K at a 95% confidence inter-
val for each income value (‘low’, ‘middle’, and ‘high’), and
the variance in performance of these values as described in
Sec. 3. Results are presented in Table 1. As shown, we
get mAP values of 38.4 ±0.1, 37.29 ±0.2, and 35.43 ±0.1 for
the low, middle, and high income values respectively (Table
1, row 1). Notice that as income increases, performance de-
creases. This inverse relationship between performance and
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Figure 2. Analysis of the Car class in BDD100K. Performance vs explanatory attribute (APei , top row) and the distribution of the
explanatory attribute values within each sensitive attribute value (P (E|a), bottom row).
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Figure 3. Analysis of Pedestrian class in BDD100K. Performance vs explanatory attribute (APei , top row) and the distribution of the
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income suggests that the model could be performing worse
on higher income groups, but does not account for under-
lying confounders that may explain away this discrepancy.
Moreover, each of the 8 classes do not follow the same re-
lationship (e.g. income and performance are directly corre-
lated for the car class). We now proceed to run our proposed
method ICON2 to discover and control for confounders in
order to obtain reliable fairness estimates.

4.2.1 Ranking Confounders
To simplify analysis, we consider one class at a time. For
each class, we identify and rank explanatory attributes that
could explain away the observed performance gap across in-
come levels. We consider five (non exhaustive) explanatory
attributes (described in Sec 3.3) as possible confounders,
to study further (instance ‘size’, ‘time of day’, ‘occlusion’,
‘weather’, and ‘scene’) for which we have dataset annota-
tions. We follow the strategy described in Algorithm 1 to
rank potential confounders in descebding order of perfor-
mance variance in ProxyAP. We report these ordered values
for the car, pedestrian, and truck, in the second column of
Table 2. As seen, our preliminary ranking indicates that

size is likely to be the largest confounder for the car and
truck classes, whereas for pedestrian it is likely to be oc-
clusion. Note that large σ(ProxyAPE) (greater than 1) for
the top ranked attribute indicates that E is a more proba-
ble explanation for variance in performance across income.
We hypothesize that attributes with lower rankings and a
smaller σ(ProxyAPE) do not contribute substantially to the
observed performance discrepancy.

4.2.2 Controlling for Confounders
Next, we follow the methodology proposed in Section 3.2.2
and compute µ(σ2(APA,ej )) for the ‘car’, ‘pedestrian’, and
‘truck’ classes. To do so, we compute controlled AP (results
for car and pedestrian classes reported in Fig. 4 and Fig. 5),
and summarize the reduction in variance after controlling
for each confounder in Table 2. We find:
Car: The ‘size’ explanatory attribute is ranked as the most
probable (Table 2a) reason for the large (2.38, Table 1) vari-
ance in performance for the car class. Notice that after con-
trolling for size, the variance in performance reduced by
1.18 (Table 2a), which is about a 50% reduction in vari-
ance! This validates that a significant contributing factor to
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σ(APA) = 2.38
E σ(ProxyAPE) µ(σ(APA,ej )) ∆

1 size 1.65 1.20 1.18
2 occlusion 0.51 2.24 0.14
3 time 0.23 2.38 0.00
4 scene 0.20 2.17 0.22
5 weather 0.00 2.50 -0.11

(a) Car

σ(APA) = 4.80
E σ(ProxyAPE) µ(σ(APA,ej )) ∆

1 occlusion 1.27 4.45 0.35
2 size 0.21 5.89 -1.09
3 weather 0.17 4.59 0.21
4 scene 0.02 4.85 -0.05
5 time 0.01 5.42 -0.62

(b) Pedestrian

σ(APA) = 1.90
E σ(ProxyAPE) µ(σ(APA,ej )) ∆

1 size 1.21 1.02 0.89
2 scene 0.44 1.86 0.05
3 weather 0.37 1.82 0.08
4 occlusion 0.34 2.15 -0.25
5 time 0.09 2.24 -0.34

(c) Truck

Table 2. We show reduction in variance after controlling for the 5 chosen explanatory attributes on 3 classes (car, pedestrian, and truck).
Notice that the top ranked attribute consistently leads to the largest reduction in variance in performance. For car and truck this corresponds
to the size explanatory attribute while for pedestrian it corresponds to the occlusion explanatory attribute.

the previously measured predictive inequity across income
levels is the fact that the object size distribution varies sig-
nificantly across income regions.
Pedestrian: Unlike car and truck, the top ranked attribute
for the pedestrian class is ‘occlusion’. After controlling
for occlusion, we notice that the variance reduces by 0.35,
which is about ∼10% (Table 2b). This validates that there
exists some spurious correlations between the occlusion and
income attribute. However, it is likely that there are other
attributes that are also causing performance gaps. For ex-
ample, controlling for weather (the 3rd ranked attribute) re-
duces variance by 0.21 (full results in appendix).
Truck: Similarly, the ‘size’ explanatory attribute is ranked
as the most probable reason for the 1.9 variance in perfor-
mance for the truck class. We notice that variance in per-
formance reduces by 0.89 (Table 2c), which is also about
a 50% reduction in variance! Therefore, small objects
are spuriously correlated with income and partially explain
away the observed performance discrepancies across in-
come levels for the truck class.

Overall, this study shows that it is important to consider
common performance reducing attributes to help us under-
stand how explanatory attributes that affect object detection
systems spuriously correlate with a sensitive attribute due

to dataset imbalances, and how these correlations reflect in
performance discrepancies in the model. Furthermore, by
controlling for certain explanatory attributes one may notice
that performance discrepancies decrease, revealing possible
factors that affect the sensitive attribute. This in-depth anal-
ysis can provide insight into sources of performance dis-
crepancies and serve as a guide for understanding and lead-
ing future mitigation efforts. Note that it is possible to fur-
ther the study by controlling for more than one explanatory
attribute at a time, however, it is important to ensure that
enough data remains in each subset to guarantee reliable
AP evaluations before making comparisons.

5. Conclusion
We propose a framework to reliably benchmark bias in

object detection systems used for autonomous driving. We
highlight the necessity of investigating common failures in
object detection systems as possible confounders, and fur-
ther provide steps to understand how these common defi-
ciencies affect performance with respect to the sensitive at-
tribute of interest. We present an in-depth study on the per-
formance of object detection with respect to income from
the BDD100K dataset, and highlight our findings on possi-
ble reasons for measured biases.
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Appendix

A. Limitations
We attempt to explain measured biases by considering

common detection failures. This has two key limitations.
First, we require a set of known biases with associated la-
bels within our data to perform the specified computations.
This is not overly restrictive as many of the explanatory
attributes we consider are implicitly defined by standard
ground truth labels for detection (i.e., object size, occlu-
sion) or are commonly collected as meta data (i.e., time of
day). However, undoubtedly defining more attributes and
possible factors of variance will lead to more explanation of
observed bias. Our framework can be used with any num-
ber of explanatory attributes and is not limited by the 5 we
illustrate in this work. The second key limitation is that
we can not guarantee that our framework reveals all pos-
sible sources of bias. This will be limited both by our ex-
planatory attribute set as well as the fact that we currently
only consider one explanatory attribute at a time. Future
expansions of our approach may consider combinations of
attributes. The dataset we study, BDD100K, did not have
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Traffic Sign Traffic Light Bus Motorcycle Bicycle

Rank E σ(ProxyAPE) E σ(ProxyAPE) E σ(ProxyAPE) E σ(ProxyAPE) E σ(ProxyAPE)

1 size 0.214 time 0.230 size 0.881 size 0.372 size 0.715
2 weather 0.159 size 0.205 occlusion 0.700 occlusion 0.293 weather 0.456
3 occlusion 0.119 scene 0.061 weather 0.242 weather 0.138 time 0.388
4 time 0.069 weather 0.060 scene 0.239 scene 0.032 occlusion 0.201
5 scene 0.021 occlusion 0.068 time 0.060 time 0.023 scene 0.041

Table 3. Explanatory attribute output ranking for the remaining 5 classes in the BDD-100K dataset. Note: all proxyAP variance values are
smaller than the discovered explanatory attributes for car, pedestrian, truck (Table 2) and hence we did not find a compelling explanation
for our sensitive attribute (income), however for the bus, motorcycle, bicycle classes the counts are too low to compute reliable AP values.
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Figure 6. Instance counts of each class in each income value (i.e.
low, middle, and high income). Note traffic sign, traffic light, bus,
motorcycle, and bicycle have very few instances for low/middle
income (there are even fewer instances when controlling for ex-
planatory attributes).

sufficient samples across combinations of explanatory at-
tributes to compute meaningful AP values. Finally, we note
that we discover correlations and do not claim that there
exists a definitive casual relationship between a chosen ex-
planatory attribute and a sensitive attribute.
Bias Mitigation. The insights revealed by our framework
may be used to guide subsequent mitigation strategies. Say
our method discovers an explanatory variable E that ex-
plains a large proportion of performance variance across a
sensitive attribute A. The discovered explanation may im-
ply either: 1) model bias and/or 2) data bias. Consider, for
example, that for the sensitive attribute, A, of income level,
one discovers that explanatory attribute, E, of object size
explains a significant amount of the performance discrep-
ancy across income levels. This would imply an appropri-
ate intervention would be to leverage a detection model with
stronger performance on smaller objects. As a second ex-
ample, consider an explanatory attribute of time of day. In
our experiments we found that the dataset collection had
disproportionately more night-time images in the low in-
come regions, possibly related to how the dataset was col-
lected. Rather than being an innate aspect of the scene types

in the different geographic regions, this implies a bias in the
data collection process. Hence, an effective mitigation strat-
egy would be to collect a more equitably distribution of day
and nighttime images across all socioeconomic regions.
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