23
24
25
26
27
28
29

39
40
41
42
43
44

Fair contrastive pre-training for geographic image segmentation

Anonymous submission

ABSTRACT

Contrastive representation learning, a method for learning fea-
tures that distinguish dissimilar data samples, is widely employed
in visual recognition for geographic image data (remote-sensing
such as satellite imagery or proximal sensing such as street-view
imagery). However because of heterogeneity in landscapes (e.g.
how a road looks in different places), models can show disparate
performance across spatial units. In this work, we consider fair-
ness risks in identification of land-cover features (via semantic
segmentation, a common computer vision task in which image
regions are labelled according to what is being shown) which uses
pre-trained image representations generated via contrastive self-
supervised learning. We assess model prediction disparities across
selected sensitive groups: urban and rural scenes for satellite im-
age datasets and city GDP level for a street view image dataset.
We propose fair dense representation with contrastive learning
(FairDCL)! as a method for de-biasing the multi-level latent space
of a convolution neural network. The method improves feature
identification by removing spurious latent representations which
are disparately distributed across groups, and is achieved in an un-
supervised way by contrastive pre-training. The pre-trained image
representation improves downstream task fairness and outperforms
state-of-the-art methods for the absence of a fairness-accuracy
trade-off. Image embedding evaluation and ablation studies further
demonstrate FairDCL’s robustness. As fairness in geographic im-
agery is a nascent topic, our work motivates researchers to consider
fairness metrics in such applications, especially reinforced by our
results showing no accuracy degradation.
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1 INTRODUCTION

Dense pixel-level image recognition via deep learning for tasks such
as segmentation have a variety of applications in landscape feature
analysis from geographic images. For example, regional water qual-
ity analysis [16] or dust emission estimation [60]. Success of the
methods rely on powerful visual representations that include both
local and global information. However, since pixel-level annotations
are costly, fully supervised learning is challenging when the amount
and variety of labeled data is scarce. Therefore, self-supervised
learning is a promising alternative via pre-training a image feature
encoder and transfering learnt representation to downstream prob-
lems. Indeed, the performance of such self-supervised approaches
has been shown to match supervised learning on a large range of
image tasks [12, 59]. Moreover, as a mainstream, contrastive self-
supervised techniques have shown state-of-the-art performance in
learning image representation for land cover semantic segmenta-
tion across locations [2, 48]. In particular, since labeled images are
hard to obtain for geographic images, and contrastive approaches
do not require labeled images, they have demonstrated benefits in
many real-world tasks including analyzing multitemporal images
to monitor dynamic land surface [47], irrigation detection from
uncurated and unlabeled satellite images [1], and volcanic unrest
detection with scarce label and imbalanced classes [4].

Recent attention in machine learning systems has highlighted
performance inequities including those by geographic area [10, 31,
33, 50]. Therefore, given the increased potential of self-supervised
contrastive learning, here we turn attention to fairness risks in
recognition outcomes from geographic images. Algorithmic fair-
ness is an increasingly important concern in computer vision, con-
sidering its usage for societal decisions across many areas such
as health, urban planning, climate change and disaster risk assess-
ment [32, 33, 53]. Further, while recent work calls for more focus
on fairness studies for imagery with human as objects [57], there
is very limited fairness work on model performance disparities for
geographic images despite their wide applications.

To bridge this gap, we examine model semantic segmentation
prediction and identify disparities across geographic subgroups on
satellite image and city street view datasets from three different
locations. As previous work shows, segmentation performance can
be disparate across geography types. For example, in areas where
land-cover objects have higher density or heterogeneity [74], perfor-
mance will be lower even for similar data representations. Moreover,
identifying and thus addressing disparities for geographic object
segmentation is different from fairness tasks in other image types
such as facial images. First, facial recognition (mostly classification)
relies on image-level global representations, which are not ideal
for segmentation in which local features are important. Second,
specifying sensitive attributes for geographic images is challenging
because sensitive land-cover features are generally task-related,
unlike many previous fairness studies in which bias is easier to
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identify and separate out (e.g. skin color, gender) because the sensi-

tive attributes are less relevant with respect to the speci c task (e.g.
skin color is not relevant to facial recognition) [24, 44, 64].
In sum, existing fairness methods do not always apply to ge-

Anonymous submission

using penalty losses4R, 74, sensitive information disentangle- 175
ment [9, 39, and augmenting biased data using generative net- 176
works [44. These methods achieve fairer recognition, but only 177
focus on global classi cation tasks. Related to healthcare data andi7s

ographic data and relevant tasks. Instead, we develop unbiased practice, Puyol-Antéret al.[4]] improve cardiac MR segmentation 179

representation learning by relying on generalizable and robust
landscape features, while reducing spurious features that are un-
equally correlated with sensitive groups (referred to as bias or
sensitive information ). By constructing regularization terms on
the statistical association between pixel-level image features and
sensitive variables, the approach directly mitigates performance
disparities in the downstream landscape semantic segmentation
tasks. The speci c contributions of the work are:

(1) We propose a causal model depicting the relationship be-
tween image features and sensitive attributes to unravel
the type of implicit bias caused by spurious correlations in
geographic images. This framework enables us to identify
and address unique fairness challenges in geographic image
recognition.

by jointly training a racial meta-attribute classi er. Yuaat al.[7]] 180
reduce skin tone bias in skin disease classi cation and segmentation 181
by altering colors in images but preserve lesion structure edges.1s2
E orts on geographic imagery include achieving even class-level 183
segmentation results on street scenes using tilted cross entropyis4
loss b5 and fair underwater object detection by simulating better 185
quality images for scarce specieE]]. A few recent studies look at 186
fairness in contrastive learning; Tsat al.[58 propose sampling 187
positive and negative pairs from the same group to restrict models 188
from leveraging sensitive information, but could potentially lose 189
task-speci ¢ information of the data contrasts with di erent groups. 19
Parket al.[4( propose fairness-aware losses to penalize sensitive 191
information used in positive and negative pair di erentiation, but 192
in a supervised setting with target labels fully available. 193

Mutual information for de-biasingror de-biasing purposes, mu- 194

(2) For the described bias scenario, we design a fair representa- tual information as a statistical association measure between vari- 195

tion learning method which focuses on local image features
of multiple resolution levels, termed FairDCL. This novel
method leverages mutual information guided de-biasing with
regularization at multiple levels for pixel-level visual recog-
nition such as segmentation, which is speci cally relevant
for geographic data and tasks.

ables P§ has recently been used to instruct training objectives 19
to minimize model dependence on irrelevant variables. In deep 197
networks, mutual information lower bound estimators are adapted, 198
such as MINE3] and DeeplnfoMax 19. Ragoneset al.[43 use 199
MINE loss to model optimization which shows utility in remov- 200
ing irrelevant information in digit and face classi cations. Zhet 201

(3) Onthree diverse geographic imagery datasets, FairDCL shows al. [77] compute cross-sample mutual information for reducing 202

the advantages for learning fair visual representation in con-
trastive pre-training; it surpasses state-of-the-art fairness
methods with smaller group di erence, higher worst-case

group performance, and without sacri cing overall accuracy

on downstream semantic segmentation tasks.

2 LITERATURE REVIEW

Contrastive learning for dense representa@ontrastive learning is
used as a self-supervised pre-training approach for various down-
stream vision tasks including classi cation, detection and segmen-
tation [2, 6, 7, 18 34, 45 61]. Though most work in this area focuses
on optimizing a global representation for image-level tasks{, 67,
recent work has turned to learning representation suitable for pixel-
level predictions; Wangt al.[65 design a dense projection through
local feature vectors for contrastive objectives, thus preserving
spatial information. Xionget al.[69 use overlapped local blocks
to increase depth and capacity for decoders that improves local
learning. Others §, 37, 6§ apply local contrastive loss to enlarge
representation dissimilarities across regions and similarities across
augmented views. Such methods show the importance of local

features on dense visual problems like object detection and segmen-

tation, which motivates method design in this study.

Fairness in image recognitidrairness-promoting approaches
are being designed in multiple visual recognition domains. In face
recognition applications, methods are proposed towards mitigating

bias across groups such as by age, gender or race/ethnicity. Meth-

ods include constraining models from learning sensitive informa-
tion by adversarially training sensitive attribute classi er8§ 42,

di erent bias variations. Previous work shows leveraging mutual 203
information can ease the requirement of pre-de ned bias properties 204
between groups, which informs the de-biasing approach in this 205
study on geographic imagery. 206
207

208

2.1 Gapsin the Literature 200
Existing fairness work in image recognition is limited in multiple 210
ways, leaving gaps for adaptation to geographic imagery. First, 211
some methods require prior knowledge of sensitive attribute prop- 212
erties, such as skin colors for ethnicity groups, hair colors, presence 213
of glasses44, 66, 71. The analog of such a property is not avail- 214
able in satellite images, nor are such properties homogeneous (e.g15
each country has unique urban-rural landscape pattern changes)216
Second, since the existing methods are mostly designed for classi -217
cation problems, they use image-level representation approacheszis
However, fairness at an image level would not necessarily extend 219
to pixel-level dense predictions. Third, there is very little work on 220
fairness for geographic images, for which biased features are harder221
to discover, interpret and remove, compared to facial images. 222
Beyond the contributions to fairness in geographic images, an- 223
other gap our work addresses is in fair contrastive learning. Fair- 224
ness has been less studied in contrastive approaches. Such workzs
is needed, as shown by Sirotkat al.[57, self-supervised models 226
can incorporate implicit bias from data and potentially transfer 227
to downstream tasks. Despite the limitations of existing fair con- 228
trastive approaches, such as losing task-speci ¢ information which 229
might harm model accuracy, and requiring target task labels, all 230
work shows increased downstream fairness scores. Consideringzs1
2023-05-10 22:03. Page 2 of 1 14, 232
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limited research in this area, we are motivated to further increase
representation fairness via contrastive learning.

Figure 1: Examples of Segmentation bias due to spurious
visual representation; the model segments certain road pat-
terns well (blue circles), but segments the variations poorly
(red circles).

3 PROBLEM STATEMENT

Figure 2: Diagram of de ned causal relationships between
representation - learnt with contrastive pre-training, target
task prediction outputs . , and sensitive attribute (.- con-
tains two parts, - gopass>menerated from features spuriously
correlated to sensitive attributes and - A>1pgg@enerated from
independent and unchangeable features. * is an unmeasured
confounder which causes both ( and - g?pag>gBus resultin
correlations between ( and - g?2pa8>pB

3.1 Unfairness in satellite image recognition

EAAMO 23, October 30 November 1, 2023, Boston, MA

more classes' spurious and robust components are in the Appendix291
A. As a result, urban and rural embedding containing dispropor- 292
tionate spurious information levels will cause group-level model 293
performance disparities in semantic segmentation. This problem is 294
sketched out, in terms of causal relationships, in Figure 2. Di erent 295
from previous fair methods which directly remove sensitive infor- 296
mation, which is not available in the problem we studye de ne 297
the fairness goal to be to remove spurious information from repress
sentation correlated to sensitive featufést is, to obtain’a>1pgc 299
which promotes” ? (j-"as1psdhe instinctive fairness bene tof 300
learning- po>1ppéver- B?pAs>08 that it can relieve the need to 301
expose a model to enough data to extract relevant target represen-02
tation from non-generalizable feature variations, especially when 303

the underrepresented group's data is scarce. 304
305
306
307
308
309
310
311
312
313
314
315
316
317
Figure 3: CityScapes semantic segmentation model unfair- 318
ness: Class-level Intersection-over-Union (loU) on the testing 319
set di ers signi cantly across the 3 city groups with di erent 320
GDP attributes. 301
322
323
4 METHODOLOGY 22‘5‘
4.1 Datasets and sensitive groups 226

While several standard image datasets used in fairness studies exist;27
datasets with linked sensitive attribute information for real-world 328
geographic imagery are very limited. We identi ed three datasets 329
which had or could be linked with attribute annotations for bias 330
analyses. Next we describe sensitive group de nitions for each 331

Land-cover objects in satellite images, such as residential building, dataset, based on location-based disparity context and attributesss2
roads, vegetation, etc, often have heterogeneous shapes and distri-which could encode disproportionate spurious information, below. 333

butions in urban and rural areas even within the same geographic
region. These distributions are a ected by varying levels of devel-
opment (infrastructure, greening, etc). Considering an attribute
( = fB*Bgdenoting urban/rural area, we de ne visual representa-
tion learnt by model as = f- g2pas>bea>1DH%E Where- B2pag>DB
includes information that varies across sensitive groupg irfor
example, the contour, color, or texture of road or building class.
- A>1DB®N the other hand, includes generalizable information, for
example, road segments are narrow and long, while building
segments are clustered. When model outpuis drawn from both

- A>1pB@Nd- B2DA8>pi can lead to biased performance. For exam-
ple, roads in grey/blue color (Figure 1 A), with vehicles on them

LoveDA §3, urban or rural designation as sensitive attribige 334
composed of 0.3m spatial resolution RGB satellite images collectedss
from three cities in China. Images are annotated at pixel-level into 336
7 land-cover object classes, also with a label based on whether theyss?
are from an urban or rural district. Notably, images from the two 338
groups have di erent class distributions. For example, urban areas 339
contain more buildings and roads, while rural areas contain larger 340
amounts of agriculture §3. Moreover, it has been shown that 341
model segmentation performances di er across urban and rural 342
satellite images14). We split the original images into 51512 343
pixel tiles, take 18% of the data for testing, and for the rest, 90% ares44
for contrastive pre-training (5845 urban tiles and 5572 rural tiles) 345

(Figure 1 B), and with lane markings (Figure 1 C), are segmented bet-and 10% for ne-tuning the pre-trained representation to generate 346
ter (blue circle) than the others (red circle, Figure 1 D). Examples of predictions. 347
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EOLearn Sloveni®]], urban or rural designation as sensitive Group accuracy for group®is computed via the mean of class-wise 407
attribute is composed of 10m spatial resolution Sentinel-2 images loUs (referred to aSgs). 408
collected from whole region of Slovenia for the year 2017, with pixel- We use two fairness metrics, both motivated by previous work 409
wise land cover annotations for 10 classes. We only use the RGB in algorithmic fairness. First, the group di erence with regard to ac- 410
bands for the consistency with other datasets, remove images that curacy [14 42 55 7§ (Di ). Di for a 2-element sensitive attribute 411

have more than 10% of clouds, and split images into ZZ® pixel groupf6le Egis de ned as: 412
tiles to enlarge the training set. Labels are assigned by assessing if et e 413
the center of each tile is located in urban boundaries or not (using Di f6le6gi= ——rna—" 414

urban municipality informatiorf and administrative boundaries minf” 61" 62

from OpenStreetMaf). This process generates 1760 urban tiles and  And for 3element groupf6le """« 6g, we measure group dis- 416

1996 rural tiles in total. Similar to the LoveDA process, 18% of the tances from parity [13]: 417

data are used for testing, and 90% of the rest of the data are used o) . 418
L o . . 68 1

for pre-training and 10% for ne-tuning. Di fele™6g:= o . — 419

Cityscapesd, GDP levels as sensitive attrihusean urban street 1 g1 6> s 6 420

view dataset with pixel-level annotations available for 30 classes.  The second metric is worst group results (Wst), motivated by the 2
The train and validation split from the original dataset are merged, problem of worsening overall performance for zero dispariBd. 422
then 18% of the data (900 images) are randomly selected for teStingiAdditionally, we de ne a fairness-accuracy trade-o criteria at  “2*
and for the rest, 90% (3690 images) are used for pre-training and 10%optimal ne-tuning. We indicate that there is no trade-o (No TO)

(410 .images) for ne.-tuning_ Th.e group L_mfairness categories are \hen faimess increases with no decrease in accuracy as compared®
identi ed by performing supervised training and evaluate onthe i, the vanilla baseline. 426

testing images, where segmentation accuracy di erences between 427
cities are observed. In particular, we nd that metropolitan cities 428
tend to have worse accuracy than small cities. Therefore, we split 429
the 21 cities into 3 groups by GDP lefedenoted as Rank 1-10, 430
Rank 10-40 and Rand 40+, since GDP is a comprehensive factor 431
related population density, infrastructure, and others that can a ect 432
street views. Group-level results are shown in Figure 3. 433

There are several major disparities visible. For instance, Rank 1- 434
10 cities have lower accuracy on object, human, and vehicle, which 435
could be because these classes exist in higher proportion in the 436
images (statistics in Figure 10, Appendix) and their positions com- 437
monly overlap, increasing segmentation di culty. Slightly lower 438

Figure 4: Bias accumulation during contrastive pre-training.
(A) Sum of mutual information estimation, and (B) the con-
trastive loss of ResNet50 model with MoCo-V2 pre-training.
The baseline method with no intervention (Baseline), regu-
larizing only on the global feature vector (Global only), rst
two layers of feature maps (First-two only), last two layers
of feature maps (Last-two only) all show bias residuals com-
4.2 Metrics pared to the multi-level method proposed as part of FairDCL.

accuracy on the sky class for Rank 1-10 and Rank 10-40 cities may
occur due to a higher prevalence of trees (nature class), trac
light and signs (object class) obstructing the sky and disturbing
detection. In terms of overall accuracy, Rank 1-10 group has worst
performance (loU: 0.577) than the other two groups (0.613 for Rank
10-40 and 0.617 for Rank 40+).

The quality of representations learnt from self-supervised pre-
training is usually evaluated based on downstream task perfor-
mance R3. The principle behind this approach is using limited
supervision and ne-tuning in assessment} 54, 72. In line with

this precedent, for comprehensively assessing representation qual

4.3 Multi-level representation de-biasing 449

The idea of constraining mutual information between representa- 450
| tion and sensitive attribute to achieve fair learning has multiple 451
ity, we report target task results every 1k iterations of ne-tuning ap_pllcatlonf EE‘ 43 77, which all operate on a global represen- 452
for the pre-trained representation. On the downstream semantic t@tionz=*d° output from image encoder. However, fairness 453
segmentation task, we use Intersection-over-Union (loU) as the constraints only on the global output layer do not guarantee that 454

accuracy metric, calculated using pixel-wise true positivEsy, sensitive information is omitted from representation hierarchies of 455
false positives ¢4), and false negatives# ) intermediate layers or blocks in a network (herein we use the term 4s6

multi-level representation for simplicity). As has been shown, the 457

0, . . . . . .

loU = )% " distribution of bias in terms of its category, number and strength 458

)%, %, # is not constant across layers in contrastive self-supervised mod-4s9

—_— _ _ _ els 6. Besides, layer-wise regularization is necessary to constrain 460
3https.://www.gov.s|/en/top|cs/towns—and—protected—areas—ln—slovenlal the underlying representation space of CNN mOd@Q.,[ZZ ZQ. 461

https://www.openstreetmap.org/#map=12/40.7154/-74.1289 . . . . .

4GDP  level is  measured by  gross  domestic  product LOcCalfeaturesin representation hierarchies are importaBi,[63, 462
https:/en.wikipedia.org/wiki/List_of _German_cities_by_GDP especially when transferring to dense downstream tasks such as463
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semantic segmentation, where representations are aggregated at 523
di erent scales in order to let the decoder project predictions onto 524
pixel space. Given the evidences in sum, we design a feature map 525
based local mutual information estimation module and incorporate 526
layer-wise fairness regularization into the contrastive optimization 527
objective. 528
To measure mutual informatiofi -« ( °© between local feature 529
- and the sensitive attribut¢ = fBeBe "¢, we adapt the concat- 530
and-convolve architecture in9. Notating the& layer as;§ we 531
rst build a one-hot encoding map® for sensitive attributeg 532
whose size is same as the feature mépoutput by;8 and channel 533
is the size of(. For eachx'8, ac?8is built from the joint distri- 534
bution of representation space and attribute spacé, and the 535
marginal distribution of( separately, then the 8 built in the two i &: Overvi A\ - e inf 536
ways are concatenated witk'® to form an aligned feature map _lgure 5: DVerview ot Fairbt.L. Tt capiures sensitive informa- 237
; 81 8 . tion and applies fairness regularization on image represen- 538
pair, denoted a8 'x°kc®, and a shu ed feature map pair, . . :
81 8 . . tation at multiple scales. We build one-hot feature maps to 539
denoted agh % *x:° k ¢=. The mutual information between the L . : - .
alianed and shu ed feature map pairs will be estimated by a three encode sensitive attribute and estimate mutual information 540
9 i > map p ; yat by neural discriminators. Penalty loss L , are computed ac- 541
layer1l 1 convolutional discriminator g, using the JSD-derived : . . -
. cordingly and added into the nal contrastive pre-training 542
formation [19]: o
objective. 543

544
545
546
547
548

S :8;(0 = op ¥ spt 81X;8|(C;8°°1/4

% % 5P g8 k o800t Algo_rithm 1 _FairDCL. = fgl- ;2-_””;8’”’- @is the con-

trastive learning encoder. is iterations per epoch; is

discriminators updating roundg; is learning rateUis fair-
ness regularization strength.

where sp0° = ;>6'1, 4%° and guses separate optimization to

converge to the lower bound df (. 549

We empirically validate the necessity to apply multi-level con- for each iteration a front.to do: 550
straints to reduce bias accumulation across layers. We run self- Image encoder forward propagation: 551
supervised contrastive learning on LoveDA data using MoCo-¥2 [ x# ax# eyl 1@ .« x8is the query representation 552
with ResNet5017] as the base model. Simultaneous to model con- output of the layer;8 553
trastive training, four independent discriminators are optimized to Discriminators updating: 554

for each round b fromlto do:
for each discriminator gdo:

555
556

measure the mutual informatiot (- i%;(%e™er (14 (0
between representation output from the four residual layers of

;8 ;8 ;8 .8
ResNet50 and sensitive attributes: urban/rutal. (- are summed -LFsorwar dg;)l(iygnke[?(anldcs;:ljxe dkfzgtluoreo;airs 557
to measure the total amount of model bias for the data batch. Con- s . s [5L , «Optimze g 558
trastive training is conducted for 7k iterations (around 20 epochs) Image encoder updating: 559
and the mean bias of iterations for each epoch is plotted in Figure 4 x# oxi# Lovmgile@e:  1G0 o @eis the query and key 560
(A). The baseline training without (  intervention shows con- global representation 561
tinually increasing and signi cantly higher bias than other methods Lo>= @-: « Compute contrastive loss 562
as the number of epochs increase. Adding a penalty loss which en- L L.l » Compute Ml loss 563
courages minimizing (¢ only on the global representation or on ; ; [*L2>= UL ©e« Update encoders 564
subsets of layers both e ectively control bias accumulation. How- 565
ever, their measurements are still high compared to intervening on 566
all four layers (Multi-level), showing that global level regularization 4.4  FairDCL pipeline 567

might remove partial bias but leave signi cant residual from earlier
layers. The in uence of this problem on model downstream per-
formance will be tested with the method UnbiasedR (Sec. 5.2.1 and
Table 1). Additionally, the running contrastive loss during training

is plotted in Figure 4 (B). From this plot it can be seen that all meth-
ods converge well; mutual information constraints in latent space
do not a ect the contrastive learning objective. The Global only
method converges slower in later epochs than the other four meth- LB o w 1o8. on 575
ods, which may be because that the penalty factor is directly added L g'x™( &= ¢ x5 @ 576
on the target optimization function which a ects the convergence. Following [43, each" discriminator is optimized for multiple 577
Both the de-biasing and convergence bene ts motivate us to learn inner rounds before encoder weights get updated. More rounds 578
fair multi-level representations for di erent image encoder stages. are desirable for discriminators to estimate mutual information 579
2023-05-10 22:03. Page 5 of 1 14. 580

Figure 5 provides an overview of the proposed fair dense representa-568
tions with contrastive learning (FairDCL) method and the training >*°
process, with steps detailed in Algorithm 1. For each iteration of °"°
contrastive pre-training, latent space representatiof is yielded o
at layer;8of the image encoder. Layer discriminators gare opti-
mized by simultaneously estimating and maximizig ¢ with
the loss:

573
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with increased accuracy4[d, and based on resource availability,
we set a uniform round number = 20 The architecture of gfor
each layer di ers based on channel size of the concatenated feature
map pair. After discriminator optimization completes, one iteration
of image encoder training is conducted wherein discriminators
infer the multi-stage mutual information by loss in (1), and the
losses are combined with the contrastive learning loss with a hyper-
parameterU adjusting the fairness constraint strength. The nal
training objective is: 5
0=l W L - ;8.(;
8
With the training objective, the image encoder is encouraged to
generate representation with high L , thus low" (low
sensitive information). We apply FairDCL on the state-of-the-art
contrastive learning framework MoCo-vZ]. The contrastive loss
used for learning visual representation is InfoNC&q], de ned as:

exp@re®
xp@ e, o @

Here consists of a query encoder and a key (or momentum) en-
coder, which outputs representatior@and: from two augmented
views of the same image, thereforeis viewed as positive key".
‘yis a queue of representations encoded from di erent images in
the dataset, viewed as negative key§].[Further technical details

of the framework can be found in7. L 2>=encourages the image
encoder to distinguish positive and negative keys so it can extract
useful visual representations.

Generalizability to contrastive frameworl¢e note that the pro-
posed locality-sensitive de-biasing scheme applying intervention
on embedding space can be integrated with any state-of-the-art
convolution feature extractors, thus has the potential to be further
promoted with di erent contastive learning frameworks. Empir-
ically, we experiment with the recently proposed Dense@g||
which designs pixel-level positive and negative keys to better learn
local feature correspondences. Since the method lIs the gap be-
tween pre-training and downstream dense prediction, it is suitable
as an alternative contrastive learning framework for our proposed
method.
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5 EXPERIMENTS

5.1 Implementation details

The rst stage of contrastive pre-traininhe base model for the
image encoders is ResNet307]. The mutual information discrimi-
nators gare builtwith1 1convolution layers (architecture details

in Appendix D). The contrastive pre-training runs for 10k iterations
for each dataset with a batch size of 32. Data augmentations used
to generate positive and negative image view pairs are random
greyscale conversion and random color jittering (no cropping, ips
or rotations in order to retain local feature information). Hyper-
parameterU, which scales the amount of mutual information loss

L inthe total loss, is set to 0.5. Adam optimizer is used with a
learning rate of10 3 and weight decay o0 4 for both encoders
and discriminatorsComparison methodsclude state-of-the-art
fair representation learning approaches: gradient reversal training
(GR) by forcing encoders to generate representations that confuse
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a sensitive attribute classi er42, domain independent training 639
(DI) which samples data from same sensitive group in each training 640
iteration to avoid leveraging sensitive domain boundari&s8[66|, 641
and unbiased representation learning (Unbiased® jvhich uses 642
mutual information to de-bias but only in a global image space. All 643
comparison methods use the same learning architectures, and ares44
trained with the same settings. 645
The second stage of semantic segmentation ne-tuhagise 646
UNet [44 to perform landscape segmentation. The encoder weights 647
of UNet are directly transferred from the pre-training stage. The 648
model is ne-tuned for 5k iterations with a batch size of 16 (around 649
76 epochs on LoveDA dataset, 284 epochs on Slovenia dataset, ango
195 epochs on Cityscapes dataset). Since there lacks ne-tuningssi
benchmark on geographic datasets used in this work, we set the 652
epoch numbers close to the ne-tuning settings in previous con- 653
trastive self-supervised learning studie8j 75. We evaluate met- 654
rics based on iterations rather than epochs to allow for direct com- 655
putational comparison across datasets, followirgy[45. Segmen- 656
tation accuracy and fairness results are reported every 1Kk iterations. 657
We use cross-entropy (CE) loss as the training objective, and sto-58
chastic gradient descent (SGD) as the optimizer with a learning 6s9
rate of10 3 and a momentum of 0.9. The encoder part of UNet is 660
frozen during ne-tuning and no weight decay strategy is appliedto 661
avoid feature distortion 2§. Image data augmentations used in the 662
ne-tuning include random horizontal/vertical ips and random 663
rotations. 664
665
666
667
668
669
670
671
672
673
674
675
676
677
678
679
680
681
682
683
684
685
686
687
688
689
690
5.2 Results 601
5.2.1 Downstream performancEable 1 summarizes model ne- 692
tuning results on semantic segmentation with the representations 693
pre-trained with Baseline: vanilla MoCo-v2, and fairness-promoting 694
methods: GR, DI, UnbiasedR, and FairDCL, on the three geographie9s
2023-05-10 22:03. Page 6 of 1 14, 696
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Figure 6: Linear separation evaluation: We train a linear neu-
ral layer on top of each representation level, which are fea-
ture maps output from di erent model layers. They include
four residual module (layerl - layer4 ) that encode inter-
mediate representations and a global output layer ( fc ) that
encodes the global representation. The linear layer is to clas-
sify sensitive attributes: urban/rural on (A) LoveDA dataset,
and women/men on (B) MS-COCO dataset. Lower accuracy is
good it indicates harder to predict sensitive attributes using
the pre-trained representations.
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| Iteration=1k | Iteration=2k | Iteration=3k | Iteration=4k | Iteration=5k | 755
Method Di(#) Wst(') Acc(’) Di(# Wst(') Acc(’) Di(# Wst(') Acc(’) Di(# Wst(") Acc(’) Di(# Wst(') Acc(') NoTO 756
Baseline 0206 0.329 0.363 0.136 0465 0497 0103 0502 0528 0087 0.586150.106 0514 0542 57
GR 0.176 0358 0.390 0.113 0450 0474 0070 0502 0519 0088 0496 0517 0089 0518 0540 758
LoveDA DI 0187 0323 0353 0.105 0461 0485 0.111 0477 0503 0093 0507 0530 0.094 0518 0.536 759
UnbiasedR 0.234 0351 0391 0125 0449 0476 0096 0506 0531 0114 0495 0523 0.105480.520
FarDCL 0.161 0362 0392 0098 0479 0.502 0.069 0513 0532 0080 0.517 0.537 0084 0.52547 4 760
Baseline 0248 0.77 0.199 0.168 0205 0222 0122 0215 0228 0144 0238 0254 0125 0256 0271 761
GR 0.231 0.180 0.200 0.134 0.202 0.216 00231 0.244 0.146 0.231 0.249 0.134 0.253 0.268 762
Slovenia DI 0.251 0.173 0.195 0.114 0.214 0.226 0.133 0.223 0.238 0.141 0.233 0.249 0.123 0.258 0.270 763
UnbiasedR 0.230  0.1830.205 0.215 0.197 0.218 0.141 0.212 0.227 0.136 O0®256 0.122 0249 0.264 8
FarDCL 0.226 0.184 0205 0.109 0217 0228 0117 0231 0245 0122 0241 0256 0.0801 0.262 0.233 764
Baseline 0.0215 0509 0526 00253 08851 0.0275 0.520 0.534).0248 0.541 0.560 0.0246 0.539 0.559 765
GR 00313 0486 0510 00298 0487 0509 0.0270 0.498 0518 00255 0510 0.530 00252 O05E 0531 766
CityScapes DI 0.0230 0.476 0490229 0506 0524 00240 0519 0538 00251 0523 0543 00243 0527 &.547 2767
UnbiasedR 0.0208 0.493 0.508 0.0250 0.520 0540 0.0237 0518 0.535 0.0250 0.516 0.537 0.0245 0588 0.537
FairDCL 0.0206 0.525 0.541 0.0238 0.536 0.546 0.0236 0.537 0.557 0.0248 0.545 0.566 0.0241 0.545 0.5644 768
769
Table 1: Downstream semantic segmentation results on LoveDA, Slovenia, CityScapes dataset for 5k ne-tuning iterations. 770
The encoder weights are learnt with 5 comparison pre-training methods. Our FairDCL shows clear improvements on fairness 771
metrics (Di and WSst) and accuracy metric (Acc) over baseline and prior methods throughout the training, also we do not see a 772
fairness-accuracy trade-o (No TO) on all datasets. Results are the mean over 5 independent runs, and the standard deviations 773

are provided in the Appendix.

774
775
776
7

image datasets: LoveDA, Slovenia, and CityScapes. Segmentationrmutual information discriminators use information-theoretic ob- 778

accuracy and fairness metrics are reported every 1k iterations and
we include results from 1k to 5k iterations to compare represen-
tation quality in term of its in uence on the whole ne-tuning
procedure (extended iterations are shown in the ablation study).
No TO" indicates if a method waives the fairness-accuracy trade-o
problem, that in its best ne-tuning round, whether the improved
Di " metric does not cause a worse Acc" metric. Such trade-o ro-
bustness with respect to the other fairness metric Wst" is depicted
in Figure 13 in the Appendix E.

We rst note that across ne-tuning iterations, FairDCL nearly
always outperforms other approaches in terms of fairness. FairDCL
obtains the smallest cross-group di erence (Di ) and highest worst
group result (Wst). The results indicate that the representation
trained with multi-scale fairness constraints can lead to higher
group parity meanwhile maximizing performance of the worst case
groups (urban or rural places in LoveDA and Slovenia, or cities with
di erent GDP levels in CityScapes). Results also show the stability
of the learnt representation, that the downstream training shifts,
such as ne-tuning the decoder for shorter or longer rounds, do
not break model performance advantages.

Importantly, FairDCL is the only method that does not show a
fairness-accuracy trade-o on all three datasets. FairDCL in general
obtains comparable or better overall accuracy to Baseline, demon-
strating robust model quality in addition to fairness. In contrast, GR
and DI show lower overall accuracy, especially on the CityScapes
dataset. This observation resonates with the intrinsic trade-o prob-
lem pointed out by previous fairness studieg( 73 73 7§; DI
allows building image contrastive pairs only from a fraction of
data which can discount model learnin@§l, while the adversarial
approach used in GR can be counter-productive if the adversary is
not trained enough to achieve the in mum3€, which could all po-
tentially degrade model quality for group equalization. Our adapted

2023-05-10 22:03. Page 7 of 1 14.

jectives, which are shown to be optimized without competing with 779
the encoder so can match or exceed state-of-the-art adversarial dezso
biasing methods36 43. FairDCL further illustrates that applying 781
the mutual information constraints on latent representations of s>
multiple resolutions can better extend fairness to pixel-level ap- 7g3
plications. In contrast, UnbiasedR, the comparison method which 7g4
applies constraints at the single image level, shows no trade-o 7ss
on LoveDA dataset, and has worse results on both fairness metricszss
than FairDCL (Table 1). 787
Using the alternative self-supervised contrastive learning frame- 7ss
work DenseCL, similar advantages can be observed. FairDCL prezsg
trained feature encoder for the downstream segmentation predic- 790
tion obtains fairness improvement with no trade-o of task preci- 791
sion (Table 11 in the Appendix E). 792
793

794

795

5.2.2 Embedding space&s.further trace how the image represen- 7%
tations learnt with proposed method improves fairness, we analyze 797
a linear separation property45 on embedding spaces. Speci- 79
cally, we assess how well a linear model can di erentiate sensitive 799
attributes using learnt representations. High separation degree in- 8oo
dicates that the encoder model's embedding space and sensitivesol
attribute are di erentiable B, 38 45, which could be used as a 802
short-cut in prediction and cause bias, thus is not desirable here. We o3
freeze the trained ResNet50 encoder and use a fully connected layepo4
on top of representation output from di erent layers for sensitive 805
attribute label classi cation. Figure 6 (A) presents the classi cation 8os
score on urban/rural attribute on LoveDA: FairDCL obtains the so7
lowest attribute di erentiation results for all embedding stages and  sos
global stage of representation, indicating that the encoder trained so9
with FairDCL has favorably learnt the least sensitive information 810
at pixel-level features during the contrastive pre-training. 811
812

o
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Though we focus on geographic images, we check the method's
generalizability to a di erent image domain by conducting con-
trastive pre-training on MS-COCCB[, a dataset commonly used in
fairness studiesq6 62 64. Sensitive attribute gender, categoriezed
as women" or men", is obtained from7fg. There are 2901 images
with women and 6567 images with women labels. Linear analy-
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5.2.3 Ablation studie$Ve run longer training on the labeled down-  s71
stream data to validate ne-tuning stability of the pre-trained image 872
encoders. Shown in Table 2, in general, all methods converge ands73
reach performance plateau after 8k iterations, so we only show 874
results until that point, and the converged performance should be &75
bounded by the capacity of the decoder component. The results gives7s

sis results show that FairDCL again produces the desired lowest further evidence that the bene ts of the de-biased representations s77

classi cation accuracies (Figure 6 (B)), but unlike in Figure 6 (A),
it does not surpass the other comparison methods much. This is
likely because while geographic attributes are represented at a pixel-

pre-trained with FairDCL do not vanish in longer training regimes. 878
We then perform an ablation study for hyper-parametdmhich 879
scales discriminatorlods , thus the fairness regularization strength. sso

level, human face/object, as a foreground, may not be represented As shown in Table 3, the method is overall robust to the parameter; ss1
through local features throughout the image, thus gender attributes  a large weight likelOwill not completely corrupt the downstream  ss2
are less pronounced as pixel-level biases in dense representationaccuracy. Using smalldd have higher Wst, while largel have 883

learning, which is what our proposed approach focuses on.

Iteration=6k |
Method Di(#) Wst(') Acc(') Di  Wst Acc Di Wst Acc NoTO

lteration=7k | Iteration=8k |

Baseline 0.106 0.533 0.566 0.109 0.529 0.558 0.097 0.536 0.562
GR 0.092 0.538 0.563 0.093 0.535 0.559 0.094 0.538 ®560
DI 0.087 0.537 0.561 0.090 0.533 0.557 0.084 0.530 0.852

UnbiasedR 0.109 0.538.567 0.1140.542 0.5700.123 0.534 0.567 8

FairDCL  0.089 0.543 0.567 0.82 0.5420.564 0.73 0.549 0.569 4

Table 2: Ablation study for downstream training shifts for
5k-8k iterations on LoveDA dataset. When training iterations
extend, FairDCL method maintains the advantage in fairness
improvements (Di and Wst) over Baseline without a trade-
o of mean accuracy (Acc).

u=0.1 u=0.5 u=1 u=10
Di(#) Wst(") Acc() Di Wst Acc Di Wst Acc Di Wst Acc
0.096 0.519 0.544 0.084525 0.547 0.075 0.521 0.540.069 0.521 0.539

Table 3: Ablation study for discriminator weights. The best
ne-tuning result is shown for the encoder pre-trained with

di erent weight, U = 0"1+0>1+10Q, of the proposed fairness
objective.

Urban:68% Rural:32% Urban:35% Rural:65%
Method Di(#) Wst (') Acc(') NoTO Di(#) Wst (') Acc(') NoTO

Baseline 0.214 0.337 0.373 0.253 0.341 0.384
GR 0.209 0.329 0.364 8 0.218 0.350 0.387 4
DI 0.203 0.332 0.364 8 0.206 0.330 0.364 8

UnbiasedR 0.166 0.363 0.3934 0.229 0.338 0.377 8
FairDCL 0.123 0.394 0.418 4 0.198 0.352 0.388 4

Table 4: Ablation study for unbalanced data distribution. The
proportion of sensitive groups in the pre-training data is
adjusted such that one group has much less representation.
FairDCL performs consistently with data balance changes.

higher Di, and we selectJ = 05 for a balance. 884
The sensitive attribute, urban and rural, have comparable train- sss
ing samplesin earlier experiments (LoveDA is 5.8k and 5.5k, EOLearnss
Slovenia is 1.7k and 1.9k for urban/rural, but Cityscapes is highly ss7
unbalanced: 1.8k, 0.78k, 1.1k for the three GDP groups). Thereforesss
we intentionally remove a part of pre-training samples for certain 889
groups to generate more unbalanced subsets. With performancessoo
shown in Table 4, the proposed method shows robustness underss1
the two less even attribute distributions. 892
893

894

895

6 DISCUSSION AND CONCLUSION b0
Among the broader fairness literature in visual recognition, work 897
focusing on geographic imagery that depicts physical environments s
has been limited. This limitation is largely due to the di culty in 899
identifying population level biased landscape features. Also, fair- 900
ness problems in geographic image recognition may get categorizedso1
as domain adaptation or transfer learning problems, other popular 902
computer vision elds. Though fairness enhancement and domain 903
adaptation share similar technical methods bias mitigation and in- 904
variant feature learning, the speci c objective of fair geographic 905
image recognition is to remove spatially disproportionate features 906
that favor one subgroup over the others. Though fairness enhance-907
ment and domain adaptation can share similar technical approachessos
such as invariant feature learning, the speci ¢ objective of fair geo- 909
graphic image recognition is distinct and goes beyond addressing 910
covariate shift. The goal is to remove spatially disproportionate 911
spurious features that favor one subgroup over the others. 912
Here we identify and address unique fairness challenges in se-913
mantic segmentation of satellite images and street view images. We 914
theoretically de ne the scenario with a causal graph, showing that 915
contrastive self-supervised pre-training can utilize spurious land- 916
cover object features, thus accumulate sensitive attribute-correlated 917
bias. The biased image representation will result in disparate down- 918
stream segmentation accuracy between subgroups within a speci ¢ 919
geographic area. Then, we address the problem via a mutual infor-920
mation training objective to learn good local features with minimal 921
spurious representation. Experimental results show fairer segmen-922
tation results pre-trained with the proposed method on multiple 923
geographic datasets and di erent sensitive groups. In addition to 924
performance gain, the method consistently avoids a trade-o be- 925
tween model fairness and accuracy. Finally, we would like to note 926
that the fairness problem and fair image representation learning 927
2023-05-10 22:03. Page 8 of 1 14, 928
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Fair contrastive pre-training for geographic image segmentation

method studied in this work are not exclusive to contrastive self-
supervised learning, but are also applicable to other supervised
learning settings, such as supervised semantic segmentation, super-
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[19] R Devon Hjelm, Alex Fedorov, Samuel Lavoie-Marchildon, Karan Grewal, Phil 987

vised object detection, and others, via incorporation of the fairness [20]

regularization term to the target task training objective.

As future directions, rst, more geographic domains and data can
be explored. The fairness analysis can be scaled to a greater number
of attributes. Second, sensitive attribute encoding for model latent

experimenting with di erent encoding mechanisms and mutual
information estimators to improve performance across di erent
real-world settings.
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