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ABSTRACT

Climate change is a major threat to humanity and the actions required to prevent its
catastrophic consequences include changes in both policy-making and individual
behaviour. However, taking action requires understanding its seemingly abstract
and distant consequences. Projecting the potential impacts of extreme climate
events such as flooding in familiar places can help make the impacts of climate
change more concrete and encourage action. As part of a larger initiative to build
a website (https://thisclimatedoesnotexist.com) that projects ex-
treme climate events onto user-chosen photos, we present our solution to simulate
photo-realistic floods on authentic images. To address this complex task in the
absence of suitable data, we propose ClimateGAN, a model that leverages both
simulated and real data through unsupervised domain adaptation and conditional
image generation. In this paper, we describe the details of our framework, thor-
oughly evaluate the main components of our architecture and demonstrate that our
model is capable of robustly generating photo-realistic flooding on street images.

1 INTRODUCTION

Climate change is a serious danger to our societies, with warming temperatures causing extreme
weather events that affect the livelihood of an increasing number of people globally (Hoegh-
Guldberg et al., 2018). In particular, rising sea levels, increasing precipitation and faster snow
melt exacerbate extreme floods, presenting a major risk to populations worldwide (Dottori et al.,
2016). One common barrier to climate action and behavioral change is distancing, a psychological
phenomenon resulting in climate change being perceived as temporally and spatially distant and un-
certain. Showing or simulating first-person perspectives of climate change-related extreme weather
events can contribute to reducing distancing (Chapman et al.,|2016} Sevillano et al.,|2007) and infor-
mation technologies are increasingly used for this purpose (Herring et al.| 2017} |Ahn et al.,|2014),
but they often target specific regions or render manually their effects.

In this context, we have developed ClimateGAN, which can generate extreme flooding based on ar-
bitrary street-level scenes, such as Google Street View images. We generate floods of 1 m, a realistic
expected water level for climate change-related flooding events (Kulp & Strauss, 2019), and we di-
vide the task of flooding into two parts: a Masker model to predict which pixel locations of a given
image would be under water if a flood occurred, and a Painter model to generate contextualized
water textures conditioned on both the input and the Masker’s prediction. Our contributions are:
proposing and motivating the novel task of street-level flood generation, a data set of pairs of images
with/without flooding from a virtual world, the ClimateGAN model which includes a novel multi-
task architecture for generating geometry- and semantics-informed binary masks and a procedure to
thoroughly evaluate it in the absence of ground-truth data. We also compare our model to existing
generative modeling frameworks and provide an ablation study of the components of our model.
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Figure 1:ClimateGAN, a model that generates extreme oods (right) on street-level images (left).

2 RELATED WORK

While the task of generating extreme ooding in street-level images is novel, related work has been
carried out in applying Deep Learning for ood segmentation (Sazaralét al.] 2019) and ood depth
estimation|(Kharazi & Behzadan, 2021). Generative modeling has also been used for transferring
weather conditions on street scenes using both imagery (L| et al.l, 2021) and semantic maps (Wenzel
et al|,[2018). For the purposes of our task and given its unique constraints, we frame our approach
in the context ofimage-to-image translatigninvolving conditional image synthesisnd domain
adaptation We present relevant related work from these three areas in the paragraphs below.

Image-to-image translation (lIT) is a computer vision task whose goal is to map a given image
from one domain to another (Liu etlal., 2017). IIT approaches can either carry out the translation
on the entire input image or utilize masks to guide the translation task. In the rst case, initial IIT
approaches relied on the existence of two aligned domains such as photographs and sketches of
the same objects. CycleGAN (Zhu et al., 2017) relaxed this constraint, allowing the domains to
remain unaligned, and further progress was made by architectures such as MUNIT (Huang et al.,
2018) and CUT (Park et al., 2020). The second category of IIT focuses the translation process on
particular input image areas, typically by leveraging attention or segmentation masks. This more
closely resembles our case, as we aim to ood only part of the image. Notable examples of this
category include Attention-Guided GANs (Tang et al., 2019) and InstaGAN (Mo et al., 2019) which
uses instance-level semantic masks to guide the translation process.

Conditional image synthesis differs from IIT in that the input can be a label, text or a segmen-
tation map, instead of another image (Mirza & Osindero, 2014). One approach from this category
that is particularly relevant to our work is SPADE (Park et al., 2019), a module that enables the
transformation of a semantic layout—such as that of a street scene or landscape—into an image
that semantically matches this layout. The idea behind SPADE is to create residual blocks where
the input is rst normalized and then denormalized in a spatially relevant way by small convo-
lutional networks, functions of spatial conditioning variables. This approach also introduced the
GauGAN (Park et al., 2019), generator, which leverages SPADE blocks to learn a spatially-adaptive
transformation, enabling the synthesis of realistic images based on the input maps.

Domain adaptation aims at transferring knowledge from one domain to another using different
data sources (Ganin & Lempitsky, 2015). This can be particularly useful in tasks where more (la-
beled) data is available from a simulated world than in the real world, like in our case. Domain
adaptation techniques can then be used to bridge the distributional gap between real and simulated
scenes, learning useful tasks such as semantic segmentation and depth prediction, which function
both in real and simulated scenarios. Examples of domain adaptation approaches that adopt these
techniques include: CYCADA (Hoffman et al., 2018), which leverages cycle-consistency constraints
similar to those proposed by CycleGAN to improve domain adaptation, ADVENT (Vu et al., 2019a),
which uses Adversarial Entropy Minimization to achieve high performance in unsupervised domain
adaptation for semantic segmentation, and Depth-aware Domain Adaptation (DADA) (Vu et al.,
2019b), which improves on ADVENT by leveraging dense depth maps.
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3 CREATING IMAGES OFFLOODS

Our task resembles that of unsupervised image-to-image translation. However, we identi ed three
major challenging differences: rst, the translation is restricted to the portion of the image that
would contain water rather than altering the image globally. Second, the water occludes multiple
objects in the scene and typically only a part of them, which differs from the application cases
of instance-aware methods. Finally, we are only concerned with adding water and not the reverse,
which eliminates the need for cycle-consistent approaches. Therefore, in order to undertake this task,
we developed a novel conditional image synthesis method that consists of two models: a Masker
that produces a binary mask of where water would plausibly go in the case of a ood, and a Painter
that renders realistic water given a mask and an image. We provide an overview of this procedure in
Fig. 2 and describe the individual components in the remainder of this section.

3.1 Data

First-person images of oods are scarce, the corresponding image before the ood is rarely available
and even more so scene geometry and semantic segmentation annotations, which we want to lever-
age during training. To overcome these limitations, we created a virtual world to generate annotated
ooded and non- ooded pairs of images, and pursued multiple approaches to collect real photos.

Simulated Data We created a 1.&n? virtual world using the Unity3D engine. To be as realistic

as possible, we simulated urban, suburban and rural areas, which we ooded with 1m of water to
gather “with' and “without' pairs (see Appendix A). For each pair of images, we also captured the
corresponding depth map and semantic segmentation layout of the scene. Overall, we gathered
approximately 20,000 images from 2,000 different viewpoints in the simulated world, which we
used to train the Masker. We make this data set publicly avafiablenable further research.

Real Data Approaches for gathering real ooded street-level images spanned from web-scraping
to crowd-sourcing via a website and a mobile &p We also included images without oods

of typical streets and houses, aiming to cover a broad scope of geographical regions and types of
scenery: urban, suburban and rural, with an emphasis on images from the Cityscapes Cordts et al.
(2016) and Mapillary Neuhold et al. (2017) data sets. We collected a total of 6740 images: 5540
non- ooded scenes to train the Masker, and 1200 ooded images to train the Painter.

3.2 MASKER

To leverage the information available in the simulated domain and transfer performance to real data,
we adapted DADA (Vu et al., 2019b) to train the Masker. The main objective of this procedure is to
inform segmentation with depth. A naive use of DADA for our task would miss a crucial difference:
the Masker produces information about wbatild bein an image, not whas presenin it. The core
contribution of our Masker's architecture is therefore to structure it as a multi-headed network with
depth and segmentation decoders to learn Wehaitesenin the current scene, then conditioning the

ood mask decoder on this information (and the input image) to predict where waittd be

In the following, subscripts andr identify the simulated and real domains, respectively; we use
i 2fr;sgtoreferto an arbitrary domailk is an encoder network while, S andM , are the depth,
segmentation and ood mask decoders, respectively, as per Fig. 2.

Depth decoder We consider depth in the disparity space, and predict the normalized inverse depth
di = D(E(x;)) from an input image<;. We used the scale-invariant loss from MiDaS (Lasinger

et al., 2019), which is composed of a scale and shift-invariant MSE lossliggise and a
gradient matching termh gy . We used the following targets to compute this loss: ground-truth
depth maps for simulated input images and pseudo labels inferred from the MiDaS v2.1 model for
real input images. The complete depth loss is:

Lpepth = 1lssimse + 2Lem: (1)

https://github.com/cc-ai/mila-simulated-floods
2https://climatepix.mila.quebec/
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Figure 2: The ClimateGAN generation process: rst, the inpgoes through the shared encoler

Three decoders use the resulting representatidd predicts a depth mag, S produces a depth-
informed segmentation mag and lastlyM outputs a binary ood mask, taking as input and
sequentially denormalizing it with SPADE blocks conditionallyars andx. Finally, the Painter

P generates an imageof a ood, conditioned on the input image and the binary predicted mask

m . Note that the Masker and the Painter are trained independently and only combined at test-time.

Segmentation decoder The segmentation decod8iis implemented such th& E corresponds

to the DeepLabv3+ architecture (Chen et al., 2018). It is trained as described in DADA, leveraging
depth information available in the simulated world to improve segmentation predictions by giving
more attention to closer objects, producBig= S(E(x;); d;i). Two fusion mechanisms encourage
this: feature fusionwhich multiplies element-wise the latent vecipr= E (x;) by a depth vector
obtained from the depth decoder, dDADA fusion which multiplies theself-information magVu
etal.,2019a) (sj) = s; logs; element-wise with the depth predictiodsto obtain the depth-

aware self-information ma(s;) = 1(s;j)  d.

In addition to DADA, we used pseudo labels inferred from a pre-trained segmentation model in
the real domain. Otherwise the training ®fis similar to DADA: to encourage con dent real do-
main predictions and reduce the gap with simulated predictions an entropy minimization (EM) term
Lem (sr) is added. Further, WGAN-based adversarial training (Arjovsky et al., 2017) is leveraged
to shrink the domain gap between the distributions of real and simulated self-information maps:

Lseg = 3Lce + 4lem + sLwean : 3

Flood mask decoder This decoder is structured to be conditioned not only on the input image,
but also on predictiond; ands; from other decoders. To implement this dependence, we propose
a new use of SPADE conditional blocks. In our case, for an imputhe conditioning variable is
thereforeU; = [X;;d;;si], where the tensors are concatenated along the channel axis. The mask
m; = M (z;;U;) and its self-information map(m ;) are computed from the latent representation

z; = E(x;). We also implemented a total variation (TV) loss on the maskfor both domains

in order to encourage the predictions to be smooth, ensuring that neighboring pixels have similar
values (Johnson et al., 2016)—note thats the spatial difference of the image mesh:

I—Tv(mi)= En;h;w [( hmi)2+( Wmi)2]: (3)

In the simulated domain, we used a binary cross-entropyll@ss (Y, ;Mms) with the ground-

truth masky , .. In the real domain, absent of any ground truth, we encouraged the predicted ood
maskm , to at least encompass the ground by introducing a ground intersection (Gl) loss, penalizing
masks that assign a low probability to locations where a pre-trained model detected ground

Lai (9;mr) = Ennw [Lg, m,)>o0s5l 4)

As per the DADA approach, we also added an entropy minimization loss to increase the mask
decoder's con dence in its real domain predictions:

Lem (Mr)= Enchw [ mrlogm.]: )
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Figure 3: Example inferences of ClimateGAN, along with intermediate outputs. The rst row shows
how the Masker is able to capture complex perspectives and how the Painter is able to realistically
contextualize the water with the appropriate sky and building re ections. On the second row, we can
see that close-ups with distorted objects do not prevent the Masker from appropriately contouring
objects. Finally, the last row illustrates how, in unusual scenes, the Masker may imperfectly capture
the exact geometry of the scene but the nal rendering by the Painter produces an acceptable image
of a ood. More inferences including failure cases are shown in Appendix H.

Lastly, similarly to the segmentation decoder, we adversarially trained the ood mask decoder with a

WGAN lossLwean  to produce self-information magp$m ;) indistinguishable by a discriminator.
M 's total loss is a weighted sum of all of the above losses:

Lmask = eLtv + 7Le + slece + olem + 10lwean : (6)
The Masker's nal loss sums the losses of the three decodl@fgsker = Lpepth + Lseg+ Lmask -

3.3 FRAINTER

Given an input image and a binary mask, the goal of the Painter is to generate water in the masked
area while accounting for context in the input image. This is important for the realism of a ooded
image because water typically re ects the sky and surrounding objects, and is colored conditionally
on the environment. The architecture of the Painter is based on GauGAN using SPADE conditioning
blocks. These blocks learn transformations that vary both spatially and conditionally on the input,
allowing the model to better propagate contextual information through the generation pipeline than
if it were only available at the input of the generator. We adapted GauGAN to t our task: rather
than conditioning on a semantic map, we conditioned it on a masked image. Finally, we copied the
non-masked area back onto the generated image, to ensure that the other objects in the image (e.qg.
buildings and sky) remained intact. We trained the Painter on the 1200 real ooded images, inferring
m from pseudo labels of water segmented by a pre-trained DeepLabv3+ model. At tast tivas
generated by the Masker froxn Thus, the outpug of the PainteP is:

y=P(G;@ m) x) m+x (1 m) N(0;1) : ()

According to Park et al. (2019), a perceptual VGG loss (Ledig et al., 2017) and a discriminator
feature-matching loss (Salimans et al., 2016) are essential for good performance. Since these last
two losses rely on comparing input and generated output, we trained the Painter using images of
oods, separately from the Masker (which requires non- ooded images as inputs).
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4 EVALUATION METHOD

The quality and photo-realism of our model's output depend on both the accuracy of the Masker
in determining a realistic area for the ood and the ability of the Painter to in Il the input mask
with water with a realistic texture matching the surrounding scene. In order to best understand the
contribution of each component, we evaluated the Masker and the nal ooded images separately.

4.1 MASKER EVALUATION

The lack of ground-truth data is not only an obstacle for training, but also for obtaining reliable
evaluation metrics to assess the performance of our model. Therefore, in order to obtain metrics for
evaluating the quality of the Masker and for comparing the individual contribution of the proposed
components to its architecture, we manually labeled a test set of 180 images retrieved from Google
Street View. We collected images of diverse geographical provenances, levels of urban development,
and compositions (crowds, vehicles, vegetation types, etc.). We manually annotated every pixel of
each image with one of three classes: ¢ahnot-be- ooded—pixels higher than 1.5m above the
ground level; (2must-be- ooded-anything with height less than 0.5 m, and (Bay-be- ooded—

all remaining pixels. We provide further details in Appendix C.1.

4.1.1 METRICS

We propose the following metrics to evaluate the quality of masks (more details in Appendix C.2):

Errorrate  The perceptual quality of the generated images is highly impacted by the location and
area of the predicted masks' errors. We found that both large gapsist-be- oodedareas (i.e.

false negatives-N ), and large sections of predicted masksamnot-be- oodedareas (i.e. false
positivesF P) account for low perceptual quality. Thus, we propose the error rate to account for the
amount of prediction errors in relation to the image semor = (FN + FP)=(H W).

FO5 Score So as to consider the precision and recall of the mask predictions, we also evaluate the
F -0:5 (FO5) score, which lends more weight to precision than to recall (van Rijsbergen, 1979).

Edge coherence Itis also important to take into account thigape similaritypetween the predicted
mask and the ground-truth label, particularly in the uncertainty region de ned bmalyebe- ooded
class. We capture this property by computing the standard deviatibthe minimum of Euclidean

distancesi( ; ) between every pixel in the boundary of the predicted nfisknd the boundary of
themust-be- oodedreaB , which are computed by Itering the masks with the Sobel edge detector:
h )

i
edge coherence= 1 min d(é\i;Bj):H : (8)
i

4,1.2 ABLATION STUDY

In order to assess the contribution of each of the components described in Section 3.2 to the overall
Masker performance, we performed an ablation study by training 18 models, each with a different

1 2 3 45 6 7 8 9 10 11 12 13 14 15 16 17 18 G |

Pseudo labels e o o o o o e e .

Depth D ) . . . . o . . . . . . . . .
SegmentationS) L O T . .
SPADE . . . .

DADA (S) o . . . .
DADA (M) . . .

Table 1: Summary of the ablation study of the Masker. Each numbered column corresponds to a
trained model and black dots indicate which techniques (rows) were included in the model. The
last two columns correspond to the baseline models: ground (G) segmentation from HRNet as ood
mask and InstaGAN (1).
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Input CycleGAN MUNIT InstaGAN InstaGAN+Mask Painter+Ground ClimateGAN

Figure 4: Example inferences of ClimateGAN and comparable approaches on three diverse street

scenes from the test set. We can see that ClimateGAN is able to generate both realistic water texture
and color, as well as a complex mask that surrounds objects such as cars and buildings. Comparable
approaches are oft@no destructiveproducing artifacts in the buildings and sky (el§' row of

MUNIT) or not destructive enouglesembling more rain on the ground than high oods (&§.

row of CycleGAN and2™ row of InstaGAN).

combination of techniques. As illustrated in Table 1, we analyzed the effect of including the fol-
lowing components in the Masker architecture: training with pseudo label§, DADA for S,
DADA for M, and SPADE foM . When not using SPADBV is based on residual blocks followed

by convolutional and upsampling layers, takin@s input, and we can also inform it with depth
according to the DADA procedure just like we do for

We compared these variants of the Masker with two baselines: ground segmentation from HRNet
pre-trained on Cityscapes instead of the ood mask (G) and InstaGAN (l). For each model variant
in the ablation study (column in Table 1) we computed mask predictions for each of the 180 test set
images and the values of the three metrics: error, FO5 and edge coherence. In order to determine
whether each technique (row) improves the performance, we computed the difference between the
metrics on each image for every pair of models where the only difference is the inclusion or exclu-
sion of this technique. Finally, we carried out statistical inference through the percentile bootstrap
method (Efron, 1992) to obtain robust estimates of the performance differences and con dence inter-
vals. In particular, we obtained one million bootstrap samples (via sampling with replacement) for
each metric to get a distribution of the bootstrapped 20 % trimmed mean, which is a robust measure
of location Wilcox (2011). We then compared the distribution against the null hypothesis, which
indicates no difference in performance (see Fig. 5). We considered a technique to be bene cial
for the Masker if its inclusion reduced the error rate. In case of inconclusive error rate results, we
considered an increase in the FO5 score and nally in the edge coherence.

4.2 COMPARABLES FOR HUMAN EVALUATION

While the nature of our task is speci ¢ to our project, we can nonetheless benchmark ClimateGAN
against IIT models. In fact, in earlier iterations of our project, we leveraged the CycleGAN archi-
tecture in order to achieve initial results (Schmidt et al., 2019), before adopting a more structured
approach. Therefore, to be as comprehensive in our comparisons as possible, we trained the fol-
lowing ve models on the same data as the ClimateGAN Painter and used the same test set for
the comparison: CycleGAN, MUNIT, InstaGAN, InstaGAN using the mask to constrain the trans-
formation to only the masked area (similarly to Eq. (7)), and the ClimateGAN Painter applied to
ground segmentation masks predicted by HRNet. These models were trained using the original pa-
pers' con gurations, with hyper-parameter tuning to be fair in our comparison. Some samples from
the models can be seen in Fig. 4, and further results are provided in Appendix D, Fig. 16.
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Figure 5: Statistical inference tests of the ablation study. Shaded areas indicate metric improvement.
All techniques but DADA ) signi cantly improved the error rate, and some further improved the
FO5 score and edge coherence.

5 RESULTS

This section presents the model evaluation results, including the Masker ablation study and the
comparison of the overall proposed model—Masker and Painter—against comparable approaches
via human evaluation. Visual examples of the inferences of our model can be seen in Fig. 3.

5.1 MASKER EVALUATION

The main conclusion of our ablation study is that ve of the six techniques proposed to improve
the quality of the Masker positively contribute to the performance. In Fig. 5, we show the median
differences and con dence intervals obtained through the bootstrap. The error rate improved—uwith
99 % con dence—in the models that included pseudo labels, a depth head, a segmentation head,
SPADE-based/ and DADA for the segmentation head. For some but not all techniques, the FO5
score and edge coherence also improved signi cantly. In contrast, we found that both the error and
the FO5 score were worse when DADA for the Masker was included.

Figure 6: Evaluation metrics for a subset of the models studied in the ablation study and presented
in Table 1—models trained without pseudo labels or with DADA for the Masker are excluded—as
well as the two baselines for comparison. We show the median of the distribution with bootstrapped
99 % con dence intervals. The shaded area highlights the best model.

In Fig. 6, we show the Masker evaluation metrics for a subset of the models, 1-7, selected upon
the conclusions of the ablation study, as well as the two baseline models. As main conclusion,
our proposed Masker largely outperforms the baselines for the three metrics, especially in terms of
the error and the FO5 score. Further, the metrics of the individual models support the ndings of
the ablation study, as the best performance—5, 6 and 7—is achieved by the models that include
all or most techniques: pseudo labels, depth and segmentation heads, DABAafat SPADE.
Surprisingly, model 2, which only includes pseudo labels and the depth head, also achieves high
performance. In contrast, models 3 and 4, which include a segmentation head without DADA or
SPADE, obtain worse performance. Therefore, it seems that the contribution of the segmentation
head is clearly complemented by using DADA and SPADE. A more complete analysis is provided
in Appendix C. The nal architecture we selected for the Masker includes: pseudo |1&be$,

DADA for S and SPADE foM (model 7 in Table 1).
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Figure 7: Results of the human evaluation: the blue bars indicate the rate of selection of Climate-
GAN over each alternative. The error lines indicate 99 % con dence intervals.

5.2 HUMAN EVALUATION

So as to compare ClimateGAN to related alternatives, we asked human participants to select the
image that looked more like an actual ood, given pairs in which one image was generated by
ClimateGAN and the other by one of the models in Fig. 4. Participants chose ClimateGAN images
most times in all cases (Fig. 7). Further details of this study are provided in Appendix D.

6 FUTURE WORK

An intuitive extension of our model would be to render oods at any chosen height. Despite the
appeal of this approach, its development is compromised by data challenges. To our knowledge,
there is no data set of metric height maps of street scenes, which would be necessary for converting
relative depth and height maps in@bsoluteones. Moreover, simulated worlds—including our
own—that have metric height maps do not cover a large enough range of scenes to train models
that would generalize well on worldwide Google Street View images. Another promising direction
for improvement would be to achieve multi-level ooding, controlling water level represented by a
mask, which faces the same challenges.

We also explored the integration of several multi-task learning strategies to weigh the various
Masker losses, including dynamic weight average (Liu et al., 2019) and weighting losses by un-
certainty (Kendall et al., 2018). However, we empirically found that our manual tuning of constant
weights performs better than the aforementioned methods. In future work, we aim to explore other
techniques like gradient modulation methods (Yu et al., 2020; Maninis et al., 2019).

7 CONCLUSION

In this research, we have proposed to leverage advances in modern generative modeling techniques
to create visualizations of oods, in order to raise awareness about climate change and its dire
consequences. In fact, the algorithm described here has been incorporated into an interactive web-
based tool that allows users to input any address of their choice and visualize the consequences of
extreme climate events like oods, while learning about the causes and impacts of climate’change

Our contributions comprise a data set of images and labels from a 3D virtual world, a novel archi-
tecture ClimateGAN for the task of street-level ood generation, and a thorough evaluation method
to measure the performance of our system. We found our proposed Masker-Painter dichotomy to be
superior to existing comparable techniques of conditional generations in two ways: rst, we empir-
ically showed that we are able to produce more realistic ood masks by informing the ood mask
decoder with geometrical information from depth predictions and semantic information from seg-
mentation maps, and by training the three decoders together. Second, we established, using human
evaluations, that our Painter alone is able to create realistic water textures when provided ground
masks, and that its performance increases even further when provided with the Masker's predic-
tions. Overall, this allows ClimateGAN to produce compelling and robust visualizations of oods
on a diverse set of rst-person views of urban, suburban and rural scenes.

3https://thisclimatedoesnotexist.com
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