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Abstract

Recent research has demonstrated the potential of deep neu-
ral networks (DNNs) to accurately predict wildfire spread
on a given day based upon high-dimensional explanatory
data from a single preceding day, or from a time series of
T preceding days. For the first time, we investigate a large
number of existing data-driven wildfire modeling strategies
under controlled conditions, revealing the best modeling
strategies and resulting in models that achieve state-of-the-
art (SOTA) accuracy for both single-day and multi-day in-
put scenarios, as evaluated on a large public benchmark
for next-day wildfire spread, termed the WildfireSpreadTS
(WSTS) benchmark. Consistent with prior work, we found
that models using time-series input obtained the best overall
accuracy, suggesting this is an important future area of re-
search. Furthermore, we create a new benchmark, WSTS+,
by incorporating four additional years of historical wildfire
data into the WSTS benchmark. Our benchmark doubles the
number of unique years of historical data, expands its geo-
graphic scope, and, to our knowledge, represents the largest
public benchmark for time-series-based wildfire spread pre-
diction.

1. Introduction
Wildfires are a global cause of concern that have severe
human, economical, and environmental impacts, with the
average annual economic burden from wildfires falling be-
tween $71.1 billion and $347.8 billion [41]. In order to bet-
ter manage, mitigate, and prevent wildfires, accurately pre-
dicting their spread is essential. In this work, we focus on
the problem of next-day wildfire spread prediction, where
we are provided with current and/or historical information
about a particular wildfire, and then tasked with predicting

Figure 1. The wildfire prediction models take as input a geospa-
tial map of several variables: vegetation, topography, and weather
features, alongside the current day fire mask. We consider two
scenarios: one in which the model receives input features from
one preceding day, denoted t− 1, and one in which it receives in-
put from five previous days

its spatial extent on the following day.
A variety of approaches have been investigated to solve

this problem, such as those based upon machine learning
models [4, 8, 22], or physics-based and observationally-
informed models [1, 10, 11]. In this work, however, we
focus on a promising emerging class of techniques that uti-
lize high-capacity machine learning models – namely, deep
neural networks (DNNs) – to predict wildfire spread us-
ing high-dimensional explanatory input data. These input
data typically comprise a geospatial raster of the current ex-
tent of the fire, as well as explanatory features such as to-
pography, climate, weather, and vegetation indices. Based
upon these input data, the model is tasked with producing a
geospatial map, or an image, reflecting the spatial extent of
the fire on the following day. See Fig. 1 for an illustration.

A variety of DNN-based models have been proposed to
solve next-day prediction, including convolutional models
[5, 29, 31], attention-based models such as transformers



[40], and spatio-temporal models [3, 32]. One major lim-
itation of most existing work is the lack of standardized
evaluation wherein studies often utilize different datasets,
model training and evaluation procedures, or compare to
few other existing methods. Furthermore, most existing
research has focused on next-day prediction where only
explanatory data from the current day is input (e.g., only
x̃(t − 1) in Fig. 1). However, recent research found that
models utilizing a time-series of T previous days of data can
achieve greater prediction accuracy [15], suggesting this as
an important new direction in next-day wildfire prediction.

Contributions of this Work Our first contribution is
to perform a rigorous and controlled comparison of many
existing approaches, both for single-day (T = 1) and the
time-series inputs (T = 5). We also propose a novel
temporal positional embedding. We compare all methods
using the same public benchmark dataset, along with the
same training, hyperparameter optimization, and evaluation
procedures. We perform all experiments on the Wildfire-
SpreadTS (WSTS) benchmark [15] because it is the only
public benchmark for time-series wildfire prediction, it suf-
ficiently large to support DNN training and evaluation, and
in contrast to all other existing benchmarks, it employs a
realistic 12-fold leave-one-year-out cross-validation. Our
study reveals the best existing modeling strategies, result-
ing in substantial performance improvements over the cur-
rent state-of-the-art (SOTA) for the WSTS benchmark.

Our second contribution is to introduce WSTS+, an ex-
tended benchmark for next-day wildfire spread, constructed
by doubling the number of years of historical wildfire events
in WSTS. By adopting WSTS+, we can double the size
of our training datasets. We conduct experiments that re-
veal additional historical training data, either in WSTS or
WSTS+, yields little improvement in the accuracy of wild-
fire models, and we analyze the causes for this.

The rest of the paper is structured as follows: we for-
mulate our problem setting in Sec. 2, Sec. 3 reviews re-
lated works, Sec. 4 describes WSTS, Sec. 5 presents pre-
liminaries, Sec. 6 details our experiments, Sec. 7 introduces
WSTS+, and Sec. 8 concludes.

2. Problem Setting
In its general formulation, the goal of next-day wildfire
spread prediction is to predict a wildfire’s spatial extent on
some tth day, denoted y(t), given explanatory data from
one or more preceding days, denoted x(t). We adopt the
more specific settings of recent literature [15, 20], as il-
lustrated in Fig. 1, which assume there are T consecu-
tive previous days of explanatory data, so that x(t) =
{x̃(t− i)}Ti=1, and each x̃(t) comprises a geospatial raster,
so that x̃(t) ∈ RH×W×C , where H,W correspond to spa-
tial dimensions, and C represents the number of explana-

tory variables, which may include previous fire masks (e.g.,
y(t) ⊂ x̃(t)). The fire extent is encoded in a binary geospa-
tial image, y(t) ∈ {0, 1}H×W , where a value of one indi-
cates the presence of a fire. Our goal is then to use a dataset
of historical wildfire data to infer parameters, θ, of a predic-
tive model of the form y(t) = fθ(x(t)).

3. Related Works
Next Day Wildfire Segmentation DNN-based segmen-
tation has received growing attention due to its accuracy,
enabled by the recent development of large datasets of his-
torical fire data. [20] created Next-Day Wildfire Spread, a
large and public dataset for next-day spread prediction, and
used it to train a custom deep segmentation model. Concur-
rently, [36] developed SeasFire Cube and trained Unet++
models [44] for medium-term fire prediction, between 8 and
64 days. [23] improved upon the collected data cube and
found that the LSTM and ConvLSTM models outperformed
the Fire Weather Index (FWI). In FireSight, [18] collected
a dataset using remote sensing data from 20 datasets, and
trained a 3D UNet model to model short-term fire hazard,
between 3 and 8 days. Overall, most work has been done
using U-Net architectures and their variants, and many au-
thors [12, 26, 40, 42] have recently reported that attention-
based U-Nets achieve greater accuracy. We investigate the
SwinUnet[30] in our study as a widely used and therefore
representative example of such models.

Next Day Wildfire Prediction with Time-Series In con-
trast to the existing work discussed above, we also focus
on time-series input for spread prediction, which has been
cited as an important emerging direction [12, 15, 26]. His-
torically, time-series modeling has been challenging due to
the lack of appropriate public datasets to train and evaluate
models for this task. Recently, [15] extended the Next-Day
Wildfire Spread dataset from [20] to be suitable for time-
series prediction, and achieved their best overall next-day
predictions using a time-series model, termed UTAE [14].

Other DL Approaches Aside from a segmentation for-
mulation, researchers have also investigated, for example,
reinforcement learning [39], probabilistic cellular automata
[16], and synthetic data approaches [27]. We refer readers
to [43] for a review of DL for wildfire prediction.

4. The WSTS Benchmark
In this work, we employ the WildfireSpreadTS benchmark
[15]. The dataset includes 607 wildfire events across the
western United States between 2018 and 2021, totaling
13,607 daily multi-channel images. These 23 channels in-
clude data on active fires, weather, topography, and vege-
tation, resampled to a common resolution of 375 meters,



Figure 2. Illustration of the U-Net and UTAE models, adapted
from [14] to our wildfire problem: see description in main text.

providing a multi-modal and multi-temporal framework for
modeling fire spread. A key feature of this benchmark is
a rigorous 12-fold cross-validation evaluation procedure.
Each fold of the cross-validation includes all wildfire events
from a single year, so that the trained models are always
evaluated on wildfire events from a previously unseen year,
reflecting real-world use of wildfire prediction models.

5. Preliminaries: the UTAE

The UTAE [14], originally developed for satellite imagery
is essentially a U-Net that has been modified to process
a time-series of imagery, and was recently found success-
ful for modeling wildfire spread [15]. We propose a novel
modification of the time-series positional encodings and
therefore discuss the technical details of the UTAE here.
The UTAE encodes each entry in the time-series indepen-
dently using a shared encoder shown in Fig. 2(a), and
then fuses the resulting embeddings from each day using
a Lightweight Temporal Self-Attention (LTAE) block [13],
shown in Fig. 2(c). Given a T -length time-series of in-
put, the encoder produces a series of T embeddings z(t) =
{z̃(t− i)}Ti=1 where z̃(t) ∈ RD4×H

8 ×W
8 at the output of the

last layer of the encoder. Then the LTAE computes an at-
tention mask, a ∈ RT×H

8 ×W
8 , which is utilized to combine

the T embeddings. Before computing the temporal atten-
tion, LTAE adds a sinusoidal positional embedding, p(t̄) to
each input embedding, where t̄ ∈ [1, 365] is an integer rep-
resenting the day of the year, and p(t̄) maps t̄ to a unique
sinusoidal representation. This positional embedding is mo-
tivated by the original application of UTAE to agricultural
segmentation, where the appropriate segmentation depends
heavily upon the day of the year. Once the attention mask
is computed, it is then upsampled, and applied to the en-
coder embeddings output at each resolution to collapse the
temporal dimension. After all temporal dimensions are col-
lapsed, a conventional U-Net-like decoder is applied to the
collapsed embeddings, as shown in Fig. 2(b).

6. Improving Wildfire Spread Prediction

In this section, we describe our methods for T = 1 and
T = 5 scenarios, respectively, as well as experiments to
support them (e.g., ablations). Results for our developed
benchmark models are reported in Tab. 2, in terms of Aver-
age Precision (AP) using 12-fold leave-one-year-out cross-
validation on the WSTS benchmark, following prior work
[15]. Also following [15], we report model performance for
three feature sets: vegetation features only (Veg), a combi-
nation of vegetation and topographic features (Multi), and
all features (All), which includes additional weather fore-
cast features. Full experimental details are provided in
Sec. 9 in the supplement. Models in Tab. 2 with citations
correspond to the three current best models on WSTS, as
reported in [15]. All other models reported in Tab. 2 were
developed in this work.

6.1. Single-Day Input (T = 1)
The current T = 1 SOTA utilizes a U-Net architecture
with a ResNet-18 encoder, and is denoted Res18-Unet[15].
Therefore we focus our investigation on improving the
Res18-Unet[15].

Modeling Improvements We next describe the investi-
gated improvements to the Res18-Unet[15] at a high level.
More details can be found in Sec. 9 of the supplement.

(i) Encoders. Better performance may be obtained with
larger encoders or those with attention mechanisms. Recent
studies have indicated that attention-based models may be
superior to convolutional models for wildfire spread [26, 40,
42, 45]. We investigate a ResNet50 [19] encoder, as well as
the attention-based SwinUnet-Tiny encoder [6].

(ii) Utilizing Pre-trained Parameters. Utilizing pre-
trained weights to initialize training is a well-established
technique to improve model accuracy, including in remote
sensing [21]. We investigate pre-trained weights for each
of the encoders that we consider (i.e., ResNet18, ResNet50,
and SwinUnet), while the decoders are trained from scratch.

(iii) Improved Loss Functions. The existing SOTA
Res18-Unet [15] is trained using weighted binary cross-
entropy loss. However, it has been established that Jac-
card/Dice losses are often superior alternatives for segmen-
tation tasks [9], and focal loss has been shown effective for
class imbalance [28] (the WSTS benchmark exhibits severe
class imbalance), and for wildfire spread in particular [12].
Therefore we investigate and compare the aforementioned
losses in our experiments.

(iv) Improved Hyperparameter Optimization. The ex-
isting SOTA Res18-Unet [15] was trained by selecting the
model with the highest F1 score on the validation, however,
all models on WSTS are evaluated utilizing the average pre-
cision (AP) metric [15]. We investigate aligning the valida-



tion and testing metrics by using AP for both.
For our experiments, we consider a U-Net with a

ResNet-18 encoder (denoted Res18-Unet), a ResNet-50 en-
coder (denoted Res50-Unet), and a SwinUnet-Tiny (de-
noted SwinUnet). For each of these models, we perform
a grid search over all combinations of learning rates ([1e−
1, 1e−2, 1e−3, 1e−4, 1e−5]), loss functions (BCE, Focal,
Dice, Jaccard), and the use of pre-training or not (a binary
choice). Following [15], we use a single fold of the 12-fold
cross-validation, and only one of the three feature sets (the
”All” set) for this optimization. As discussed, in contrast to
previous work, we utilize AP during validation to select the
best models instead of F1. The focal loss has two hyperpa-
rameters: α, set as the inverse frequency of positive class
pixels, and γ, set to its default value of two.

Experimental Results We found that pre-training was
nearly always beneficial, and that Focal Loss usually
yielded substantial improvements compared to our other
candidate losses. Therefore, for the WSTS benchmark, we
included both pre-training and focal loss in all three of our
models: Res18-Unet, Res50-Unet, and SwinUnet. As an ab-
lation study, Tab. 1 reports the performance of our Res18-
Unet on the full WSTS benchmark, where we progressively
remove each of our improvements to assess its impact. Our
results indicate that each improvement is highly beneficial,
or at least not significantly harmful.

Tab. 2 reports the performance of our three models on
the WSTS benchmark, compared to the best existing T = 1
model, Res18-Unet[15]. Our Res18-Unet is identical to the
Res18-Unet[15], except for our aforementioned modifica-
tions, and obtains substantially higher AP across all input
features considered: a 37% improvement on average.

Our other two models, Res50-Unet and SwinUnet,
also substantially outperform the existing Res18-Unet[15].
However, despite having approximately twice the number
of trainable model parameters of Res18-Unet, we find that
our model outperforms the two larger models in most cases.
Our Res18-Unet also obtains the highest overall AP (0.468)
for the T = 1 models when utilizing the ”Multi” feature set,
establishing a new SOTA on WSTS for T = 1.

Several recent studies have reported that large and/or
attention-based models achieve SOTA accuracy for T = 1
wildfire spread prediction [26, 40, 42, 45]. However, we
find here that with simple improvements and appropriate
optimization, Res18-Unet outperforms such models. We
also suspect that the more rigorous (and potentially more
real-world) leave-one-year-out cross-validation adopted by
the WSTS benchmark may penalize more complex models
for overfitting, compared to the Res18-Unet.

In Fig. 3, we qualitatively evaluate our Res18-Unet and
Res50-Unet against the Res18-Unet [15]. Each row cor-
responds to a fire event, and the columns show the cur-

Table 1. Ablation showing the impact of the successive removal of
each of our improvements on a Res18-Unet trained on Vegetation
features

Model Test AP Percent Decrease

Res18-Unet (ours) 0.455± 0.092 −
No pretraining 0.456± 0.086 −0.22
No focal loss 0.345± 0.084 24.18
No AP as validation 0.321± 0.078 29.45

Figure 3. Sample predictions made by the Res18-Unet [15], our
Res18-Unet, and Res50-Unet. The two leftmost columns show the
current fire spread y(t− 1) and the next-day label y(t). True pos-
itive pixels are colored in green, while false positives are colored
in red

rent fire, the next day label, and the predictions of each
model. Yellow represents the fire extent, green shows cor-
rectly predicted burned areas, and red shows false positives.
We observe that the original model tends to overpredict fire
spread, leading to multiple red patches where no fire actu-
ally occurs. However, the model also underpredicts in ar-
eas where the fire spreads, capturing some, but not the full
extent of the fire. On the other hand, we observe that our
models make consistently more accurate predictions, with
far fewer false positives, and slightly better matching green
areas.

6.2. Time-Series Input, T = 5

Existing models for the time-series scenario generally adopt
one of two approaches: (i) a data-level fusion, or (ii) a
feature-level fusion. In data-level fusion, the features for
each day, x̃(t) ∈ RH×W×C are concatenated along the
feature dimension into one input tensor, x(t) = [x̃(t −
1)|, ..., |x̃(t − T )] ∈ RH×W×CT , after which they can
be processed in the same manner as single-day input (see



Table 2. Mean test AP ± standard deviation using vegetation features only (Veg), vegetation, land cover, topography and weather (Multi)
and All features, when training with 1 and 5 input days. Models with citations represent accuracy reported on our benchmark from previous
publications; all other models reported are developed in this work. Results style: best

Fusion Level Model Input days Veg Multi All # Params

-

Res18-Unet[15] 1 0.328± 0.090 0.341± 0.085 0.341± 0.086 14.3M
Res18-Unet 1 0.455± 0.090 0.468± 0.087 0.460± 0.084 14.3M
Res50-Unet 1 0.457± 0.089 0.459± 0.090 0.451± 0.093 32.5M
SwinUnet 1 0.432± 0.088 0.437± 0.082 0.424± 0.090 27.2M

Data
Res18-Unet[15] 5 0.333± 0.079 0.344± 0.076 0.325± 0.108 14.4M
Res18-Unet 5 0.472± 0.083 0.469± 0.087 0.460± 0.084 14.4M
SwinUnet 5 0.447± 0.087 0.453± 0.083 0.435± 0.079 27.3M

Feature

UTAE[15] 5 0.372± 0.088 0.350± 0.113 0.321± 0.135 1.1M
UTAE 5 0.452± 0.082 0.459± 0.088 0.433± 0.099 1.1M
UTAE(Res18) 5 0.478± 0.085 0.477± 0.089 0.475± 0.091 14.6M

Sec. 2 for problem notation). Therefore, we adopt our best-
performing T = 1 models from Sec. 6.1, and their hyper-
parameter settings, and evaluate them for data-level fusion.
As a reference, we also include the reported results of the
Res18-Unet [15] when it was applied for data-level fusion.

In this context, feature-level fusion implies that we use a
shared encoder to first extract features (or embeddings) in-
dependently for each day of our input, z̃(t) = fθEn

(x̃(t)) so
that we have a collection of features, z(t) = {z̃(t− i)}Ti=1,
which are utilized as input into a subsequent model for
joint processing (i.e., fusion). The current SOTA accu-
racy on WSTS, both for the time-series setting, and over-
all, was obtained with a UTAE model [14], as reported in
[15]. Furthermore, the UTAE achieved superior accuracy
despite having just 1.1M parameters - significantly fewer
than many other models considered (e.g., the Res18-Unet
has 14.3M). Therefore, we focus our modeling improve-
ments on the UTAE from [15].

Improvements to the UTAE We develop two improved
UTAE models, referred to as UTAE and UTAE(Res18). We
discuss the design of each model next.

Our UTAE Model. Our UTAE includes two major im-
provements over the UTAE[15]. The first improvement is
to adopt all of the changes investigated for the single-day
models from Sec. 6.1. Pursuant to this, following previous
work convention, we did a joint search over the following
hyperparameters using a single fold of the WSTS bench-
mark: pre-training (or not), learning rates ([1e − 2, 1e −
3, 1e − 4, 1e − 5]), and the type of loss (Focal, BCE, Jac-
card, and Dice loss). The second improvement is the in-
troduction of a novel positional encoding in the temporal
fusion utilized by the UTAE. To our knowledge, this mod-
ification is novel within the vision and wildfire literature.
Specifically, instead of using day-of-year positional encod-

ings, as done in [14, 15], where t̄ ∈ [1, 365], we propose to
use a absolute positional encoding that indicates the relative
position of each day’s set of features within the time-series,
so that t̄ ∈ [1, ..., T ] for a T-day input. We hypothesize that
the features (especially the fire mask) from the most recent
day of the fire will be most important for making predic-
tions, and therefore, this relative position information will
be much more important than its position in the year. Fur-
thermore, it may be difficult for the models to infer relative
positional information from day-of-year encodings, poten-
tially undermining performance.

Our UTAE(Res18) Model. This model is obtained by
making one additional improvement to our UTAE model.
The encoder utilized in the UTAE[15] is relatively small
(in terms of free parameters). Therefore, in a similar fash-
ion to our investigation in Sec. 6.1, we replace the existing
UTAE’s encoder with a pre-trained ResNet-18.

Experimental Results Tab. 2 reports the accuracy (in
terms of AP) of our time-series models on the WSTS
benchmark, categorized by the type of fusion performed:
data-level or feature-level. Regarding data-level fusion,
our Res18-Unet and Swin-Unet both substantially outper-
form the existing Res18-Unet[15] across all combinations
of input features, with the Res18-Unet providing the best
overall AP (AP=0.472, on Vegetation features). Regard-
ing feature-level fusion, our two UTAE models (UTAE
and UTAE(Res18)) substantially outperform the existing
UTAE[15], which is the current SOTA model on WSTS,
both for time-series input (T > 1) and overall. Our
UTAE(Res18) model achieves the highest overall perfor-
mance for each combination of input features, across both
single-day and time-series models. In particular, our
UTAE(Res18) achieves the highest overall AP with the Veg-
etation (Veg) feature subset, leading to a new overall SOTA



Table 3. Test AP of UTAE trained on Vegetation features using
the original Absolute positional encodings from [15], versus our
proposed Relative positional encodings

Pos. Encodings Absolute Relative

UTAE 0.419± 0.101 0.452± 0.082

performance on WSTS of AP=0.478.
Notably, our results indicate that models receiving time-

series input generally outperform those with single-day in-
put. This is especially apparent when comparing data-level
fusion models, such as Res18-Unet and SwinUnet, with
their single-day counterparts, since they have few architec-
tural differences. Most existing wildfire spread prediction in
the literature has focused on the single-day input; however,
our findings here corroborate those from [15] and suggest
that time-series modeling is a promising emerging model-
ing strategy.

Our results also provide evidence that each modeling
change is beneficial. As discussed, our UTAE included sev-
eral applicable improvements discussed for our single-day
models in Sec. 6.1, as well as our improved temporal en-
codings described in this sub-section. We therefore con-
ducted an ablation experiment, reported in Tab. 3, to demon-
strate that our modified positional encodings provide ad-
ditional benefits. To show that the pre-trained ResNet-18
encoder is beneficial, we can compare the performance of
UTAE(Res18) and UTAE in Tab. 2: the pre-trained ResNet-
18 is the only difference between these two models.

Finally, we observe that increasing the number of input
features is not always beneficial, which is consistent with
[15], where the best AP was often achieved with the Veg
or Multi feature sets rather than the All set. This suggests
that the explanatory power of some features are outweighed
by the cost of (often significantly) increasing the input di-
mensionality. We hypothesize that this may be due to the
low resolution and/or noise present in some features, such
as the weather forecast features, which have a resolution of
27 km, while the fire masks have a resolution of 375 m.

7. The WSTS+ Benchmark
Our results on the WSTS benchmark indicated that rela-
tively simple models performed best, such as those based
upon a ResNet-18, rather than models utilizing larger en-
coders (e.g., ResNet-50) or those utilizing attention (e.g.,
SwinUnet). This contrasts sharply with the broader vision
literature where larger models tend to perform best, given
sufficient quantities of training data. Therefore, we hypoth-
esize that collecting more training data would facilitate the
use of larger models, yielding superior modeling perfor-
mance. To investigate this hypothesis, we expand the orig-
inal WSTS benchmark by curating four additional years of

Figure 4. Geographic distribution of the fire events in each year of
WSTS (blue) and WSTS+ (red)

historical wildfire data: 2016, 2017, 2022, and 2023. Our
extended dataset, termed WSTS+, contains twice the num-
ber of years of historical wildfire data, expands the geo-
graphic diversity of the benchmark, and is – to our knowl-
edge – the largest public benchmark for time-series next-
day wildifre spread prediction. We visualize the geographic
distribution of WSTS+ events in Fig. 4 and find that it much
of the new data is in the Western United States, similar to
WSTS, but that it includes some unique locations there, and
some additional data in the eastern states. Tab. 4 summa-
rizes the differences between both datasets in terms of num-
bers of years, fire events, total images, and active fire pixels.
Further collection details can be found in Sec. 10 of the sup-
plement.

Table 4. Comparison between the original WSTS dataset and our
extension. We double the number of years and total images and
drastically increase the number of fire events and active fire pixels.

Dataset WSTS WSTS+ Increase (%)

Years 4 (2018-2021) 8 (2016-2023) +100
Fire Events 607 1,005 +65.6
Total Images 13,607 24,462 +79.8
Active Fire Px 1,878,679 2,638,537 +40.4

7.1. Benchmarking Models with WSTS+
As compared to WSTS, we propose a new scheme for eval-
uating models using WSTS+, which exploits its greater size
to significantly reduce computational complexity compared
to WSTS’s 12-fold cross-validation – thereby making the
benchmark more accessible to researchers – while main-
taining a similar level of real-world rigor. For WSTS+, we
propose to divide the available data into four folds that each
contain two consecutive years of historical wildfire data.
We then evaluate models using four-fold cross-validation,
where in each iteration, one fold of data is used for test-



Figure 5. New cross-validation folds used for WSTS+. Each pair
of consecutive years is used as validation/testing once. Color code:
blue: training, orange: validation, green: test

ing, one fold for validation, and two folds for training, as
illustrated in Fig. 5. To ensure that the testing and vali-
dation sets have the same relative temporal distance to the
training set, we always select them so that they are non-
consecutive. This results in four-fold cross-validation in-
stead of the twelve-fold cross-validation utilized in WSTS,
making it far less computationally intensive. At the same
time, this approach doubles the quantity of data in the train-
ing and validation sets, ideally allowing researchers to train
larger and more sophisticated models. Lastly, because two
consecutive years of data are included in the test set, the
benchmark still evaluates models under challenging realis-
tic testing conditions.

Table 5. Mean test AP ± standard deviation using vegetation fea-
tures only (Veg), vegetation, land cover, topography and weather
(Multi) and All features, when training on the WSTS+ dataset Re-
sults style: best

Model Days Veg Multi All

Res18-Unet 1 0.349± 0.109 0.351± 0.105 0.351± 0.122
Res50-Unet 1 0.345± 0.096 0.353± 0.122 0.351± 0.122
Res18-Unet-LTAE 5 0.354± 0.113 0.363± 0.129 0.350± 0.117

7.2. Experimental Results with WSTS+
Using our updated cross-validation scheme, we train our
best T = 1 models and our best T = 5 model on
WSTS+ and report the results in terms of mean average
precision across all three feature sets in Tab. 5. We see
that the performance rank-order of our three models is still
similar on WSTS+ as compared to WSTS. However, the
overall performance is significantly lower for these mod-
els on WSTS+ as compared to WSTS (by roughly 0.1 AP).
These results seem to contradict our initial hypothesis that
additional training data would enable larger models and
improve accuracy. To investigate further, Fig. 6 reports
the per-year performance for a Res18-Unet trained on ei-
ther WSTS or WSTS+ (denoted Res18-Unet(WSTS) and
Res18-Unet(WSTS+), respectively; see caption for details).
These results reveal that both models obtain very similar
AP on every testing year, despite Res18-Unet(WSTS+) be-
ing trained on twice as many years of data in each fold as
Res18-Unet(WSTS). Since the two models perform simi-
larly across all years, the lower overall performance ob-

Figure 6. Performance breakdown by test year. Blue bars rep-
resent models trained on the original WSTS data, termed Res18-
Unet(WSTS), while red bars represent those trained on WSTS+,
termed Res18-Unet(WSTS+). The bolded x-axis ticks highlight
original test years from WSTS.For Res18-Unet(WSTS+) we sim-
ply stratify its performance by year. For Res18-Unet(WSTS), we
stratify by year to obtain performance for 2018 to 2021. To obtain
performance on the remaining years, we select the cross-validation
fold with the best-performing model (as judged by its test fold er-
ror) and then report its performance on the newly added WSTS+
years.

Figure 7. UMAP visualization of the inputs features across years.
Each point represents the encoded features at the deepest layer of
our best Res18-Unet encoder, with blue indicating original WSTS
year and red newly added years in WSTS+

tained on the WSTS+ benchmark in Tab. 5 is likely due
to the greater apparent difficulty of the new testing years
(2016, 2017, 2022, and 2023), rather than lower predictive
accuracy of the models trained on WSTS+.

Domain Shift: A Potential Challenge to Scaling Data-
Driven Wildfire Modeling The results in Fig. 6 raise a
question: why does significantly increasing the quantity and
diversity of the training data in WSTS+ lead to little or no
improvement? In Sec. 10 of the supplement, we present
evidence that, in pursuit of WSTS+, we accurately repro-
duced the preprocessing used for WSTS. Therefore we ar-



gue here that this result is likely caused by cross-year do-
main shift [37], wherein the joint probability distribution of
the features and targets, denoted p(x(t), y(t)), varies across
years. There is a large literature about identifying and ad-
dressing domain shift (e.g., see [35, 37]), and comprehen-
sively addressing these problems is beyond the scope of this
work. However, we seek here to provide evidence that do-
main shift is present in historical wildfire datasets, provide
an initial characterization of it, and discuss the implications
of it. There are many different types of domain shift based
upon precisely how p(x(t), y(t)) changes from training to
testing conditions (or across years in our case) [24, 25, 37]).
We consider here two widely-studied types of shift: concept
and covariate shift.

Concept Shift refers to changes in the conditional distri-
bution p(y(t)|x(t)), which in a regression context generally
implies that the true underlying function y(t) = f(x(t))
is changing. Under this hypothesis, we would expect that
combining multiple years of data would likely lead to sig-
nificant reductions in accuracy, since each year exhibits a
different underlying relationship. Our results in Fig. Fig. 6
indicate that adding two additional years of training data,
as is done in WSTS+, did not significantly impact accuracy,
suggesting that significant concept shifts are unlikely. In
Tab. 6 we also report the results of an experiment where we
train eight Res18-Unet models - one on data from each year
- and then test each model on a disjoint test set from each
year (see Sec. 11 of the supplement for experimental de-
tails). The results indicate that, given a specific single test-
ing year, most models achieve relatively similar accuracy,
also suggesting they are each learning similar concepts.

Covariate Shift refers to change in the marginal distri-
bution, p(x(t)). Covariate shifts are thought to often have
limited negative impact for high-capacity models [37], such
as our DNNs here. Under this hypothesis, additional years
of training data may be either beneficial or neutral, but not
especially detrimental. This hypothesis is therefore consis-
tent with Fig. 6. It is also corroborated by the results of
Tab. 6 if we note that, for a specific testing year, the accu-
racy of most single-year models is similar to that obtained
by WSTS models (trained on two years) and WSTS+ mod-
els (trained on four years) in Fig. 6. For example, if we
take 2018 as the testing year, then the average of single-
year models in Tab. 6 is nearly the same as the WSTS and
WSTS+ models in Fig. 6. In other words, despite signifi-
cant differences in the years included in, and total size of
the training data, these models usually perform similarly.
Notably, this also indicates that the WSTS benchmark did
not benefit from additional training data: the WSTS models
in Fig. 6 do not perform differently (on average) than the
single-year models in Tab. 6. Lastly, as additional qualita-
tive evidence of covariate shift, Fig. 7 presents a umap vi-
sualization of the features extracted by our Res18-Unet for

each year in WSTS+. The results show that there is signif-
icant overlap in the feature distributions, but there are also
significant apparent shifts across years as well.

Implications The analysis above suggests that there is
significant cross-year covariate shift in wildfire data, which
may explain the limited benefits of additional training years,
although we emphasize that domain shift is a complex topic
and we have only performed a high-level analysis, suitable
for the scope of this paper. If covariate shift is indeed
present in wildfire data, we anticipate that this is a tem-
porary challenge; as wildfire datasets grows over time, it
becomes less likely that each new year will exhibit distinct
feature distributions compared to all preceding years.

Table 6. Cross-year results: Rows show the year the model was
trained on, while columns show the year the model was tested on.

Year 2016 2017 2018 2019 2020 2021 2022 2023 Avg

2016 0.350 0.291 0.490 0.276 0.173 0.544 0.268 0.416 0.351
2017 0.242 0.300 0.487 0.288 0.180 0.568 0.301 0.437 0.351
2018 0.265 0.297 0.576 0.313 0.194 0.595 0.344 0.465 0.381
2019 0.219 0.259 0.455 0.329 0.159 0.530 0.324 0.428 0.338
2020 0.222 0.263 0.501 0.285 0.220 0.572 0.295 0.460 0.352
2021 0.253 0.321 0.534 0.330 0.187 0.649 0.328 0.465 0.384
2022 0.227 0.249 0.460 0.261 0.163 0.508 0.390 0.416 0.334
2023 0.242 0.279 0.483 0.289 0.157 0.568 0.324 0.582 0.365

Avg 0.253 0.282 0.498 0.296 0.179 0.567 0.322 0.459 0.357

8. Conclusion
We investigated the problem of next-day wildfire spread
prediction, where we systematically compare a variety
of (mostly) existing modeling strategies in two scenarios:
single-day (T = 1) and time-series (T = 5) input, as il-
lustrated in Fig. 1. We conducted our experiments on the
WildfireSpreadTS (WSTS) benchmark [15] using a realistic
12-fold leave-one-year-out cross-validation. We draw the
following conclusions:
• Our study revealed which modeling strategies perform

best, resulting in new models that obtain a 37% and a
28% improvement, respectively, over the current WSTS
state-of-the-art for single-day and time-series prediction.

• A time-series model obtained the best overall perfor-
mance, and time-series models usually outperformed
comparable single-day models, suggesting time-series
models are an important future area of research.

• We introduce WSTS+, an extension of WSTS, that dou-
bles the number of years of historical wildfire events in
WSTS, and yields the largest existing public benchmark
for time-series spread prediction.

• Analysis of WSTS and WSTS+ suggests that there is
significant cross-year domain shift in historical wildfire
data. Preliminary investigation suggests it is primarily
in the form of covariate shift, undermining the benefits
of adding training data, but we hypothesize this problem
may subside as total available hisorical data grows.



Future work may focus on investigating the nature of do-
main shift in historical wildfire data and overcoming any
associated challenges, potentially enabling larger or more
complex models (e.g., high capacity attention-based mod-
els) to realize their full potential performance.
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Figure 8. Illustration of (a) feature-level fusion, and (b) data-level
fusion as we define it here. Further description is provided in the
main text, and mathematical notation is described in Sec. 2

9. Experimental Details

SwinUnet SwinUnet [6] is a pure transformer-based
Unet-shaped model that was first proposed for medical im-
agery segmentation. The model replaces the convolution
blocks of the Unet with Swin Transformer blocks [30], in-
cluding them throughout the encoder, bottleneck, and de-
coder. They also rely on patch merging and patch ex-
pansion layers in the encoder and decoder, respectively, to
downsample the input features and then upsample the ex-
tracted features and produce the segmentation mask. Fi-
nally, they preserve skip connections to concatenate shal-
low and deep features. The SwinUnet outperformed the
Unet [38], ViT [7], Att-Unet [34], and TransUnet [7] on
two medical benchmark datasets. Its state-of-the-art perfor-
mance, ability to learn both global and long-range depen-
dencies, and use of the more efficient Swin blocks make it
a good candidate for our task. Since the model was devel-
oped for RGB images, we modify the in chans parameter
to take in the number of channels of our multi-modal inputs
(Veg: 7, Multi: 33, All: 40) instead of 3.

Model pre-training To evaluate the effect of
pre-training on the SwinUnet model, we load the
swin-tiny-patch4-window7-224 weights from
HuggingFace onto each of our Swin blocks. These
weights correspond to a Swin Transformer trained on
ImageNet at 224x224 resolution. We zero-pad our
input images (128x128) to match the expected input
dimensions and benefit from the pre-trained weights.
As for the Unet models, we follow [15] and use the
segmentation models pytorch implementation,
and set encoder weights to imagenet, which loads

a model with ImageNet pre-trained weights. Finally, the
UTAE pre-training uses the PASTIS weights, released with
the original paper [14]. We use the 4th fold checkpoint, as
it was the one with the highest performance.

Training details To train our models, we adopt the im-
plementations shared by [15], which can be found in this
GitHub repository. The implementation relies on PyTorch
Lightning for model creation, training, and testing and
Weights & Biases for model logging and metric visual-
ization. All our models use a fixed batch size of 64, the
AdamW optimizer, and a fixed optimized learning rate, as
described in Sec. 6. Also following [15], we train our mod-
els for 10,000 iterations. Increasing the number of iterations
to 15,000 and 20,000 did not yield any notable increases in
performance. For all runs in Tab. 2, we report the mean test
AP averaged over the 12 folds, and the standard deviation.
During the hyperparameter search, we only use a single data
fold (id = 2), train for 50 epochs, and pick the combination
that yields the highest validation AP.

10. WSTS+ Details

10.1. Collection Details

To ensure our added wildfire events are most similar to the
original ones, we follow the exact same collection proce-
dure in [15]. Namely, we rely on the Google Earth Engine
script found in this repository, to only collect wildfires that
are larger than 10 km2, and we use the GlobFire dataset
[2] to identify wildfire events in the United States for 2016
and 2017. However, given GlobFire’s temporal availability
ends at 2021, we use the MTBS Burned Areas Boundaries
Dataset [33] to identify wildfires in 2022 and 2023.

The main differences between both datasets used for fire
event identification are that GlobFire relies on MODIS [17]
as a data source, which has a resolution of 500 meters, while
MTBS uses Landsat imagery, which has 30 meter resolu-
tion. Furthermore, GlobFire returns burned area maps with
start and end dates, while MTBS returns fire perimeters with
start dates only. Regardless, we only use the centroid coor-
dinate for both area maps and perimeters to download the
fire masks. To account for the lack of fire end dates in
MTBS, we collect 30 days of samples after the start date,
with an additionnal buffer of 4 days before and after the fire
events, similar to [15]. We visualize the distribution of fire
events in WSTS+ in Fig. 9.



Figure 9. Distribution of fire events in WSTS+ per year

10.2. Quality Assurance
The new data were processed in the exact same way as the
original WSTS data. To verify that it was done properly,
we first replicated the downloading and processing of the
original WSTS data (2018-2021), and measured the differ-
ences between our reproduction and the original data. We
found that both are quantitatively similar. Specifically, we
computed the mean pixel values of each data band for two
folds (2018, 2019; and 2020, 2021) and found virtually no
difference (max difference was 7.11e-04% of each other).
Further, to ensure these differences were not meaningful,
we trained a Res18-Unet with T=1 on the Multi feature set
(the best performing one from Tab. 2) using our replicated
WSTS and the original one. To verify that the results are
similar, we show in Tab. 7 the test performance on each
individual year and found that they are within a small nu-
merical error of each other.

Upon collecting the additional data in WSTS+, we com-
puted the means and variances of each explanatory feature
(e.g., wind speed, humidity, NDVI, EVI2, ERC) as well as
the active fire feature across both original years (2018-2021)
and newly added ones (2016, 2017, 2022, and 2023), and
found that the distributions suggest some distribution shift.
Fig. 10 shows kernel density estimates of the yearly distri-
butions of each explanatory feature in the dataset, highlight-
ing varying degrees of cross-year domain shift across years.
To validate this hypothesis, we conduct the cross-year ex-
periments described in Sec. 11.

Table 7. Comparison of model performance on WSTS original
data versus our replicated WSTS data.

Test Year Original Replicated

2018 0.49533 0.48594
2019 0.31190 0.32115
2020 0.42248 0.41793
2021 0.56742 0.56031

Average 0.44928 0.44633

Figure 10. Smoothed probability density functions of the yearly
distributions for all explanatory variables used in WSTS+. Each
subplot represents a different variable, and the overlapping curves
indicate variations in distribution across different years. These
patterns reveal varying degrees of cross-year domain shift, with
some features (e.g., elevation, temperature) exhibiting stable dis-
tributions, while others (e.g., wind speed, landcover type, forecast
precipitation) show noticeable year-to-year variability.

11. Cross-year experimental design
We discuss here the experimental design of the results
shown in Tab. 6 in the main manuscript. We trained a
Res18Unet model on each training dataset listed in Tab. 8.
Each year contributed a fixed quantity (and importance) of
data samples (338 per year) to a shared validation set. We
reached that number by reserving 20% of the data of the
year with the least amount of samples (2019 had 1351 to-
tal samples) as validation and used that number for all other
years, resulting in 2704 validation samples across 8 years,
which represented between 8.25% and 16% of the total
samples of the remaining 7 years. The training sets contain



min(2000, |N |) where N is the total data available for that
year, after removing the validation samples. This ensured
the training sets across years had roughly the same amount
of data to train on (all years ended up having 2000 samples,
except for 2016 and 2019, with 1751 and 1002 samples,
respectively). We then evaluated each model’s average pre-
cision (AP) on each test set in Tab. 8. Notably, we ensured
the training and validation sets for each year contain disjoint
sets of fire events.

Table 8. Training, validation, and testing set sizes for each year,
used for the cross-year train/testing.

Year 2016 2017 2018 2019 2020 2021 2022 2023

Training Set Size 1385 1697 2000 692 2000 2000 2000 1818
Validation Set Size 2704
Testing Set Size 338 338 338 338 338 338 338 338


	Introduction
	Problem Setting
	Related Works
	The WSTS Benchmark
	Preliminaries: the UTAE
	Improving Wildfire Spread Prediction
	Single-Day Input (T=1)
	Time-Series Input, T=5

	The WSTS+ Benchmark
	Benchmarking Models with WSTS+
	Experimental Results with WSTS+

	Conclusion
	Experimental Details
	WSTS+ Details
	Collection Details
	Quality Assurance

	Cross-year experimental design

