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Designing a Classifier for Active Fire Detection From
Multispectral Satellite Imagery Using Neural

Architecture Search
Amber Cassimon , Phil Reiter , Siegfried Mercelis , and Kevin Mets

Abstract—Wildfires are becoming increasingly devastating, and
detecting them early is essential to containing them. Deep learning-
based wildfire detection systems have increased in complexity dra-
matically in recent years, and in order to manage this added com-
plexity, techniques have been proposed to automate the design of
neural network architectures. Such techniques are usually referred
to as neural architecture search (NAS). This article showcases the
use of a reinforcement learning-based neural architecture search
(NAS) agent to design a small neural network to perform active fire
detection on multispectral satellite imagery. Specifically, we aim to
automatically design a neural network that can determine if a single
multispectral pixel is a part of a fire, and do so within the constraints
of a low earth orbit nanosatellite with a limited power budget, to
facilitate on-board processing of sensor data. A regression model
that predicts the F1 score obtained by a particular architecture
following quantization is used as a reward function. This model is
trained on the classification performance statistics of a sample of
neural network architectures. Besides the F1 score, we also include
the total number of parameters in our reward function to limit the
size of the designed model. Finally, we deployed the best neural
network to the Google Coral Micro Dev Board and evaluated its
inference latency and power consumption. This neural network
consists of 1716 parameters, takes on average 984 µs to inference,
and consumes around 800 mW to perform inference. These results
show that our approach can be applied to new problems.

Index Terms—Active fire detection, AutoML, deep learning,
multispectral imaging, neural architecture search (NAS).

I. INTRODUCTION

MULTISPECTRAL satellite data have many uses rang-
ing from estimating heat storage in urban areas [1],

bathymetry [2], or monitoring the evolution of rivers [3]. How-
ever, analyzing large volumes of data by hand is cumbersome.
Because of this, deep learning techniques have been successfully
introduced to automate the analysis of multispectral satellite
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imagery [4]. While accurate analyses can be made using deep
learning, these neural networks often come with high compu-
tational costs. This makes deep learning approaches infeasible
in environments and tasks where computational resources and
power are at a premium, such as when performing processing
of multispectral satellite imagery on-board smallsats [5], [6].
Daghouri et al. [5] sized the electrical power system for a nano
satellite at several watts, ranging from around 6 W per solar
panel at peak times, down to just 1.7 W during low times. Dahbi
et al. [6] arrived at a similar number, with their nanosatellite
generating between 0 and 3.5 W depending on the precise
position of the satellite in an orbit. Deep learning systems
can be designed to operate in such low-power environments,
but this process is often complex and laborious, requiring ex-
perienced engineers to iteratively design neural networks that
maximally take advantage of the available resources [7]. To
remedy this, various aspects of the design of neural networks,
such as hyperparameter selection [8] and architecture selec-
tion [9], have been automated. The automated selection of an
appropriate neural network architecture is usually referred to
as neural architecture search (NAS), and various techniques
have been used for this, including continuous relaxation [10],
reinforcement learning [11], evolutionary algorithms [12], and
Bayesian optimization [13]. While reinforcement learning has
fallen out of favor in recent years [14], novel reinforcement
learning-based techniques show promising results on estab-
lished NAS benchmarks [15], [16]. This article aims to validate
the performance of such reinforcement learning agents on a
practical use-case. The use-case we selected is the detection
of active fires from multispectral satellite imagery within a
power envelope that would allow operation on-board a smallsat.
Neural networks are selected to maximize both classification
performance (as measured by the F1 score) and minimize the
number of trainable parameters to reduce power consumption.
The neural network that is finally selected is deployed onto a
Google Coral Micro development board [17], where the power
consumption of the whole system is measured to verify that it
could indeed be operated within the power envelope of a smallsat
system.

In summary, the contributions this article makes are as fol-
lows.

1) The performance of the reinforcement learning agent in-
troduced by Cassimon et al. [15] is validated by assessing
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it on a problem that is not an NAS benchmark for the first
time.

2) To the best of the authors’ knowledge, for the first time, a
performance prediction model is trained to predict neural
network performance after trainable parameters are quan-
tized.

3) A novel, resource-efficient neural network architecture
is found for detecting active wildfires from multispectral
satellite imagery.

4) NAS is applied to the problem of active fire detection from
multispectral satellite imagery for the first time.

The rest of this article is organized as follows. In Section II,
we consider state-of-the-art research in various fields related
to our use-case. Section III details how the NAS agent was de-
signed, and how we achieved the prerequisites. Next, Section IV
discusses the experiments we performed, listing experimental
setup, and used parameters in detail. We discuss the results ob-
tained from these experiments in Section V. Finally, Section VI
concludes this article.

II. RELATED WORK

This section will discuss existing approaches in the field of
reinforcement learning-based NAS (see Section II-A), multi-
spectral image processing (see Section II-B), and active fire
detection (see Section II-C).

A. Neural Architecture Search

NAS has been used to design neural networks that out-
perform human-designed neural networks in a wide variety
of domains, including computer vision [18], natural language
generation [19], and wind forecasting [20]. The variety of tech-
niques that have been used in NAS is almost as wide as the set
of problem domains that have been tried, including Bayesian
approaches [13], evolutionary algorithms [12], [18], continuous
relaxation [10], graph diffusion [21], and reinforcement learn-
ing [11], [22]. Despite having fallen out of use in recent years,
recent innovations in the space of reinforcement learning-based
NAS approaches encouraged us to use reinforcement learning
in this work. Since this article uses a reinforcement learning-
based approach, we will focus on reinforcement learning for the
remainder of this section.

Some of the first work in the field of NAS was done using
reinforcement learning [9], [11]. The authors in [9] and [11]
used a long short-term memory-based reinforcement learning
agent to sequentially sample architectural decisions and build the
computational graph of the neural network. They evaluated their
approach in both the language generation and computer vision
domains and found their approach surpassed human-designed
neural networks, achieving strong performance in both domains.
Pham et al. [11] considered both a macro search space and a mi-
cro search space. In the macro search space, their reinforcement
learning agent designed the entire neural network, while in the
micro search space, it designed a small cell that was repeated
multiple times to form a complete neural network.

Cassimon et al. [15] introduced a novel reinforcement learn-
ing agent that iteratively improves on a given neural network

architecture by making small alterations to the architecture.
Their transformer-based reinforcement learning agent is eval-
uated on two NAS benchmarks focused on computer vision
applications: NAS-Bench-101 [23] and NAS-Bench-301 [24].
They find that their agent is capable of finding strong archi-
tectures on both benchmarks and scales well with the size of
the search space. Contrary to this work, Cassimon et al. [15]
made use of a look-up table and a pretrained gradient boosted
tree model as their reward function for the NAS-Bench-101 and
NAS-Bench-301 benchmarks, respectively.

NAS methods require a method to find the performance of
a specific neural network architecture on a particular task. The
most naive way of achieving this is by simply training neural
networks to convergence, as was done in early NAS works [9].
In recent literature, this is usually achieved through performance
prediction methods: methods designed to predict the perfor-
mance of a specific neural network on a specific task, assuming
a particular fixed training procedure and set of hyperparame-
ters. Some methods make use of a regression model that takes
architectural features as input and outputs a prediction for the
neural network’s target performance [25]. Others use what are
called zero-cost proxies: methods that do not require any training
(of the designed network or the performance predictor), but
usually do require inference [26], [27]. There also exist one-shot
methods that rely on concepts such as weight sharing [11].

Lu et al. [25] proposed a transformer-like NAS performance
predictor, which uses permutation–invariance modules to im-
prove predictor performance in the face of graph isomorphism
between different representations of the same architecture. They
test their method on several existing benchmarks, including
NAS-Bench-101 [23] and NAS-Bench-201 [28]. Their PINAT
method is also evaluated on the DARTS [10] and Proxyless-
NAS [29] search spaces. The architectures designed by PINAT
achieve performance rivaling that of other state-of-the-art meth-
ods.

B. Multispectral Image Processing

Multispectral satellite imagery can be used for a broad variety
of use-cases. This section assesses several relevant works in the
field of multispectral image processing that concern applications
other than active fire detection.

Zheng et al.[30] presented a framework for patch-free global
learning of hyperspectral imagery. They achieve this using an
encoder–decoder architecture enhanced using lateral connec-
tions. The encoder maps the entire image into a latent space,
while the decoder decodes the latent image representation into
a per-pixel classification map. Their method is supported by a
global stochastic stratified sampling strategy to ensure a diversity
of gradients and prevent convergence issues due to a low amount
of training samples. Because hyperspectral datasets, such as
Pavia University [31], only contain a single image, training must
also occur in batches with a batch size of 1. This can lead to
issues with batch normalization operations included in many
models; thus, the authors opt to replace batch normalization
with group normalization [32]. They also introduce a spectral
attention module that was included in the search space in this
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work. The modules are designed to reweight the feature maps
of hyperspectral images based on their importance. Through
these techniques, they obtain strong results on the Pavia Uni-
versity [31], Salinas [33], and CASI University of Houston
datasets [34]. This article also demonstrates the computational
efficiency of their approach by a comparison in terms of the
number of floating point operations (FLOPs) and the number of
trainable parameters.

Wu et al. [35] presented a U-Net-based approach to detecting
the severity of burned areas following a wildfire. Contrary to our
work, Wu et al. [35] focused on damage assessment following a
fire, rather than detecting ongoing fires. Their U-Net architecture
includes several enhancements, such as attention gates in the
decoder and the use of residual blocks. The satellite data used are
Sentinel-2 L2A bottom of atmosphere (BOA) data, including the
use of bitemporal imagery augmented with the normalized burn
ratio (NBR) [36] index and some of its derivatives. Three spectral
bands (B8A, B11, and B12) are selected for inclusion in the input
data to the model. They evaluate the different improvements to
the standard U-Net architecture separately and consider the ef-
ficacy of different loss functions. To enhance the generalization
ability of their model, histogram matching is used, and the effect
of this enhancement is investigated quantitatively. The training
and test datasets are also swapped to evaluate the ability of the
model to be trained with limited data. The model is also evaluated
as a binary classification model, disregarding the distinction
between the different severity levels of burned areas. Finally,
the annotation method is also evaluated on a highly accurate,
expert-annotated dataset to assess the quality of the annotated
data used to train the neural network. At the end of their related
work section, Wu et al. [35] noted the need for more systematic
studies assessing the complex architectures of deep learning
models, further strengthening the motivation for this publication.

C. Active Fire Detection

In this section, we will consider the state of the art in ac-
tive fire detection from multispectral satellite imagery. While
research exists into active fire detection methods for terrestrial
purposes [37], this article focuses on the detection of fires from
satellite imagery.

Barmpoutis et al. [38] provided an overview of methods
for early fire detection based on optical remote sensing. They
categorize methods in terms of where the sensors are placed:
terrestrial, airborne, or space borne. They consider optical re-
mote sensing systems operating in the visible and infrared (IR)
spectrum, as well as multispectral systems based on traditional
machine learning and deep learning. In their conclusion, Barm-
poutis et al. [38] highlighted the smallsat-based fire detection
system as a promising avenue for improving the detection of
active wildfires.

Florath and Keller [39] built a system to detect active fires
and burnt areas simultaneously based on supervised machine
learning. They tackle several challenges, including the gener-
ation of good reference data and the detection of active fires
and burned areas at a high spatial resolution, while at the same
time trying to keep their methodology as generic as possible.

To generate useful data for their machine learning models, they
leverage a combination of Open Street Maps data and vector data
from governmental agencies and Sentinel-2 L2A BOA products.
Florath and Keller [39] evaluated seven different supervised ma-
chine learning models, including gradient boosting, extremely
randomized trees, multilayer perceptrons, and convolutional
neural networks (CNNs). They conclude that the performance
of all models is satisfactory when it comes to detecting fire,
but find most models struggle more with the classification of
burned areas. They hypothesize that the models struggle with
the separation of burned and unburned areas because of their
spectral similarity.

To gather sufficient labeled data to train a deep learning system
for active fire detection, we use the algorithm that Massimetti
et al. [40] used to detect and monitor volcanic activity. Meoni
et al. [41] found this algorithm useful for detecting fire events
on Sentinel-2 data. The algorithm proposed by Massimetti
et al. [40] is relatively basic. It consists of the computation of
reflectance ratios between different bands of Sentinel-2 data.
These reflectance ratios are then compared against reference
thresholds, and the result of these comparisons is combined
through a series of distinct logical tests. Four different logical
tests are used, and if at least one of them returns true, a pixel is
flagged as a hotspot.

Xu and Wooster [42] discussed the challenges faced in de-
veloping active fire detection products from Sentinel-3 data.
Sentinel-3 carries various instruments and can capture infor-
mation in IR channels with a spatial resolution of 1 km [43].
They form a daytime active fire detection product by combining
different spectral bands and adapting existing active fire detec-
tion methods designed for nighttime detection of active fires
based on a single IR band [44]. The original active fire detection
algorithm relies on a series of masking operations using varying
thresholds, atmospheric corrections, and cluster detections. The
new active fire detection product is compared against existing
products and found to have similar performance, with nuanced
differences in which fires are detected by both products.

Maillard et al. [45] made use of an object detection neural
network to detect active wildfires from a variety of data sources,
including satellite imagery, thermal imagery, aerial imagery,
and images captured from ground-based cameras. The neural
network they use is the YOLO-NAS network, an object detection
network created by Deci AI [46] using a proprietary NAS
algorithm called AutoNAC. The authors note that they achieved
mixed results, with strong mean average precision and recall,
but low F1 and precision. In their publication, a heterogeneous
dataset was used, while this improved applicability in real-world
use-cases, careful evaluations are necessary due to large discrep-
ancies between different image types.

Rashkovetsky et al. [47] evaluated the use of four different
sources of satellite imagery to perform active fire detection.
They train a U-Net [48] for each data source and compare
the performance of different U-Nets under cloudy and clear
conditions. The paper also investigates the fusion of pairs of
data sources to enhance detection performance, including an
investigation under clear and cloudy conditions. The data used
were taken from the Sentinel −1, −2, and −3 satellites, as well
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Fig. 1. Schematic overview of the complete methodology. Steps taken are shown on the left, while the result of each step is shown on the right.

as from the MODIS instrument onboard the Terra and Aqua
satellites. They conclude that in a single data source scenario
with clear weather, Sentinel-2 is the most suitable data source,
achieving high detection accuracy. In a scenario with multiple
data sources, Sentinel-2 data seem to benefit most from other
data sources, such as Sentinel-1 and Sentinel-3.

III. METHODS

This section will describe the various aspects of our research
in more detail, including the target task considered (see Sec-
tion III-A), the way we gathered data on the training performance
of our neural networks (see Section III-B), the training procedure
for our performance predictors (see Section III-C), and the
training procedure for our NAS agent (see Section III-D).

First, Fig. 1 provides an overview of the complete method-
ology. The left-hand side of the figure describes the various
steps taken, while the right-hand side shows the results from
the different steps, and how they are used by subsequent steps.

The first step is the collection of a dataset of multispectral
satellite imagery from the THRawS dataset [41]. The details of
this collection process are given in Section III-A.

Following this, we randomly sample a subset of neural
network architectures from the search space outlined in Sec-
tion III-B. This set of neural networks is trained on the dataset
of multispectral imagery gathered in the previous step. Fol-
lowing training, the neural networks are quantized, and their

classification performance is recorded along with their archi-
tecture. This dataset of neural network architectures combined
with their classification performance will be used in the next
step.

Next, a regression model will be trained to predict the
postquantization classification performance of neural network
architectures that were not trained before. Multiple regression
models will be trained on the dataset gathered in the previous
step. The process for training these regression models is elabo-
rated in Section III-C.

Using this regression model as a reward function, a reinforce-
ment learning agent is trained to incrementally design neural
networks optimal for the task of detecting fire from multispectral
satellite imagery. The reward function is augmented to also
consider the computational requirements of the designed neural
networks. Once trained, another subset of architectures will be
sampled at random from the search space. The reinforcement
learning agent will improve each architecture incrementally until
an optimum is reached. The architecture with the highest pre-
dicted classification performance following optimization by the
reinforcement learning agent will be selected for deployment.
Section III-D covers the procedure for training the reinforcement
learning agent.

As a final step, the selected neural network will be trained
with several random initializations. The trained neural network
with the highest classification performance will then be deployed
onto a Google Coral Dev Board Micro.
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Fig. 2. Schematic overview of the procedure used to generate the dataset of multispectral satellite images.

A. Target Task

The task considered in this article is the detection of active
wildfires from Sentinel-2 multispectral satellite imagery. The
dataset used was a subset of the THRawS dataset [41]. Specif-
ically, we selected all tiles that contain “fire” events at the time
of writing. We use L1C top of atmosphere products, following
Rashkovetsky et al. [47], since they do not require the compu-
tationally expensive atmospheric correction process necessary
for L2A BOA products [41]. Wildfires will be detected on a
per-pixel basis, i.e., we will consider the spectral data for a single
pixel at a time (13 bands) and output a binary classification: a
pixel is labeled as either “fire” or “no fire.” Following Meoni
et al. [41], we use the algorithm from [40] to obtain a binary
classification mask for the entire image; specifically, we use
the implementation provided by PyRawS [49]. Given that the
different spectral bands in a Sentinel-2 image have different
spatial resolutions, we resample all bands to the 20 m resolution.
This follows the 20 m spatial resolution used by Massimetti
et al. [40] in their hotspot detection algorithm. In the THRawS
satellite images, negative label (“no fire”) pixels significantly
outnumber positive label pixels. To compensate for this, we first
select all fire pixels, and then randomly sample an equal number
of “no fire” pixels at random from each satellite image. This is
done on a per-image basis to ensure that there is no distribution
shift in regard to geographic regions, vegetation, etc., between
both the positive and negative pixels. Following this, in each

image individually, positive and negative pixels are split in a
70%/15%/15% fashion to create a training, validation, and test
subset. The individual training, validation, and test subsets of all
images are then merged into datasets that span all images. This
procedure is illustrated in Fig. 2.

To aid our classification algorithm, we include three indices
as a form of feature engineering. Specifically, we compute the
NBR [36], normalized difference vegetation index (NDVI) [50],
and Active Fire Detection Index for Sentinel-2 (AFD) [51], and
append these as features to our pixel data to improve classifi-
cation performance, giving each pixel a total of 16 features (13
spectral bands and three indices). Since our goal is to eventually
deploy the designed neural networks to an embedded device, we
include the computation of these indices as part of the model.
This ensures that the device can accept data without requiring
that preprocessing is done externally.

B. Performance Data Gathering

NAS algorithms require a way to evaluate the performance of
a neural network, preferably without training it to convergence.
While many approaches have been proposed over the years,
including one-shot methods [11] and zero-cost proxies [26], in
the context of this work, we opted for a performance prediction
model [52]. To train such a model, we require performance data
from trained neural networks. Often, gathering large amounts
of such training data is computationally expensive due to the
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computational requirements of a single neural network. For
our work, however, the computational resources needed for
training a single neural network are very limited, given that the
network must be able to operate in a power envelope of several
watts. This allows us to more easily gather performance data
by training many neural networks. Alternative approaches, such
as one-shot methods exist, but one-shot methods are complex
to train correctly, and if done incorrectly, yield low ranking
correlation with the ground-truth data [53]. Zero-cost proxies
are another alternative, but they often require instantiating the
designed neural network and performing inference on it [27].
These limitations make performance prediction models an at-
tractive alternative to one-shot methods and zero-cost proxies in
our case.

Following training, neural networks were quantized to INT8
precision using post-training quantization, with the aim of even-
tually deploying them on the Google Coral Micro Dev Board.

Our search space is a macro search space, which requires
selecting the topology and node labels of a computational graph,
similar to the cells considered by Ying et al. [23]. We consider
architectures with up to eight nodes, including one input and
output node, leaving six nodes requiring operation labels to be
assigned by the NAS agent. Node labels are selected from a
set of ten possible labels: “linear-prelu,” “linear-relu,” “linear-
relu6,” “linear-tanh,” “linear,” “conv-3,” “conv-5,” “max-pool-
3,” “max-pool-5,” and “spectral-attn.” Preliminary experiments
showed that linear classifiers can perform fairly well with the
features we use; thus, we opted to include the “linear” operation,
which is a simple linear transformation without nonlinearity, to
offer the NAS agent the freedom to design both linear and nonlin-
ear classifiers. We operate on a single pixel at a time, rather than
on a patch of multiple pixels as is often the case. Given that we
have a single flat feature vector, we opted to include a linear layer
with a variety of nonlinearities in the form of the “linear-prelu,”
“linear-relu,” “linear-relu6,” and “linear-tanh,” operations. Since
spectral features in our dataset are roughly ordered by frequency,
the first 13 features do include a notion of locality. To exploit this
locality and allow the exploitation of relations between neigh-
boring frequency bands, we included both 1-D convolution and
pooling operations in the search space through the “conv-3” and
“conv-5,” “max-pool-3,” and “max-pool-5” operations. Finally,
we also include the spectral attention operation first proposed
by Zheng et al. [30]. From this information, we can compute
an upper bound on the size of the search space, Ω. Our neural
networks have between 2 and 8 vertices (v ∈ [2, 8]). For each
vertex count, we need to label v − 2 nodes with one of ten
(|o| = 10) operations. v vertices in a directed acyclic graph
(DAG) can be connected with between v − 1 and v·(v−1)

2 edges

(e ∈ [v − 1, v·(v−1)
2 ]). The number of ways we can sample d

edges from a set of e possible edges can be expressed mathemat-
ically as a combination. Combined, this leads to the expression
in (1) as an upper bound on the size of the search space. In reality,
the number of unique architectures in the search space will be
lower, since not every set of edges is a valid set of edges, and
isomorphism has not been accounted for. Still, this number can
give us an idea of the size of the search space we are operating

Fig. 3. Example network involving multiple inputs to the output node.

Fig. 4. Example network involving multiple inputs to an intermediate node.

in

|Ω| ≤
8∑

v=2

v·(v−1)
2∑

e=v−1

(v·(v−1)
2

e

)
· (v − 2)|o|. (1)

Evaluating the expression in (1) for our case yields
268 143 512 722 241 or 2.68× 1014, roughly four orders of
magnitude smaller than the DARTS search space [10] for com-
bined normal and reduction cells, but nine orders of magnitude
larger than the NAS-Bench-101 search space [23] for a single
cell.

In order to go from a neural network architecture expressed
as a computational DAG to an actual neural network, a ruleset is
needed to compute things, such as the number of filter channels
in a convolutional neural network or the number of hidden units
in recurrent neural network. We used the following rules to
determine the number of features a node outputs.

1) Input nodes are a no-op, and thus output the 16 features
they are given.

2) Output nodes concatenate all inputs and sum them together
to obtain the final probability of a pixel containing an
active fire.

3) Intermediate nodes concatenate all inputs before running
them through their respective operations.

Figs. 3 and 4 demonstrate how the number of features that
each operation outputs is determined.

C. Performance Predictor Training

As mentioned at the start of Section III-B, NAS methods
require a method to ascertain the performance of a given neural
network on a given task, without training the neural network
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to convergence. We opted to train a supervised learning model
to predict this performance from architectural features. Rein-
forcement learning requires sampling many (on the order of
104–107, depending on the algorithm) transitions, and thus also
a high number of evaluations of the reward function. From this,
it follows that a reward function must be quick to evaluate, on
the order of milliseconds per execution. Currently, the best way
to meet this performance requirement is through the use of a
small machine learning model to predict the performance of
an architecture once trained. While alternatives exist, such as
one-shot methods [10], [54] and zero-cost proxies [26], [27],
many are still prohibitively expensive to calculate. Since we
will be deploying the designed neural networks to an embedded
device that requires INT8 quantization, we should also evaluate
the postquantization performance of the model. More specifi-
cally, we predict the model’s postquantization F1 score based on
architectural features. We use the upper triangle of the adjacency
matrix, combined with a one-hot encoded set of operations and
the number of vertices and edges (as integers) as features for our
predictor.

D. NAS Agent Training

Once a sufficiently accurate performance prediction model
has been trained, we can start building a NAS agent. In this
setting, the performance prediction model is used as the reward
function for the reinforcement learning agent.

Since we are considering the case of on-board processing,
we must also consider the computational resources required to
evaluate the designed neural networks. A large and complex
neural network might provide accurate predictions, but if we are
unable to execute the network on-board the satellite because of
its computational requirements, it is of limited use. There are
a number of possible metrics that can be used for this. Some
parameters can easily be computed from the neural network
architecture itself and are quick to evaluate. This includes pa-
rameters, such as the number of FLOPs required to evaluate
a neural network, the total number of trainable parameters,
the total working set size [55], etc. Such parameters have the
advantage that they are independent of the device the neural
network gets deployed on, thus allowing the same NAS agent to
be used to design neural networks for different hardware devices
without invalidating the results.

It is also possible to instantiate the neural network, execute
it on a device, and measure certain parameters, such as the
inference latency or the energy consumption. Compared to using
a basic parameter, such as FLOP count, measuring these metrics
produces a much more accurate view of the actual impact of
certain design decisions. The disadvantage of using a measured
metric is that it must be measured, which can be a slow and
cumbersome process. Updating the neural network used on a
microcontroller usually requires rewriting some form of perma-
nent storage, such as on-board flash memory or an SD card,
which can be slow. Similar to the performance prediction model
used earlier, our method of evaluating the resource requirements
of a neural network must be executable in milliseconds to be able
to gather the required number of samples to train an effective

reinforcement learning agent. This makes the use of measured
metrics infeasible in our setting.

Recently, there has also been research into predicting mea-
sured metrics, such as latency and energy consumption [26],
[56]. Such prediction models provide a viable alternative to
measuring these metrics in the context of the constraints imposed
by our reinforcement learning setting.

However, in a reinforcement learning setting, the combined
computational effort of predicting both computational require-
ments and classification performance is still unacceptably high.
The computational burden of two separate regression models
can be alleviated by designing a single regression model capable
of predicting both classification performance and computational
requirements. Such a model would still require the collection of a
dataset of latency measurements, however, a slow and complex
process for reasons outlined earlier. Thus, in this article, we
use the total number of trainable parameters as a proxy for the
resource consumption of the designed neural network on the
target device.

So far, we have discussed the individual optimization
objectives considered in this article, but we have yet to touch
on the subject of how multiobjective reinforcement learning
is applied to solve this optimization problem. Regardless of
the exact setting, optimizing for multiple conflicting objectives
simultaneously always involves the selection of tradeoffs
between the advantages and disadvantages of different solutions
to a problem. In the multiobjective reinforcement learning
literature, one approach to resolving such tradeoffs is the use of
a utility-based approach first proposed by Roijers et al. [57]. The
utility-based approach requires the definition of a utility function
that captures how a user derives utility from a reinforcement
learning policy in a multiobjective setting. How this utility func-
tion is defined has a significant impact on how a multiobjective
reinforcement learning problem should be approached.

Unfortunately, how utility is derived from a satellite-based
active fire detection system is a complicated matter touching on
many areas of expertise. Factors that can be considered include
the following.

1) The cost of false positives compared to the cost of false
negatives. This requires assessing the impact of dispatch-
ing firefighting resources to a location with no fire versus
not dispatching fire fighting resources to a location that
has fire.

2) The cost of a certain area being burned. Wildfires are costly
because of the damage they cause, but creating numerical
models for the damage caused by a wildfire is complex
and requires expertise in many areas.

3) How quickly wildfires can be detected. Finding wildfires
quickly is essential to controlling them, since it is much
easier to control and extinguish a small wildfire compared
to a larger fire.

Building a utility function to compute the utility derived from
the use of a particular neural network for the detection of fires
requires expertise across a number of areas and is beyond the
area of expertise of the authors. With this in mind, we opt to
use a linear combination that values task-performance, and the
required computational resources equally. The use of a linear
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Fig. 5. Histogram of the geographic distribution of our dataset. Note the
logarithmic Y-axis.

combination as a utility function also significantly simplifies
the multiobjective reinforcement learning problem considered.
For example, under the assumption of a linear utility function,
the two different optimization criteria outlined by Rădulescu
et al. [58] (scalarized expected return and expected scalarized
return) become equivalent.

IV. EXPERIMENTS

In this section, we outline the data collected and the different
experiments performed in the context of this article. First, we
analyze the distribution of samples in the dataset of multispectral
satellite images in Section IV-A. Following this, we give a brief
analysis of the performance of different neural networks on the
target task in Section IV-B. Next, we analyze the process of train-
ing a supervised performance prediction model on the collected
performance data in Section IV-C. We follow this with an analy-
sis of the performance of our reinforcement learning agent on the
NAS problem in Section IV-D. Finally, in Section IV-E, we select
the best model found by our reinforcement learning agent and
deploy it on a Google Coral Micro Dev Board. The model is also
compared to several other machine learning models. Finally, we
conduct some measurements regarding inference performance
and power consumption to assess the viability of using our neural
network-based approach in a nanosatellite context.

A. Multispectral Imagery Dataset

Using the process described in Fig. 2, we were able to create a
dataset consisting of 20 images. In total, we find 110 448 positive
label pixels and sample an equal amount of negative label pixels,
leading to a total of 220 896 samples in the complete dataset.
After splitting the dataset into a training, validation, and test set,
the training set contains 154 636 samples, while the validation
and test sets each contain 33 130 samples.

Fig. 5 shows the geographic distribution of our data points.
This distribution is identical between the training, validation,
and test sets. Our data are clearly not distributed uniformly in
terms of geography, with more than half of all samples in the
training set (82 938 or 53.63%) originating from Australia, while
only 236 out of 154 636 samples (0.15%) originate in Italy.

B. Neural Network Performance Dataset

To gather performance data, we used a fixed computational
budget of 14 days (two weeks) using 12 central processing units

and a single NVIDIA A100 80 GB PCIe graphics processing unit
(GPU), and trained as many neural networks as possible within
this time period. When gathering neural network performance
data, up to six neural network architectures are sampled from
the search space and then trained concurrently using the same
GPU.

Training was done using version 2.15 of the TensorFlow
framework [59], given that the use of TensorFlow Lite would be
required to deploy the models later on. Sometimes, quantization
failed, with TensorFlow Lite reporting a violation of the same
scale constraint. All inputs to a concatenation operation in
TensorFlow Lite are required to use the same scale and zero
point quantization parameters, and TensorFlow Lite’s quanti-
zation systems failed to satisfy this constraint in a number of
cases. Usually, this was the consequence of the computation
of the different indices (NBR, NDVI, and AFD) being folded
into the model. TensorFlow Lite failed to quantize the division
operations used in these indices, which resulted in quantization
and dequantization operations being inserted around them. The
additional quantization and dequantization operations resulted
in different quantization parameters being used when the dif-
ferent indices were concatenated with the original features they
were calculated from. When this happened, it was impossible for
us to ascertain the postquantization F1 score of the trained neural
network; thus, this instance of the architecture was ignored.
Other training runs with different random initializations for the
same architecture were included in the dataset.

Neural networks were randomly sampled from the search
space using the same algorithm that Cassimon et al. [15] used
to sample initial states for their reinforcement learning environ-
ment. They were trained using the stochastic gradient descent
(SGD) optimizer [60] with a learning rate of 1× 10−2 and
Nesterov momentum with a weight of 0.9. Gradients norms
were clipped to 20, and we applied kurtosis regularization [61]
to aid in quantization with a weight of 1 × 10−2 and a target of
kurtosis of 1.8. The neural networks also had L2 regularization
applied with a weight of 1 × 10−2. The networks were trained
with a batch size of 16 384 for 500 epochs. All convolution
and pooling operations use “same” padding and operate with a
stride of 1.

First, we analyze the performance we attained on the task
of detecting active fires from single multispectral images. As
mentioned in Section III-B, we were able to train 34 295 neural
networks within our computational budget. In total, this dataset
comprises of 11 547 unique neural network architectures, each
trained using three different random initializations, with seeds
ranging from 0 to 2 (both inclusive). Version of TensorFlow
Lite 2.15 does not always succeed in quantizing a neural net-
work following training. Fig. 6 shows a distribution of the
post-quantization F1 score achieved on the validation set for
all networks that we were able to successfully quantize. A solid
black line indicates the median F1 score of 64.36%. We note
that a large percentage of architectures ended up in the first
and last buckets (buckets have a width of 1%), indicating many
architectures either have an F1 score in the [0%, 1%[ or the
[99%, 100%] range.

In their paper, Cassimon et al. [15] noted the necessity of
reward shaping when rewards are concentrated in a small region
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TABLE I
OVERVIEW OF THE HYPERPARAMETERS USED TO TRAIN THE DIFFERENT PERFORMANCE PREDICTORS

Fig. 6. Histogram showing the postquantization F1 score of all architectures
in the performance prediction dataset, obtained on the validation set. The median
is indicated with a solid black vertical line.

of their possible range. They used an exponential reward shaping
function to correct for the fact that the majority of the archi-
tectures in the NAS-Bench-101 dataset have accuracies around
90%. In our use-case, reward shaping will not be necessary based
on the data in Fig. 6.

Fig. 6 also shows that F1 scores in our use-case are not
uniformly distributed. Given that bins in this histogram have
a width of 1%, we would also expect the bars to have a height of
1% under the assumption of a uniform distribution. This is not
the case, with architectures with an F1 score below roughly 40%
being underrepresented, while architectures with an accuracy
above 40% being overrepresented.

C. Performance Predictor

To find a good prediction model, we consider a wide variety
of linear and nonlinear regression models. We use four different
training strategies for our linear regression model: ordinary least
squares (OLS), ridge, least absolute shrinkage and selection
operator (LASSO), and SGD. We also consider eight nonlinear
regression models with varying degrees of complexity: Gaussian
processes, random forests, support vector machines (SVMs),
K-nearest neighbor regression, radius neighbor regression, gra-
dient boosted trees, multilayer perceptrons, and graph neural

networks (GNNs). Finally, we also include two random sampling
methods to contextualize our results: one method that samples
uniformly, and one method that samples according to a normal
distribution with the mean and standard deviation matching that
of the training set.

All models except the GNN and both random samplers are
taken from the scikit-learn Python library [62]. Models were
trained using fivefold cross-validation with a held-out test set to
be used later for evaluation. We consider four different evalu-
ation metrics: the Pearson correlation coefficient, Kendall’s τ ,
the coefficient of determination (R2), and the root-mean-squared
error (RMSE), obtained on the training and validation sets.

Table I lists the hyperparameters for the different performance
predictors. Both random samplers have no hyperparameters.
Parameters that are not specified use the default values in
scikit-learn 1.4.0 [62]. All models that accept a seed were
given the same seed. The seed was a randomly selected integer
in [0, 232 − 1] selected from a NumPy [63] random number
generator initialized with seed 0. Models that accept an “n_jobs”
argument were given −1 for “n_jobs.” All linear models were
configured to fit scale and intercept.

Our GNN is based on the graph convolutions first introduced
by Kipf and Welling [64]. The DAG of each architecture is
given as input and fed through two graph convolutional network
(GCN) layers with leaky ReLU [65] activations after each. After
the final GCN layer, the features of each node are accumulated
into one vector for the entire graph. The feature vector for
the graph is finally fed through a linear layer resulting in a
single scalar output. The GNN was trained using the Adam
optimizer [66] minimizing the RMSE over 100 epochs. The
learning rate started out at η0 = 0.01, and was multiplied by
ηγ = 0.25 after the fifth, tenth and 50th epoches.

Figs. 7 –10 show the performance of these different prediction
models. In each of these figures, the predicted F1 score is plotted
against the true F1 score for each sample in the validation set
for one of the folds used in k-fold cross-validation. A perfect
predictor would have all data points on a diagonal line going
from the bottom left to the top right, also shown on the figures
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(a) (b)

Fig. 7. Scatter plot for the predictions from the different random predictors. (a) Uniform model. (b) Normal model.

(a) (b)

Fig. 8. Scatter plot for predictions from the gradient boosted trees model. (a) Training set. (b) Validation set.

as a dashed line. The more samples deviate from this line, and
the greater the deviation, the less accurate a regression model is.

Table II gives the numerical results for performance predic-
tors, sorted by RMSE on the validation set.

First, we consider predictions on the validation set by both
random predictors, to provide a frame of reference when an-
alyzing other predictors. Fig. 7(a) shows the scatter plot for a
uniform random sampler. There is little remarkable about this
figure, but one interesting thing to note is that the density of

the scatter plot nicely reflects the distribution seen in Fig. 6.
Fig. 7(b) shows the same scatter plot, but from our model based
on a normal distribution. We note that in this case, the model
generated several predictions outside the range shown on the
graph. This is reflected in the title of the graph: Of the 1849
datapoints, only 1786 are within the range shown on the graph.

Next, we consider the results for the best performing model,
gradient boosted trees. We show a scatter plot for the first
fold of both the training set [see Fig. 8(a)] and the validation
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(a) (b)

Fig. 9. Scatter plot for the predictions from the radius nearest neighbors model. (a) Training set. (b) Validation set.

Fig. 10. Scatter plot for the predictions from the GNN. (a) Training set. (b) Validation set.

set [see Fig. 8(b)], and we note that other folds show similar
results. The predictions capture the overall trend, but are far
from precise. The predictions still display a significant error
that is often between −20% and +20%. This is also reflected in
Table II, which gives an RMSE on the validation set of 13.7%
for gradient boosted trees. Interesting to note on Fig. 8(a) in par-
ticular is the difference in prediction accuracy between samples
with a ground-truth F1 score below 40% and samples with a
ground-truth F1 score above 40%. This is likely a consequence

of the observation we made in Section IV-B about Fig. 6 that
architectures with an F1 score below 40% are underrepresented
in our dataset.

From Table II, we see that most predictors managed to produce
a reasonably good model. The best result in each column is
highlighted in bold. Excluding the random models, the radius
nearest neighbor predictor is the only model that has a Pearson’s
R below 50%. We considered several distance metrics and radii
and tested both uniform and distance weights, but were unable
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TABLE II
COMPARISON OF THE DIFFERENT PERFORMANCE PREDICTION MODELS

to find a configuration that yielded a good fit. When using
distance weights, the model overfit very easily, while when using
uniform weights, the model usually underfit. Fig. 9(a) and (b)
shows predictions made by the radius nearest neighbor model
on the training and validation datasets. Using this configuration,
it is clear that the model underfit the training dataset. Instead,
the predictions seem to vary (narrowly) around the mean post-
quantization F1 score of 64% we show in Fig. 6.

Finally, we also note the behavior of the GNN. Despite being
intrinsically suited for dealing with graph data, the GNN showed
relatively weak performance. The GNN seems to exhibit a much
more extreme version of the bias displayed by the gradient
boosted trees in Fig. 8(a) and (b). Fig. 10(a) and (b) shows the
predictions for the GNN model on the training [see Fig. 10(a)]
and validation [see Fig. 10(b)] sets. The model rarely predicts
F1 scores below 40%, reflecting the bias in the underlying
distribution shown in Fig. 6.

D. NAS Agent

In this section, we cover the details of the reinforcement
learning agent that was used to design the final classification
network for active fire detection.

Following the experiments in Section IV-C, we selected the
gradient boosted tree regressor to be used as part of the reward
function for our reinforcement learning, given its strong per-
formance in predicting the postquantization F1 score of the
trained neural networks. As mentioned in Section III-D, the
reward function we used is a combination of the postquanti-
zation F1 score predicted by the gradient boosted tree model
and the total number of trainable parameters in the designed
neural network. The total number of trainable parameters is
first normalized between 0 and 1 before the linear combination
is applied, to ensure both rewards have a similar magnitude.
While it is relatively straightforward to define a lower bound
for the total number of trainable parameters, finding an upper
bound is harder. Since both bounds are necessary to compute the
normalized total parameter count, we make an assumption on the
worst case. We assume that an architecture with the maximum
number of edges and vertices, where every node is assigned
the “linear-prelu” label is the worst case in terms of the total

parameter count. This assumption is justified by the fact that for
the “linear-prelu” operation not only the linear layer but also
the activation function has trainable parameters. Finally, both
components of the reward function are assigned an equal weight
of 0.5, and combined using a linear combination.

We use the reinforcement learning agent introduced in [15] to
design neural networks in an iterative fashion. The agent is given
an architecture, along with a set of architectures obtained by
modifying the first architecture as input. The agent then outputs
the index of the preferred architecture. If the agent selects the
current architecture, the episode terminates. If the agent selects a
modified architecture, this architecture becomes the new current
architecture and the process repeats.

The architecture of the reinforcement learning agent is shown
in Fig. 11. Architectures are first prepared by taking the lower
triangular half of the adjacency matrix, flattening it, and con-
catenating it with a one-hot encoding of the operation on each
node of the architecture. Following preparation, architectures
are projected into a latent space using several linear layers with
ReLU activations, before having their latent representations fed
to a transformer encoder as a sequence. The first output of
the transformer encoder is then used to compute a state-value
and an advantage value for each action, as is standard practice
when using dueling heads [67]. During training, episodes have
a length of up to 16 time steps, with episodes taking up to 32
time steps during evaluation. Each agent is trained five times,
with numbers from 0 to 4 (both inclusive) being used as seeds
for random number generation. Training is terminated once the
agent has been trained on 10 × 106 time steps of experience.
We use γ = 0.9 following the ablation study in [15]. Agents
are trained using the Ape-X algorithm [68], a variant of deep
Q learning. Agents are shown up to 50 neighbors each time
step. We use the Adam optimizer [66] with a learning rate
of 5 × 10−5. We use double Q-learning and dueling heads
with target networks that are updated every time the online
network is trained for 8192 samples. Exploration is handled
using a per-worker epsilon-greedy strategy. Every worker uses
an epsilon-greedy exploration strategy with a different value of
epsilon. For the precise calculation of epsilon values, we refer to
the original Ape-X paper [68]. Following Cassimon et al. [15],
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Fig. 11. Architecture of the reinforcement learning agent. Figure taken from [15] with permission.

(a) (b)

Fig. 12. Performance of the best architecture found so far for each objective as a function of the number of queries made. (a) Highest predicted F1 score as a
function of the number of queries made. (b) Lowest number of trainable parameters as a function of the number of queries made.

we use a replay buffer with 2.5 × 104 entries, using prioritized
replay with α = 0.6 and β = 0.4. Following the results from
Section IV-B and contrary to [15], we do not use any reward
shaping. When evaluating, we randomly sample five sets of
1 × 104 architectures from the search space and evaluate the
agents on each of these sets. We also include random search,
random walks, and local search as additional baselines.

Fig. 12(a) and (b) shows the performance of all agents on
both objectives as a function of the number of queries. One
thing that immediately stands out in Fig. 12(b) is how easy it
is for the random search agent to design neural networks with
very low parameter counts. While this may seem surprising at
first, it follows from the sampling algorithm used for random

search. We use the same sampling strategy detailed in [15].
As shown in [15, Fig. 5], the random search algorithm sam-
ples uniformly in function of vertex counts. Since we consider
architectures with 2–8 vertices (both inclusive), random search
has a roughly 1/6 chance (16.66 . . .%) to sample an architecture
with only two vertices. An architecture with only two vertices
has exactly one edge and no trainable parameters, apart from
the linear projection used in the output. Thus, such an architec-
ture has 17 trainable parameters and occurs with a 16.66 . . .%
probability at the end of an episode. This also explains why
random search struggles much more to find architectures with
high postquantization F1 scores, given that these are much
rarer.
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Fig. 13. Pareto fronts generated by each agent given a query budget of 300 queries. Every ten queries, it is redrawn. The first Pareto front is drawn in blue, the
last in red, and others interpolate between blue and red based on how many queries were required to find the front. Note the logarithmic Y-axis.

Fig. 12(a) also shows an interesting artifact. Both local search
and our reinforcement learning agent are able to find archi-
tectures with postquantization F1 scores above 100% fairly
easily. This indicates that both algorithms have managed to
uncover adversarial inputs to the performance prediction model,
which lead it to predict an impossible F1 score. We saw a
limited number of samples that were predicted to have F1 scores
above 100% in Fig. 8(b), but they are much more frequent in
the evaluation data. Specifically, such adversarial samples are
most common with local search, occurring in 246 755 traces
(98.70%), followed by our reinforcement learning agent with
39 925 (15.97%) occurrences. They occur only rarely with either
random algorithm, with random search reporting 95 occurrences
(0.04%) and random walks reporting 136 (0.05%) occurrences.
We hypothesize that these adversarial samples likely adversely
impacted the performance of the reinforcement learning agent
to a limited degree. A possible mitigation strategy is to simply
clamp the predictions from the performance prediction model
between 0 and 1 (or 100%). The impact of such a mitigation
measure may be limited, however, since it does not address
the underlying cause of the adversarial samples (an imperfect
regression model), rather it only addresses the symptom (over-
prediction of post-quantization F1 scores). Building stronger
performance prediction models is likely the best mitigation
strategy against such issues.

Fig. 13 shows the Pareto fronts found by each agent under
a query budget of 300 queries. These Pareto fronts confirm
what was already visible in Fig. 12(a) and (b), which random
algorithms do not struggle with finding neural networks with
low parameter counts, but they do struggle with finding neural
networks with high postquantization F1 scores. We count queries
in the same way as [15], which severely limits the number
of opportunities local search has for making improvements to
the architecture. In this search space, most architectures have
50 neighbors, allowing local search six time steps to make im-
provements before its query budget is exhausted. Comparatively,
other algorithms can play up to 300 episodes (up to 4800 time
steps), since they only need to query an architecture’s accuracy
at the end of the episode. This likely also explains why local
search did comparatively worse than Ape-X, with Ape-X finding
better architectures both in terms of the total number of trainable
parameters and the predicted postquantization F1 score. Ape-X’s
Pareto front is also relatively compact compared to those of the
random algorithms, which is likely explained by the fact that
Ape-X (and local search) try to honor the preference vector we

selected ([0.5, 0.5]), whereas random search and random walks
simply sample randomly, without regard for the preference
vector used.

E. Deployment

Finally, to fully evaluate the performance of the architecture
returned by our reinforcement learning agent, we deploy the
best performing architecture on a Google Coral Micro Dev
Board [17], a low-power deep learning accelerator with sup-
port for the widely used TensorFlow Lite deep learning frame-
work [59]. The architecture selection process happens through
the use of the linear utility function from Section III-D. For
each evaluation episode, we take the final architecture, com-
pute the value of the utility function, and select the architec-
ture with the highest utility. This architecture is then trained
100 times, each with a different random initialization, and the
trained network with the highest post-quantization F1 score is
selected for deployment. The architecture obtained a median
post-quantization F1 score of 99.884% on the validation set. The
lowest post-quantization F1 score obtained on the validation set
was 98.917%.

The best neural network architecture is showcased in Fig. 15.
This architecture has several interesting features. First of all,
we note that the architecture only contains linear layers with
various activation functions. Despite the addition of other opera-
tions, such as convolutions, max pooling, and spectral attention,
the reinforcement learning agent selected an architecture that
consists solely of linear layers. The next element of note is
the two-stream design. The agent has essentially designed a
network with two parallel information streams of equal depth
that are combined at the output node. Because of this design,
no intermediate node has more than one input, and thus, every
intermediate node only has 16 input and 16 output features. This
reduces the overall parameter count of the neural network, while
still retaining depth, allowing for complex decision boundaries
with a limited number of trainable parameters. We also note
that the agent is aggregating features at multiple levels. There
are branches that connect the input to the output with a path
containing 1–3 intermediate nodes. This is reminiscent of the
structure of U-Nets [48], or auxiliary towers [69] sometimes
employed to improve the performance of convolutional neural
networks.

The firmware makes use of the coralmicro support library
to access the tensor processing unit (TPU). Because TensorFlow
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(a) (b) (c)

Fig. 14. Confusion matrices for the neural network architecture in Fig. 15. (a) Training set. (b) Validation set. (c) Test set.

Fig. 15. Best neural network found by our reinforcement learning agent. The
architecture has 1716 trainable parameters and obtains a median postquantiza-
tion F1 score of 99.884%. Each node shows the number of input features and
output features, separated by a colon.

Lite does not support dynamic batch sizes, images are infer-
enced in batches of one. Data are fed to the Coral Micro Dev
Board through an Ethernet-over-USB connection. The firmware
operates on a request–response paradigm and supports two
commands. The first command is a simple “PING” to verify
that the network connection between the device and the laptop is
operational. The second command is an inference request, with
a single data sample attached. Upon reception of the inference
request, the device performs inference and returns the classifi-
cation result as an INT8 value representing the probability of
the pixel containing fire.

The version of TensorFlow Lite bundled with the Google
Coral Dev Board Micro does not support division operations.
Our preprocessing code does require division operations, how-
ever, since NDVI, NBR, and AFD are all instances of the
generalized normalized difference index [51], which requires
a division. Thus, we opted to execute our preprocessing using
the floating point unit (FPU) present in the ARM M7 core of
the NXP i.MX RT1176 microcontroller. The data are sent to the
device in FP32 format, preprocessing is done and executed by
the MCU, the data are quantized, and inference of the neural
network is executed on the TPU.

Fig. 14(a) shows the classification results for the neural
network in Fig. 15 for the training set, with results for the
validation and test sets shown in Fig. 14(b) and (c). From these
confusion matrices, we can conclude that the neural network is
a very strong classifier, achieving F1 scores in excess of 99% on
the training, validation, and test sets. We can also see that the
network tends to produce false negatives more than it does false

positives, with false negatives about 10× more prevalent than
false positives.

When considering only the misclassifications, we see that
on each dataset, the neural network classified at least two
events perfectly (two on the training set, eight on the test set,
and ten on the validation set). The absolute highest number
of misclassifications was made on the “Australia_1” event for
the training set, with 168 samples from this set being mis-
classified (0.2% of the total samples for “Australia_1” in the
training set). In relative terms, the “Greece_4” event in the
validation set yielded the worst result, with 2.6% of samples
being misclassified (four out of 154 samples). Both complete
images are shown in Fig. 16. We assess if there is a signifi-
cant difference in the ranking of the different events between
different datasets by computing the Kendall’s τ correlation
between the ranking of events for different sets. The Kendall’s
τ correlation between the training and validation set, as well
as between the training and testing set is very low, at −1.05%
and −7.37%, respectively. Between the validation and testing
sets, we do find a moderate correlation, at 43.16%. This implies
that when our network did badly on an event in the valida-
tion set, it also did badly on the same event in the test set,
which is to be expected under the assumption that there is no
overfitting.

Fig. 16 shows some example images from the THRawS
dataset, along with the predictions generated with our neural
network. False color images were created by using Bands 4,
3, and 2 for the red, green, and blue channels of the image,
respectively. “Australia_1” and “Greece_4” were included since
these are the images that our network performed the worst on
when considering the subset of pixels used for training. From the
images and the confusion matrices, we can see that the network
tends to predict false positives more often than false negatives,
contrary to what we see on the dataset used for training in Fig. 14.
This is to be expected, since the training set was sampled to be
balanced, while the complete images are extremely unbalanced,
with >99% of all samples belonging to the negative class. We
also see that despite heavy cloud cover, performance in the
“Sweden_0” image is not severely degraded, showing that our
network is robust in the face of cloudy weather.
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Fig. 16. Three example satellite images with predictions. The black area in the top-left corner of the “Australia_1” image contains no valid data, and such areas
were not considered in the creation of the dataset. The confusion matrices concern the entire image, not just the pixels that were used in the dataset.

While performing inference on the training set, our firmware
averages a round-trip latency of 0.984 ms per sample, corre-
sponding to a throughput of 1016.01 samples per second. This
includes the time it takes to send data from the laptop to the
device, and the time it takes to receive the data again.

To analyze the feasibility of deploying this system on a
nanosatellite we use a DC energy analyzer while the device is
operating. Our energy analyzer is a JS110 JouleScope [70]. This
should give us insight into the power consumption of the device,
both in terms of overall consumed power, as well as peak power
consumption. Fig. 17 shows an energy trace while our firmware
is running on the Google Coral Micro Dev Board [17]. Fig. 17(a)
shows idle power consumption, while the device is waiting for
a command, while Fig. 17(b) shows the power consumption
while the device is performing inference. The graph shows that
while idle, the device consumes approximately 640 mW, which
jumps to 780 mW average while performing inference. The idle
power draw for the device is relatively high, which we attribute to

several factors. First, the firmware we use has not been optimized
for reducing power consumption. Such optimizations include the
heavy use of sleep states and disabling the TPU when it is not in
use. We also note that the communication system used to transfer
data to the device (Ethernet-over-USB) has a relatively high
power draw, with even dedicated application-specific integrated
circuits drawing in the dozens of milliwatts [71]. Despite this
seemingly high power consumption, the Dev Board Micro’s
datasheet [17] references average power peaks of up to 3 W,
which is significantly higher than what we observe. Our power
consumption being significantly lower is likely explained by the
fact that the neural networks we execute are significantly simpler
than the complex CNNs used for computer vision tasks.

We also compare our neural network against three other
machine learning models in Fig. 18: a linear (ridge) classifier, a
decision tree, and an SVM. All three models were taken from
the scikit-learn Python library. The linear classifier fitted both
intercept and slope, with α set to 1. For the decision tree, the
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(a) (b)

Fig. 17. Waveform trace of the power consumption of the Google Coral Micro Dev Board while our firmware is running, sampled at 100 Hz. Statistics are
computed over a 0.1-s window. The mean is given as a solid blue line, and the minimum and maximum as a dotted blue line. The area between the minimum
and maximum, and the area spanning a 95% confidence interval around the mean are filled in. (a) Device is idle, waiting for a command. (b) Device is servicing
repeated inference requests.

maximum depth was set to 5. The SVM used a linear kernel
with γ set to auto, and “C” set to 10. For all three models, the
seed used for random number generation was set to 0. All other
settings were left on their default values. From this comparison,
we can see that all models perform very well on the dataset,
with every model attaining an F1 score of over 99% on each of
the datasets. Compared to our model, each of the other models
obtains a higher number of false positives on each of the datasets,
while obtaining a lower number of false negatives. This results
in our neural network outperforming the linear classifier in terms
of F1 score, but underperforming compared to the other models.
The most likely explanation for the strong performance of such
simple models is the algorithm that was used to obtain labeled
data. As we mentioned in Section III-A, we used the algorithm
from [40] to label the satellite images from the THRawS dataset.
As mentioned in Section II-C, this is a relatively basic algorithm,
built on the comparison of reflectance ratios against thresholds.
This results in a straight-forward relationship between features
and labels, making the classification problem easier.

V. DISCUSSION

This work demonstrated how the NAS agent proposed in [15]
can be used to design active fire detection systems. While this
proved an interesting use-case, one possible point of improve-
ment is the data that were used. We opted to use Massimetti
et al.’s [40] algorithm to label Sentinel-2 satellite images. While
this allowed us to easily gather a sufficient amount of labeled
images, the quality of these labels is limited. Given the simplicity
of the labeling algorithm, most machine learning algorithms
can easily approximate the labeling algorithm, thus resulting
in seemingly strong performance from the classifier, as we saw
with all machine learning models we evaluated achieving F1
scores in excess of 99%. To fully evaluate the capability of the
developed active fire detection system, an analysis should be
made that considers a different source of labeled data that does
not suffer from these issues, such as [72].

Section IV-C focused on the training of performance predic-
tion models. Here, we noted that despite their intrinsic strengths
at dealing with graph data, graph neural networks (GNNs) per-
formed relatively poorly at the performance prediction task, only
achieving a Kendall’s Tau ranking correlation of around 24%,
compared to gradient boosted trees’ 53%. The GNN model we
used is a relatively simple model based on GCNs [64], and more
complex models, such as graph attention transformers [73], will
likely perform better. GNNs are still an active area of research,
and we expect that there are many improvements that could
be made to our GNN architecture that would result in better
predictions.

Section IV-C also showed that while many performance pre-
dictors were able to achieve satisfactory performance, there is
still room for improvement. This is particularly evident when
comparing against other performance prediction models in the
NAS literature. For example, the three models used in the
NAS-Bench-301 benchmark [24] (GIN, XGB, and LGB) all
obtained R2 scores of over 0.8 on their dataset. Compare this
to our best model, a gradient boosted tree, which achieved an
R2 score of approximately 0.55. The fact that we are trying to
predict postquantization performance metrics likely resulted in a
more complex regression problem, at least partially explaining
the performance gap. We expect that the performance of our
predictors could be improved through the use of better feature
engineering. In their paper, Kadlecová et al. [26] showed that
the computation of a set of fairly simple features of the un-
derlying architectures can result in a strong feature set to train
performance predictors on. We hypothesize that using such an
improved feature set would likely also lead to stronger predictive
performance in our case.

The reinforcement learning agent originally proposed by
Cassimon et al. [15] and used in this work proved effective,
as shown in Section IV-D. While random search and random
walks provided a very strong baseline when it comes to
reducing the total number of trainable parameters, their
ability to design neural networks that can perform accurate
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Fig. 18. Comparison of our neural network (top) against three other machine learning models.
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classification is limited with local search and reinforcement
learning outperforming them across all query budgets. The use
of both local search and reinforcement learning also revealed
some weaknesses in our performance prediction models, in the
form of the discovery of adversarial samples in, respectively,
99% and 16% of traces. Despite this, the final neural network
architecture designed by the reinforcement learning agent
demonstrated strong performance on the task at hand and did
so within a limited computational budget. Our results also
highlight the robustness of the reinforcement learning agent in
the face of an inaccurate performance prediction model and a
diffuse distribution of post-quantization F1 scores.

In Section IV-E, we deployed the best neural network de-
signed by our reinforcement learning agent onto a Google
Coral Dev Board Micro device. When using TensorFlow Lite
to deploy our model to the development board, the lack of
support for division operations presented a challenge. While
trying to circumvent this issue, we tried using an approximation
algorithm, such as the Goldschmidt [74] algorithm, but ran into
issues when using this approach too. This forced us to eventually
move the division operations to the ARM M7 Core’s FPU. It is
likely that further improvements in power consumption could
be realized if the complete preprocessing operations (including
divisions) were executed on the EdgeTPU. When executing the
model on the device, inference latency is very low, but the power
consumption, even when idle, is relatively high, around 640 mW.
Given the limited size of the model, it is likely possible to
execute the model on the ARM core exclusively, allowing the
EdgeTPU to be completely disabled, further lowering power
consumption. This would also eliminate the overhead that is
created by transferring data from the ARM core to the EdgeTPU,
further lowering inference latency.

Finally, another interesting perspective arises when the results
of the comparative analysis in Fig. 18 are taken together with the
histogram from Fig. 6. Despite the fact that very simple machine
learning models, such as a linear classifier, converge with F1
scores exceeding 99%, a large section of the neural network
design space failed to achieve similar F1 scores. This highlights
that the neural network architecture design is a nontrivial pro-
cess, even when the underlying process being modeled itself is
fairly simple, further supporting the need for NAS algorithms,
such as the one used in this article.

VI. CONCLUSION

This article covered the use of a reinforcement learning-based
NAS strategy to design power-efficient neural networks for the
application of detecting active wildfires from satellite imagery.
Such NAS systems could allow engineers and researchers to
more quickly and easily develop neural networks for processing
remote sensing data, lessening the need for expertise in neural
network design, and speeding up the design process. We found
that the proposed reinforcement learning approach can success-
fully design neural networks that are accurate at detecting active
wildfires, and that use limited computational resources. This
work is the first to validate this reinforcement learning approach
to NAS in a practical use-case, and in doing so, leaves many
avenues open for future research, including a refinement of the

multiobjective reinforcement learning strategy used, improved
performance estimation algorithms, and the tackling of more
complex remote sensing problems.
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