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Abstract— Automatic fire detection from images is a major
challenge for environmental disaster prevention, particularly in
regions where monitoring infrastructure is limited. Vision
Transformers (ViT) have recently demonstrated remarkable
performance in visual classification tasks, but their
computational complexity limits their wuse in resource-
constrained systems. In this paper, we propose DESiT-Lite, an
optimized and quantized version of the Data Efficient Satellite
Image Transformer (DESiT) model, originally designed for fire
detection from aerial and satellite images. To reduce the model’s
computational complexity and memory consumption, four
complementary techniques are integrated: knowledge distillation,
structural pruning, Quantization-Aware Training (QAT), and
fine-tuning. Experimental results show that the distilled version
of DESIT maintains acceptable accuracy after compression and
quantization. Comparative experiments conducted with several
lightweight reference architectures also highlight a significant
reduction in computational requirements while maintaining
satisfactory inference efficiency for resource-constrained
embedded scenarios.

Keywords— DESIT, DESiT-Lite, Fire detection, Knowledge
distillation, Fine-tuning, Structural pruning, Quantization.

I. INTRODUCTION

Recent advances in computer vision models, particularly
the emergence of visual Transformers, have significantly
improved the accuracy of critical object and event detection
systems [1, 2]. However, these models remain resource-
intensive, limiting their deployment in complex computing
environments, such as microcontrollers embedded in
lightweight drones [3, 4]. In many developing countries, such
as Madagascar, access to specialized computing hardware is
limited, which hinders the adoption of Artificial Intelligence
(AI) based solutions for environmental monitoring and early
fire detection.

Image-based automated fire recognition is a crucial
problem in environmental hazard prevention. Recent advances
in deep learning have led to the emergence of increasingly
powerful models, notably Vision Transformers (ViT), which
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outperform convolutional architectures in several demanding
visual tasks [5]. However, the size of the model and its
consumption of computing resources limit their deployment in
constrained environments, particularly when detection must be
performed in real time.

Faced with these challenges, research has recently focused
on reducing, compressing, and optimizing Transformers to
achieve lighter architectures while maintaining their
representation capacity. Previous works [6 7, 8, 9] have
demonstrated that it is possible to significantly reduce the size
and complexity of models with minimal loss of accuracy. Post-
training quantization, Quantization-Aware Training (QAT),
dynamic pruning, and knowledge distillation are all techniques
that have become essential for adapting vision models to strict
computational constraints [10, 11].

Under these conditions, the Data Efficient Satellite Image
Transformer (DESiT) model, a lightweight Transformer trained
for fire detection in natural environments, already delivers high
performance with 99.68% accuracy [12]. However, its current
size remains too large to allow for its integration into
embedded systems, particularly drones, Internet of Things
(IoT) platforms, and edge Al devices, which generally have
limited resources in terms of memory, computing power, and
energy consumption.

In this context, deploying standard ViT remains
challenging due to their high computational complexity and
inference latency. Model compression therefore becomes
essential to achieve an acceptable trade-off between detection
accuracy, inference speed, and memory cost.

In this paper, the proposed framework combines several
complementary techniques, including knowledge distillation,
structured pruning, QAT, and fine-tuning to reduce model
complexity while preserving high classification performance, ,
asin[13, 14].

The main contributions of this paper are summarized as:



e Proposal of a lightweight ViT architecture for
embedded wildfire detection;

e Joint integration of knowledge distillation, structured
pruning, and quantization;

e Comparative evaluation against lightweight
Convolutional ~ Neural Network (CNN) and
Transformer architectures under identical experimental
conditions;

e Analysis of trade-offs between accuracy, recall,

latency, and memory efficiency for low-resource
embedded systems.

II. LITERATURE REVIEW

Vision Transformers and their hybrid variants offer better
modeling of spatial context, which is essential for fire and
smoke detection, but their complexity limits their embedded
deployment without optimization. We add a critical
comparison of the strengths and weaknesses of each approach,
and then deduce our choice of model.

In [15], (Sandler et al., 2018) propose MobileNetV2, a
lightweight CNN architecture designed for embedded devices.
This model has been used in several studies on fire detection
from aerial images, achieving accuracies between 85% and
90%. Although MobileNetV2 is well suited to computational
constraints, its limited ability to model the overall context
reduces its performance in complex scenarios containing
diffuse smoke or heterogeneous backgrounds.

In [16], (Tan et al., 2019) propose EfficientNet, a family of
CNN by composite scaling. The EfficientNet-BO model
achieves high accuracy (over 93% on ImageNet) while
maintaining relatively low complexity. This architecture has
been widely adopted for the classification of aerial and satellite
images. However, its operation relies exclusively on local
convolutions, which limits its ability to capture global spatial
relationships, particularly important for the detection of
widespread phenomena such as smoke or fire fronts.

In [17], (Dosovitskiy et al., 2020) introduce the ViT, which
applies  self-directed attention mechanisms to image
classification. The results demonstrate an excellent ability to
model global dependencies, outperforming traditional CNNs in
several vision tasks. However, ViT requires large volumes of
data and significant computational resources, which limits its
deployment on embedded or resource- constrained platforms.

In [18], (Touvron et al., 2021) propose Data-efficient Image
Transformer (DeiT), an optimized variant of the ViT based on
knowledge distillation. This approach allows transformers to
be trained efficiently with less data, while maintaining
competitive accuracy. Although DeiT improves learning
efficiency, its computational cost remains high for direct
deployment on real-time embedded systems, particularly on
lightweight drones.

In [19], (Liu et al., 2021) explore a post-training
quantization approach aimed at reducing the memory and
computational costs of Vision Transformers for constrained
scenarios. Experimental results show that this strategy
maintains high performance while significantly reducing
model complexity, achieving 81.29% accuracy with DeiT-B on
ImageNet under near 8-bit quantization. However, the study

highlights that the effectiveness and robustness of quantization
remain highly dependent on the architecture of the transformer
in question.

In [20], (Lu et al., 2023) study a hybrid architecture
combining a convolutional network and a transformer for land
cover classification based on high-resolution Unmanned Aerial
Vehicle (UAV) images. The proposed model, called DE-UNet,
uses a dual encoder where local features extracted by a CNN
backbone are enriched by a Swin Transformer module to
capture global context. However, although these results are
promising for semantic classification tasks, the complexity of
the model and the training time remain significant constraints
for real-time implementation on embedded platforms,
particularly in resource-constrained environments.

n [21], (Jangirova et al., 2025) propose a real-time aerial
fire detection approach targeting resource-constrained
embedded platforms. The system develops a lightweight model
combining convolutional networks and vision transformers,
optimized by knowledge distillation. Experimental results
indicate that the distilled model is suitable for execution on
constrained devices. However, the computational resources
required for inference deployment on constrained devices
remain a limitation, as the study does not provide a detailed
analysis of on-device inference time, memory footprint, or
energy consumption on low-power hardware.

In [22], (Nielsen et al., 2024) introduce BitNet b1.58, a
large language model fully quantized using ternary arithmetic,
in which each parameter is encoded using 1.58 bits. This
approach significantly reduces memory consumption and
computational cost while maintaining performance comparable
to that of full-precision models. However, it is designed
exclusively for natural language processing tasks and does not
support structured visual inputs such as aerial imagery.

In this context, DESiT-Lite, by applying global attention
through  Transformer, is an effective compromise.
Experimental comparisons conducted in our study show that it
offers the best balance between accuracy and generalization
ability. The quantified DESiT-Lite version thus aims to
preserve these advantages while respecting the computational
and memory constraints imposed by real-time embedded
systems.

III. PROPOSED METHODOLOGY

This section presents the methodology adopted for the
design, optimization, and evaluation of the proposed model. It
details, in turn, the initial architecture of DESIT, the
simplification strategy used to obtain the optimized DESIT-
Lite version, the quantification process applied, and as the
algorithm representing its mode of operation.

A. Description of the initial architecture of DESIT

The DESIT model is a hybrid architecture that combines
the global dependency modeling techniques offered by ViT. It
is based on a three-step sequence found in [12]:

1) Data preprocessing: Input images, derived from
multitemporal satellite data, are resized and normalized using
random rotation, cropping, brightness/contrast variation
(Colorlitter), and pixel normalization. Pre-training on large
datasets allows the model to learn generic visual features,
promoting better generalization.
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Fig. 1. Overall architecture of the proposed DESIiT Optimized system,
illustrating the main stages from satellite image preprocessing to feature
extraction, classification, and final forest fire detection.

2) Feature extraction: The feature maps extracted by the
convolutional layers are then cut into patches and projected
into a latent space adapted to multi-head attention. This step
preserves local details while preparing the data for global
processing.

3) Classification: A compact transformer module analyzes
long-range spatial relationships between patches. The final
representations apply layer normalization, linear projection,
and a 3-class softmax. The results are then aggregated and sent
to a classification head, which produces the final prediction
(fire/no fire, smoke/no smoke).

This architecture allows DESIT to achieve high accuracy of
up to 99.68% during initial training while maintaining a
structure compatible with subsequent optimizations.

B. DESiT-Lite optimization strategy

Fig. 1 illustrates the overall architecture of the proposed
system, including knowledge distillation, structural pruning,
quantization, fine-tuning, and final model classification. The
optimization strategy is based on four complementary levers.

1) Knowledge Distillation: The system applies a limitation
on the number of attention blocks while maintaining their
accuracy performance [23]:

e  The number of Transformer blocks is reduced;

e The size of embeddings and the number of attention
heads are reduced,;

e The student model learns not only to predict the final
classes, but also to imitate the intermediate outputs of
the teacher model.

2) Structural Pruning: Structural pruning was applied
with an average pruning rate of 30% to the focus heads and
certain fully connected layers of the Transformer. This
reduction helps minimize the number of parameters while
maintaining satisfactory classification performance [24]:

e Removal of redundant attention heads;

e Layer reduction transformation.
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3) Quantization-Aware Training: The model operates in
reduced size (also called INTeger 8-bit: INTS) on the weight,
activation, and attention mechanism [11]:

e Reduction of memory size from 32 bits to 8 bits (int8);

e Transformation into a version compatible with TFLite.

4) Fine Tuning: DESIiT-Lite is trained to reproduce the
predictions of the original DESiT model, which preserves
much of the accuracy while significantly reducing complexity,
and also corrects the cumulative losses introduced by
distillation, pruning, and quantization [25]:

e Reduction of 16x16 patches to 8x8;

¢ Final adjustment of quantified weights.

This multi-level optimization strategy ensures an optimal
compromise between accuracy, computational complexity, and
memory consumption, making the model particularly suitable
for low-cost, embedded deployment scenarios while
maintaining high detection performance.

C. Quantization process

Quantization aims to reduce the numerical precision of the
model's parameters and activations in order to decrease its
memory size, inference latency, and energy consumption,
while preserving classification performance as much as
possible.

In this work, quantization is a key step in making the
DESIiT model compatible with embedded platforms with
limited resources.

In order to reduce the loss of accuracy induced by
quantization, a QAT approach is adopted, simulating the
effects of quantization during the learning phase [10]. Fig. 2
shows the QAT process.

During training, the weights, biases, and activations of each
layer are subjected to a low-precision quantization operation
(INT8) during the forward pass.

These factors allow floating values to be projected onto
discrete space while limiting quantization error [26].

The gradient calculation (backward pass) is performed
exclusively in floating point precision, ensuring optimization



stability and avoiding performance degradation due to
numerical approximation [27].
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Fig. 2. QAT process applied to the DESiT optimized model to reduce
computational complexity. [26]

D. Model operating algorithm

Algorithm 1 illustrates the overall operation of the DESiT-
Lite model quantified from an input image.

Algorithm 1: DESiT-Lite Training and Inference Pipeline.

Input: Aerial image I € RHxwWs

Output: Predicted class § € {fire, no fire}
1:  Preprocessing
2 I aug < Resize(I) + RandomFlip(I)
3 I_pr < Normalize(ViTImageProcessor(I_aug))
4: — pixel values € R3x224x224
5 Teacher—Student Initialization
6 Teacher < DESIT-FP32 (initial DeiT-based
model)
Student <—Lightweight DESIT architecture

8:  knowledge Distillation
Train the student model
10:  Structured Pruning

~

11: Remove low-importance attention heads and
Channels

12: Student Pruned < compact Student network

13:  Quantization-Aware Training

14: Insert fake-quantization modules (INTS8)

15 Train the model under quantization constraints

16: Fine-tuning

17: Fine-tune on the training set

18: Select best model based on validation accuracy

— Model DESIiT-Lite
19:  Inference & Evaluation

20: § < argmax (Model DESiT-Lite(I_proc))
21: Evaluate
22:  Return: y

IV. VALIDATION STRATEGY

All experiments were conducted on Google Colab, on an
instance equipped with an NVIDIA T4 GPU, 51 GB of RAM,
and 15 GB of GPU memory, optimized for deep learning. The

execution environment is based on Transformers 4.52.4,
TorchVision, and Python 3.8.5, on a 64-bit machine.

A. Case studies

For experimental validation, a combined dataset containing
approximately 47 992 images was constructed from multiple
public wildfire detection datasets [28, 29, 30]. The data were
grouped into two main classes: “fire” and “no_fire”. The “Fire”
dataset contains images captured in controlled environments,
while the “Forest Fire” dataset includes more diverse
experimental scenes.

The flame dataset provides UAV aerial images simulating
real-time conditions with varying textures, illumination levels,
and complex backgrounds. To ensure experimental
reproducibility, the dataset was divided using a 70% training,
15% validation, and 15% testing split strategy.

In addition, five-fold cross-validation was performed to
improve the statistical robustness of the evaluation. To reduce
the impact of class imbalance, a weighted cross-entropy loss
function was adopted during training.

Label: 0 Label: 0

Label: 0

Label: 0

Label: 0

Label: 0

Fig. 3. Representative image extracts from the real dataset with different
textures.

The visual extracts shown in Fig. 3 illustrate the intra- class
diversity of representative images from the simulated real-
world dataset.

B. Performance evaluation

The DESIT-Lite model is trained over 20 epochs, using an
early stopping strategy to avoid overfitting [31]. The AdamW
optimizer is used for its stability when fine-tuning transformer-
based models, while a weighted Cross-Entropy loss function is
adopted to correct the imbalance between the fire and no_fire
classes.

1) Experimental parameters: All models compared were
trained under identical experimental conditions, as described
in [11, 25]. The main training and quantization parameters are
summarized in Table I.

TABLE L EXPERIMENTAL PARAMETERS
Parameters Value and description
Basic architecture DeiT
Quantization type INTS [26]

Input image size 224 x 224 pixels

Patch size Reduced from 16x16 to 8x8 pixels
Loss function CrossEntropyLoss
Optimizer AdamW e2-5 [32]

Rotation, ColorlJitter,
RandomResizedCrop, Normalize
Number of epochs 20
Batch size 16

Transformations applied




2) Visualization of the validation curve: Fig. 4 and Fig. 5
illustrate, for each fold, the cross-validation of the validation
loss and the validation accuracy of the quantified DESiT-Lite

model.
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The final average values are summarized in Table II.

TABLEII. FINAL AVERAGE VALUES
Metric Average value (%)
Accuracy 99.48
Precision 99.47
Recall 84.50
F1-score 91.37

3) Analysis of the Overall Confusion Matrix: Fig. 6 shows

the overall confusion matrix of the DESiT-Lite model.
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Fig. 6. Overall confusion matrices for the DESiT-Lite model illustrating the
classification performance between the fire and no_fire classes.

C. Identify the Headings

In order to better evaluate the performance of DESiT-Lite,
three state-of-the-art architectures were retrained and evaluated
under the same experimental conditions, with a view to their
performance, as noted in [7, 15, 16].

Fig. 7 presents an overall comparison of the performance of
the four lightweight models for forest fire detection. The
comparison of the values obtained during the experiment is
presented in Table III.

TABLE IIL EXPERIMENTAL COMPARISON

Model Accur  Precisi F1- Recall Late FPS
acy on (%) score (%) ney (%)
(%) (%) (%)

DESIT-Lite 99.48 99.47 91.37 84.50 93 92

MobileViT 85.89 86.02 84.62 83.26 90 89

Mobile 80.38 80.30 80.11 79.92 86 87
NetV2
EfficientNe 80.00 82.00 79.95 78.00 88 90

t-BO

V. DISCUSSION

Experimental results show that DESiT-Lite preserves high
accuracy after compression and INT8 quantization while
significantly reducing computational complexity and memory
consumption.

However, the recall remains relatively lower, which can be
attributed to the cumulative effects of knowledge distillation,
structured pruning, and quantization, potentially reducing
model sensitivity to small fire regions or visually ambiguous
smoke patterns a critical limitation for safety-oriented wildfire
detection systems.

Despite this, DESiT-Lite offers an interesting trade-off
between accuracy, memory efficiency, and computational cost,
making it suitable for near real-time embedded inference rather
than strict real-time detection (0.92 FPS).

Although no validation has yet been conducted on physical
platforms such as Raspberry Pi, Jetson Nano, or Coral Edge,
the parameter reduction and INT8 quantization suggest
potential compatibility with such architectures.

Future directions include recall improvement strategies,
energy consumption evaluation, and the exploration of
neuromorphic vision sensors for event-based fire detection.

VI. VCONCLUSION

This paper presented DESiT-Lite, an optimized and
quantized version of the DESIiT model designed for resource-
constrained embedded environments for wildfire detection
from aerial and satellite imagery. The proposed framework
combines several complementary compression techniques,
including knowledge distillation, structured pruning, QAT, and
fine-tuning.

Experimental results demonstrate that DESiT-Lite achieves
high accuracy after compression and INT8 quantization while
significantly reducing model complexity compared to the
original DESIT architecture.

However, despite satisfactory overall performance, the
obtained recall remains relatively lower for a safety-critical
application such as wildfire detection, emphasizing the



importance of further reducing false negatives under complex
real-world conditions.

Future work will focus on energy consumption evaluation,

real embedded hardware deployment, recall improvement
through class balancing and focal loss strategies, as well as the
exploration of advanced Transformer compression techniques

for

[10]

[11]

[12]

edge Al and UAV applications.

Precision Recall Fl-score Latency FPS

Accuracy

Fig. 7. Diagram showing overall performance comparison of the four
lightweight models, to assess their respective effectiveness.
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