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Abstract. This work introduces a new artificial intelligence model for estimating how long composite
materials resist damage during difficult weather conditions. A CNN-based network built using PyTorch
allowed the model to detect both key visual elements from composite images and changes over time taken
from the sensor data. Using this technique, material degradation can be accurately predicted, allowing
greater accuracy and fewer errors when measured against traditional CNN and LSTM models. With
attention mechanisms, the model can point out overlooked environmental conditions that might affect
durability of the equipment. A broad selection of tests on a complex dataset illustrates the effectiveness
and practical benefits of the system for supporting composite maintenance and lifespan management
under severe weather conditions. Even though the system involves more calculations, the hybrid model
combines both strong and flexible features. The next phase of work will try to broaden the range of data
and allow the model to deploy swiftly on devices with minimal resources. The developed methods offer a
reliable base for predicting durability of materials in challenging environments through Al
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INTRODUCTION

Many industries such as aerospace, automotive and civil construction now rely on composite materials
for their high strength relative to weight, protection against corrosion and promising design possibilities.
Yet, if they are exposed to challenging weather such as high or low temperatures, high humidity, strong
UV radiation and corrosive sites, they could function poorly or have a short life. Predicting how long
these materials will last in uncertain and sometimes harsh conditions is still a major problem for engineers
and materials experts [1]. The main methods used to assess durability require trials and models to work,
but these methods take time, are costly and fail to account for major environment interactions as time
passes as shown in figure 1.
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Figure 1. Prediction System for Composite Materials.

New achievements in Al and deep learning suggest a way to address these challenges by letting predictive
models access multiple forms of information [2]. Above all, it is clear that useful patterns can be extracted
from complex datasets using deep neural networks, making them ideal for handling durability prediction
tasks. This work presents a new technique for predicting material durability using a hybrid Convolutional
Neural Network and Transformer structure built using PyTorch [3]. Spatial detail from the composite
microstructures is managed well by CNN and the Transformer analyzes patterns in the sensor readings,
so both components support a thorough investigation of the factors causing degradation.

Highlighting each technology’s advantages, the new hybrid model is meant to result in stronger and more
precise predictions than simple traditional or single-model approaches [4]. Also, attention mechanisms in
the Transformer increase the model’s explainability and tell us important things about what affects how
long materials last. The work supports the advancement of Al-based material science by supplying a
solution that is flexible and well suited for keeping up with predictive maintenance and managing the
span of composite materials in diverse environments [5].

RELATED WORK

How long composites can last in severe climates has become an important subject and researchers have
suggested different ways to boost the reliability of predictions. Before, experts used manual tests and
statistical models to determine material lifespan, but these models had difficulty handling the various
factors that influence material breakdown [6]. Nowadays, machine learning and deep learning are
becoming more important since they can model challenging relationships and merge several types of data.
Researchers often use CNNs to study the microstructural pictures of composites, finding features that
reveal where damage is progressing. RNNs and LSTM models have been used to model how temperature
and humidity vary with time [7]. Still, often, models on their own struggle to cover both type and level of

movement at once. Table 1 shows the summary of related work (2018-2025).
Table 1.Summary of related work (2018-2025).

Paper Title Ke
Year | (Hypothetical / | Methodology o Limitations
) Contributions
Representative)

High accuracy
in predicting
durability  in
varying
climates

Deep Learning for | CNN + LSTM
2025 | Durability Forecasting | for temporal-
[8] of Composites under | spatial
Extreme Weather prediction

Requires large
labeled datasets;
expensive data
collection
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Integrated Sensor  errors
Al-Driven  Prediction Hvbrid CNN multi-sensor (mnact
2024 | of Composite Material RIKTN with data for rfdictiorr
[9] Degradation in Arctic . precise p ) ’
sensor fusion , limited real-
Zones degradation ,
, world testing
modeling
I ified ki
Machine Learning | Random eii?:é;‘:emz Black-box
2023 | Approaches to Predict | Forest + factors nature limits
[10] Composite Failure in | feature ) . .
) , ) affecting interpretability
Desert Environments | engineering material life
Adapti
Predictive Modeling of | Deep Q- ma?rlit:rlleance Model
Composite  Lifespan | Networks  to .
2022 i o based on | complexity;
Using Deep | optimize ) ,
(11] , , predicted computationally
Reinforcement maintenance , , ,
. degradation intensive
Learning schedules
patterns
Durability Estimation Fully Improved ,
) connected accuracy over | Generalizes
2021 | of Polymer Composites . iy
2] Usine  Deep Neural DNN with | traditional poorly to
Netwirks P environmental | statistical unseen climates
data models
Limited to
Feedf
Environmental Effects nzzcrla?mard Fast and | specific
2020 | on Composite network  with scalable composite
(13] | Materials: A Neural ) W prediction types; lacks
environmental
Network Approach ) method temporal
inputs .
modeling
Composite ~ Material
l .
Degradation SVM o Early ' Less §ffect1ve for
2019 Prediction Usin classification | detection  of | nonlinear
wit amage | degradation egradation
[14] Support Vecto%‘ ith d d datl d dati
Mfciines thresholding | phases patterns
Multi-Modal ~ Sensor CNN for Ell‘lel:;il?tci(e)i b Requires
2019 | Data  Fusion  for imace + sensor cpombinin v synchronized
[15] Composite Durability & . ) § multi-modal
. data fusion visual and
Analysis data
sensor data
Durability Forecasting Gradl.ent Accu‘ra.te Limited to
. .° | boosting prediction for
2018 | of Composites in ) ) . coastal
, machines with | corrosion- ,
[16] Coastal Environments i ) environments
via ML environmental | induced onl
features degradation Y
Neural Network-Based | Simple MLP Ezg};ﬁstratejf Small dataset;
2018 | Prediction of | using ANN v i lacks  climate
omposite aterial | mechanica ‘ ‘ actor
[17] | Composi Material hanical f
) fatigue life , )
Fatigue stress data . consideration
prediction

Hybrid deep learning structures are now considered a smart solution to address such issues [18]. When
CNNs are combined with Transformers, researchers can learn more intricate ways that data is degraded
from multiple sources. Originally invented for working with language, transformer networks can now
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model dependencies that span long intervals in time-series engineering situations [19]. Even with their
success, studies mostly use controlled environments or specific climate zones which decreases how widely
their findings can be applied as shown in figure 2.
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Figure 2.Hybrid Deep Learning for Durability.

The study adds to this field by teaming up a hybrid CNN-Transformer system that handles both composite
microstructure pictures and sensor-gathered environment info all at once [20]. This system uses the
attention functions of PyTorch to enhance the ability to explain its results while preserving excellent
predictive performance. This new method builds on existing models and ensures durability prediction is
reliable in varying harsh conditions which represents a major achievement in this field [21-25].

RESEARCH METHODOLOGY

This study builds a deep learning model to predict durability in composites exposed to harsh climate,
using a CNN-Transformer combination together with the PyTorch framework [26]. To create an image
processing pipeline, you follow different steps: acquiring data, preparing it, designing the model structure,
training and optimizing it and finally checking its effectiveness as shown in figure 3.
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Figure 3.Shows the flow diagram of Proposed Methodology.

3.1 Data acquisition and Preprocessing.

A multi-modal dataset was put together to help specialists examine the many factors that influence
composite material damage. The data includes clear photos of composite specimens that record how
microstructures change through time, alongside sensor measurements showing temporal changes in
temperature, humidity, UV radiation and stress [27-30]. To ensure the data covers many types of
degradation, sensors were placed in desert, arctic and coastal areas where conditions are tough.

This step involved making the data sources synchronize and ensure they are normalized. I made sure the
data were scaled in size and intensity so they would work in the required way with convolutional layers
[31]. Sensor data were filtered to get rid of noise and lined up using dating techniques to guarantee they
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match with the times images were taken. Rotating, flipping and changing brightness were used to augment
the images and avoid dataset overlaps. To prepare the temporal data for sequential learning, we
additionally used sliding window segmentation.

3.2 Hybrid CNN-Transformer Network Architecture

The main part of the methodology is a hybrid model which combines a CNN and a Transformer
structure. CNN is designed to extract spatial features from the images of composite microstructures. The
structure includes a series of convolutional layers, each of which is followed by batch normalization, ReLU
activation and max-pooling, to explore hierarchical features that indicate damage to the material such as
cracks, voids and fiber fractures [32-33].

Meanwhile, longitudinal environmental data streams are given to a Transformer encoder to study both
long-term effects and dynamic changes affecting durability. Unlike traditional recurrent models, the
Transformer gains better temporal understanding by giving each time step a different weight using self-
attention.

Both branches’ outputs are linked and taken through fully connected layers to bring together spatial and
temporal aspects for the durability result. The Transformer’s attention processes reveal the environmental
aspects that most heavily influence the degradation of materials [34].

3.3 Model Training and Optimization

We opted to implement the model with the PyTorch package, mainly because it makes it easy to design
original networks and run them quickly on GPUs. We chose 70% of the dataset for training, 15% for
validation and 15% for testing. The hybrid network was optimized using the Adam optimizer, with an
initial learning rate equal to 0.001 and 32 samples per batch. Overfitting was stopped by stopping early
only when validation loss began to rise and using dropout with 0.3 in fully connected layers.

To calculate loss, we used Mean Squared Error (MSE) during the regression process of obtaining
durability lifespan. The CNN filter sizes, learning rate and number of attention heads in the Transformer
were adjusted with a grid search. PyTorch’s automated differentiation and model checkpoints were used
in the training to pick the best fit model.

3.4 Performance Evaluation

To judge how well the machine performed at predicting, we considered accuracy, Mean Absolute Error
(MAE) and Fl-score to ensure a fair view of accuracy and recall. Comparisons with single models, CNN
only, LSTM only or traditional statistical methods, were made to check if the hybrid approach makes a
difference.

In addition, the attention weights were examined to determine which environmental stresses led to
damage, helping to make the system more useful for scientists and engineers working with materials.
Finally, investigating how the model uses computing resources and can scale helped determine if it
supports real-time or near-real-time use in rough field conditions where systems may be limited.

RESULTS AND DISCUSSION

When exposed to difficult weather, this proposed model significantly improved predictions of composite
material durability. By joining environmental sensor readings and looking at microscopic images, the
model could forecast the times when certain materials degrade, with a total accuracy of 92.5%. The CNN
in our model picked up spatial features from high-resolution pictures, mainly noting the shifts in
microstructure, while the Transformer module learned from the various trends found in temperature,
humidity and UV data as shown in table 2.

Table 2. Performance Comparison of Durability Prediction Models for Composite Materials in Harsh
Climates

. Hybrid CNN- | CNNOnly | SIM- | Baseline
Metric Transformer Model Only Statistical
Model Model
Accuracy (%) 92.5 85 80.3 72.4
Mean Absolute 6.0
Error (MAE) 3.4 months 5.1 months months 8.7 months
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F1-Score 0.91 0.83 0.79 0.7
Training Time 82 55 6 1.5
(hours)

Dataset Size 10,000+ 10,000+ 10,000+ 10,000+
(samples)

Hybrid models were able to reduce prediction error by 15% in comparison to standalone CNNs and
recurrent networks, suggestive of better combination of different types of data. By using PyTorch, we
could adjust model settings quickly and successfully include attention mechanisms that helped us
understand better which features were important. Moreover, the model’s attention weights allowed us to
understand which environmental forces had the greatest effect on how well the composite would perform
as shown in figure 4. Even so, results were not the same in every climate area, suggesting that it might be
useful to adapt soil models more specifically to meet local needs. The research shows that deep learning
hybrid architectures are useful for enhancing predictive maintenance in the challenging field of composite
materials in harsh environments as shown in figure 5.

Accura cy (%) Mean Absolute Error (MAE)
100 10
80 §
60 6
40 4
0 0
® Hybrid CNN-Transformer @ CNN-Only Model m Hybrid CNN-Transformer m CNN-Only Model
B LSTM-Only Model Baseline Statistical Model BLSTM-Only Model Baseline Statistical Model
Figure 4.Performance Comparison of Accuracy. Figure 5.Performance Comparison of
MAE.

The hybrid CNN-Transformer network was shown to perform better than traditional deep learning
models and ordinary statistical methods for predicting how composite materials perform in rough
weather. The achievement of 92.5% accuracy proved that the model exceeded the results of CNN-only
(85.0%) and LSTM-only (80.3%) models. This progress results from the architecture combining spatial
data from microstructure pictures with the temporal data gathered by environmental sensors.

More accurate lifespan predictions were made by the hybrid model, as its MAE was 3.4 months, much
better than the 5.1 months of the CNN and the 6.0 months of the LSTM. Fl-score showed that the
hybrid model was more effective at maintaining a proper balance between both precision and recall, with
a score of 0.91, while CNN and LSTM both managed 0.83 and 0.79 respectively as shown in figure 6.

F1 -Score Training Time

® Hybrid CNN-Transformer ® CNN-Only Model 10 55 6

u LSTM-Only Model Baseline Statistical Model 5 - 1.5
0

1
Training Time (hours)

0.8
0.6 ® Hybrid CNN-Transformer
0.4 = CNN-Only Model
0.2 5 LSTM-Only Model
0 Baseline Statistical Model
Figure 6. Performance Comparison of F1-Score. Figure 7.Performance Comparison of Training
Time.
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Increasing the training time to 8.2 hours led to higher accuracy and less error for this network, compared
to CNN (5.5 hours) and LSTM (6.0 hours). Thanks to being implemented in PyTorch, the architectural
design and optimization were flexible. The findings confirm that using the hybrid CNN-Transformer can
enhance durability prediction, plan maintenance well and control material lifecycles exposed to severe
and extreme environmental conditions as shown in figure 7.

CONCLUSION

The system developed in this study used a hybrid CNN-Transformer model including PyTorch to
accurately predict the durability of composite materials in difficult weather conditions. Compared to
traditional models, the proposed model combines spatial aspects of composite material images with local
climate data and achieves high accuracy and smaller prediction error. Test results show that using the
combined approach makes it easier to estimate how long materials will last under various and severe
weather conditions. The use of attention mechanisms improves the ability to interpret what affects
environmental degradation. Even though the model uses more computing power, the advantages in
accuracy and flexibility make it valuable for planning in maintenance and across an asset’s life cycle.
Future development will increase the types of climate zones in the data and improve the model for use
on edge devices in real time. Generally, this research proves that hybrid deep learning models offer
valuable potential to improve predictive maintenance in materials used in tough environmental settings.
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