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Abstract

Amphibious vehicles are more prone to attitude instability compared to ships, making it crucial to develop effective methods for monitoring instability
risks. However, large inclination events, which can lead to instability, occur frequently in both experimental and operational data. This infrequency
causes events to be overlooked by existing prediction models, which lack the precision to accurately predict inclination attitudes in amphibious
vehicles. To address this gap in predicting attitudes near extreme inclination points, this study introduces a novel loss function, termed generalized
extreme value loss. Subsequently, a deep learning model for improved waterborne attitude prediction, termed ilnformer, was developed using a
Transformer-based approach. During the embedding phase, a text prototype is created based on the vehicle’s operation log data is constructed to
help the model better understand the vehicle’s operating environment. Data segmentation techniques are used to highlight local data variation features.
Furthermore, to mitigate issues related to poor convergence and slow training speeds caused by the extreme value loss function, a teacher forcing
mechanism is integrated into the model, enhancing its convergence capabilities. Experimental results validate the effectiveness of the proposed
method, demonstrating its ability to handle data imbalance challenges. Specifically, the model achieves over a 60% improvement in root mean
square error under extreme value conditions, with significant improvements observed across additional metrics.

Keywords Amphibious vehicle; Attitude prediction; Extreme value loss function; Enhanced transformer architecture; External information

embedding

1 Introduction

Amphibious vehicles, which combine the functionality of
cars and boats, possess significant application value owing
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to their ability to traverse obstacles such as rivers, lakes,
and seas. However, these vehicles face inherent challenges,
including suboptimal streamlined designs and uneven buoy-
ancy distribution in water. This makes their water stability
inferior to that of traditional boats, making them more prone
to instability risks (Xu et al., 2005). Neural networks offer
distinct advantages such as fast response times, strong adapt-
ability to nonstationary and nonlinear data, and quick pro-
cessing capabilities (Hou and Xia, 2024; Wang et al., 2017).
Utilizing a neural network prediction model to forecast an
amphibious vehicle’s attitude in water in real time, compen-
satory adjustments can be made in advance. This serves as
an effective method to maintain stability and ensure the
safety of amphibious vehicles during aquatic operations.
Amphibious vehicle motion data is recorded using sen-
sors installed on the vehicle body, with posture prediction
classified as a time series forecasting problem. Recently,
the Transformer model has demonstrated exceptional suc-
cess in fields such as natural language processing and image
classification (Vaswani et al., 2017). Their attention mech-
anism captures relationships between different inputs, mak-
ing them highly effective in predicting long sequences with
multiple inputs (Harrou et al., 2024a; Harrou et al., 2024b;
Hittawe et al., 2024). Transformer variants such as PatchTST
and Informer have further enhanced the model capabili-
ties in long-sequence time series applications. PatchTST
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improves the ability to capture both local and long-term
dependencies by dividing time series data into several
patches, which serve as input tokens. Informer, however,
utilizes a sparse attention mechanism, which reduces model
complexity while enhancing its training and prediction effi-
ciency (Zhou et al., 2021).

Despite these advancements, Transformer models face
significant challenges when applied to imbalanced datasets
(Ding et al., 2019). On one hand, during water-based experi-
ments or normal operations, it is nearly impossible for
amphibious vehicles to experience severe swaying or cap-
sizing. Typically, these vehicles run smoothly on the water,
with roll and pitch angles remaining within a relatively
safe range. For instance, when assessing the roll angle, data
within the safe range can be regarded as normal, while data
outside this range is considered extreme. According to
related literature and experimental datasets, over 95% of
the data falls into the normal category, while less than 5%
is classified as extreme (Chen et al., 2021; Ma and Chang,
2015; Yin et al., 2018). When using the Transformer archi-
tecture to imbalanced datasets, the model often becomes
biased toward the majority class, losing its ability to cap-
ture extreme values. Conversely, large tilt angles in amphibi-
ous vehicles on water can result from various factors such
as sea conditions, driving states, and task modes. Among
these, driving state information is recorded by sensors
and can be quantified as model input for the model. How-
ever, factors like sea conditions and task modes are more
difficult to quantify and are typically recorded as log files.
Traditional transformer architectures for time series fore-
casting can only process numerical inputs, rendering
them unable to model the information within these log files.
As a result, the model’s ability to identify and predict
extreme events is further diminished. This data imbalance
severely impacts the model’s accuracy in predicting extreme
attitudes of amphibious vehicles, causing problems like un-
derfitting (as shown in Figure 1). From a safety standpoint,
accurate predictions during extreme conditions are far more
critical than those under normal circumstances. Address-
ing the issue of underfitting and improving the model’s
prediction accuracy in extreme scenarios is crucial for bol-
stering its practicality and ensuring the safety of amphibi-
ous vehicles during waterborne operations.

Current approaches to addressing data imbalance primarily
include data resampling, model adjustments, ensemble learn-
ing, and loss function reconstruction (Chawla et al., 2002;
Liu et al., 2008; Ross and Dollar, 2017; Sun et al., 2009).
Data resampling improves the data structure by oversam-
pling extreme values or undersampling the majority of data.
However, in amphibious vehicle aquatic posture datasets,
data resampling requires not only oversampling the extreme
values but also oversampling the corresponding sea condi-
tions, task modes, and other contextual information. This
process is complex and may introduce noise. Model adjust-
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Figure 1 Extreme underfitting model

ments and ensemble learning, while effective, can signifi-
cantly increase model complexity and prolong training and
prediction times, which undermines real-time performance
and future incremental learning requirements. Reconstruct-
ing the loss function provides an alternative approach. This
method preserves the original data characteristics of the data-
set without requiring modifications to the data and avoids
adding model complexity. This approach is relatively easier
to implement and offers higher generalizability.

With these considerations in mind, an analysis of the data
imbalance issue is conducted. Inspired by previous research,
the reasons for underfitting when dealing with extreme value
data using the traditional mean squared error (MSE) loss
function are examined from the perspective of extreme value
theory. To mitigate this underfitting, the generalized extreme
value loss (GEVL) function, based on the Gumbel distribu-
tion, is introduced. This loss function enhances the model’s
attention to extreme value data (Zhang et al., 2023). An
improved Transformer-based model, named ilnformer, is
proposed for predicting the aquatic posture of amphibious
vehicles. In the Embedding stage, text prototypes are created
using amphibious vehicle waterway driving log data. These
logs are further enriched with additional text data contain-
ing details about the operational environment and task modes
when extreme values occur. This helps the model identify
and understand the causes of extreme value occurrences.
Numerical data is input as patches to highlight the local
patterns of data changes. The Encoder—Decoder stage inte-
grates a sparse attention mechanism to improve training
and prediction efficiency. To address the challenges of poor
convergence ability and slow convergence speeds intro-
duced by the GEVL function, a teacher forcing mechanism
is incorporated. This implementation significantly enhances
the model’s convergence capability.

2 Extreme value functions
2.1 Extreme events and tailed distributions

To better analyze the prediction deficiencies of time series
forecasting models in extreme value scenarios, it is first
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necessary to define extreme events. Given a time series of

length T:(X,1, Y1) :{(xl, Y1)s (X2, Ya)y eee (X yT)}, where
X, and y, represent the input and output at time t respectively,
we introduce the following extreme value label sequence

Vir = {Vy, oo, Veft

1, -y|>
v, = Iy Y' € O
0, ly,-yl<e

Here, a large constant ¢ > 0 serves as the data threshold,
while y corresponds to the mean of the sequence Y,.,. At
time step t, when v, = 0, output y, represents a normal event,
whereas v, = 1 indicates an extreme event.

Extreme value theory is introduced for further analysis.
Extreme value theory is a modeling technique that studies
the distribution and characteristics of extreme values in ran-
dom processes, with a specific focus on heavy-tail phe-
nomena. According to the definition of extreme value theory,
in a cumulative distribution function, if the distribution of
a random variable X satisfies XIme e”P [ X > x] = o for any

A, then X is classified as having a heavy-tail distribution.
Otherwise, it is classified as a light-tail distribution (Zhang
et al., 2023). Intuitively, as shown in Figure 2, when the
probability of tail data occurrence exceeds that of an expo-
nential distribution, the distribution is considered heavy-tail.
Conversely, if it falls below the exponential distribution, it is
classified as light-tail (Fan et al., 2014). Examples of com-
monly used light-tail distributions include the Gaussian
and Poisson distributions, while heavy-tail distributions
include the Gumbel and Weibull distributions.
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Figure 2 Tail probability density function

2.2 Relationship between gaussian kernel
function and square loss

Kernel density estimation (KDE) is a nonparametric sta-
tistical method used to estimate an unknown probability
density function. The basic idea is to calculate a weighted
average of the probability density function within a certain
range around each observation, forming the estimated proba-
bility density function (Silverman, 1986). The kernel func-
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tion serves as the weighting function in this process, with

the Gaussian kernel function being one of the most com-

monly used options (Rosenblatt, 1956). Assuming that y,,

Y,, ..., ¥, are sampled observations from a Gaussian distri-

bution P,, the KDE with kernel K can be expressed as
n -y

e 2, where the positive

ﬁY, Gaussian(y) =
Nt/ 2w i=1

smoothing parameter z is usually referred to as the band-
width. The tail properties of KDE are largely deter-
mined by its underlying kernel. When the kernel func-
tion is heavy-tailed, then for any t > 0, its KDE satisfies

f eYK (y)dy = oo, and vice versa.
The square loss function is a commonly used loss function
in time series prediction. For a general time series ( X,.r,

YH), the square loss of time series prediction is defined as
follows:

13 2
quuare( Xl:T' Yl:T) = T Z-H Yi — 0; ” (2)
f=

Here, o, = f,( X,;) is the output of the model f, at time
t. According to probability theory, minimizing the square
loss is equivalent to maximizing the Gaussian likelihood
function (Hornik et al., 1989):

T T
min v - o[ & maxTIN(yfo. #) @)
t=1 t=1

Here, 7 is the Gaussian variance, while 6 represents
the parameter of the prediction model. According to the
Bayesian theory, the maximum likelihood function can be
written as follows:

)
max [N (0 o) & max py y(Yar| Xur.0) - (4

pXY Xl:T Y1:T pY Y1:T
leX(YltT‘ Xer): | ( px|(X1.2) = ©

Assuming that the model has sufficient learning capacity,
Py x approaches the optimal solution (Arjovsky and Bottou,
2017). Consequently, py, Py, P, also approach their respec-
tive optimal solutions. Therefore, it is reasonable to assume
that the optimized empirical distribution p, has the same
form as the Gaussian kernel density estimate based on vy,

Yoreees Yo

sy 1 y =Y
pY( y) - TT;KGaussian( T (6)
Here, the bandwidth z is an unknown parameter.
As previously discussed, once a model achieves the min-
imum square loss, its predicted marginal probability density,
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py, closely approximates a Gaussian KDE. The kernel func-
tion of the Gaussian KDE, which is based on the Gaussian
distribution function, belongs to the light-tail distribution
category. According to extreme value theory, the Gaussian
distribution effectively predicts the central portion of the
data distribution, representing typical and moderate varia-
tions. However, it offers limited insight into fluctuations
caused by extreme events. The mismatch between the light-
tail Gaussian KDE and the heavy-tail nature of real-world
distributions can lead to underfitting the predictive model
when addressing extreme events.

2.3 Attitude angle data distribution and extreme
value loss function

According to extreme value theory, real-world events typi-
cally follow a heavy-tail distribution (Haan and Ferreira,
2006). This paper analyzes experimental data on the atti-
tude angles of amphibious vehicles during waterborne opera-
tions. Data from 20 experiments under level one and level
two wave conditions were selected for statistical analysis,
focusing on the vehicle’s roll and pitch angles. The data
were sampled at a rate of one reading per second, resulting
in a total of 20 000 data points. Figure 3 presents the histo-
gram illustrating the distribution of the vehicle’s water-
borne attitude angles.

Extreme values are identified as the larger absolute values
of the attitude angles rather than being defined from a strictly
physical perspective. It is evident that the distributions of
both the roll and pitch angles of the vehicle exhibit heavy-
tail characteristics, with a significant proportion of larger
absolute values. Among these datasets, the roll angle data
exhibits more pronounced fat-tailed characteristics, while
the pitch angle data demonstrates more distinct long-tailed
behavior. This confirms that the waterborne attitude angles
of the amphibious vehicles follow a heavy-tail distribution.
The mismatch between the light-tail KDE and the actual
heavy-tail distribution data leads to underfitting near the
extremes. To address this issue, an extreme value loss
function based on the Gumbel KDE is introduced. Accord-
ing to research by Zhang et al. (2023) the Gumbel ker-
nel takes the following form:

KGumbel (U) = 67(1 -e) (7)
Here, y > 0 is a hyperparameter used to control the thick-

ness of the Gumbel kernel at the tail. Correspondingly, the
Gumbel loss function has the following form:

1 _s2\7
LGumbeI(Xl:T’ Y1:T) = T(l -e” ) 5t2 (8)
Here, 6, = y, — 0,, while parameter y ranges from (0, +x).

Utilizing the Gumbel loss function for model learning
involves estimating the distribution of p, using heavy-
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tailed KDE, thereby ensuring that the model does not disre-
gard extreme data points.

3 Deep learning network design

The framework of ilnformer, an improved prediction
model for amphibious vehicle waterborne attitudes based
on the Transformer architecture, is depicted in Figure 4.
ilnformer retains the unique sparse attention mechanism of
Informer to enhance computational efficiency and general-
ization performance. The Encoder architecture closely mir-
rors that of the Informer.

In the Decoder and Embedding layers, specific improve-
ments are made tailored to the practical requirements of
amphibious vehicle waterborne attitude prediction. The two
main improvements are as follows:

1) In the embedding phase, a text prototype based on
the operational logs of amphibious vehicles is constructed.
This provides the model with relevant information about
waterborne operating conditions.

@ Springer
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2) Segmented data is used as model input to enhance the
model’s ability to capture local data characteristics. Further-
more, a teacher forcing mechanism is introduced to address
potential convergence issues caused by incorporating GEVL.

These enhancements aim to optimize the ilnformer model,
enabling it to deliver more accurate and efficient predic-
tions of amphibious vehicle waterborne attitudes.

3.1 Data processing

The amphibious vehicle posture prediction model is fun-
damentally data-driven, making data processing a key step
to ensure that the model operates accurately. The goal of this
process is to prepare appropriate input data for the model.
Similarly, a time series with a length of T (X, Y1) is
analyzed, where X, represents the input of the model at
time t, X, contains n-dimensional input data, expressed as
X", Sensor-collected data is first filtered and subjected to
noise reduction to ensure its reliability.

Time series data exhibits distinct local features. Segment-
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ing the data allows the model to better capture local char-
acteristics (such as periodic patterns and trends), thereby
improving its generalization capabilities (Nie et al., 2022;
Zhou et al., 2022). Breaking down long sequences into
smaller patches also reduces the data processed at any given
moment, lowering computational complexity and memory
requirements. For a time series with an input length of t
X, the length of each patch is L, The total number of

-L
5 p}+ 1, where S

is the sliding stride, and each patch data is expressed as X

. t
patches within t is calculated as P = [
patch*

3.2 Embedding architecture

The ilnformer model’s embedding process does not
include time-feature encoding. While amphibious vehicle
data from waterborne operations is inherently temporal, its
primary characteristics stem from sequential changes rather
than periodic or cyclical time patterns. Vehicle movements
exhibit randomness without a repeating temporal cycle,
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rendering time-feature encoding unsuitable for this attitude
prediction model; in fact, it would introduce extraneous
information. Instead, operational factors such as the specific
task being executed and the hydrological environment play a
more significant role in influencing the vehicle’s waterborne
attitude changes. Therefore, a textual prototype of operational
conditions, including waterborne missions, sea-state condi-
tions, and driving modes, is incorporated to enhance the
model’s predictive accuracy.

This textual prototype is constructed using operational
logs from the vehicle’s waterborne activities. These logs
provide information on driving modes (e.g., autonomous
or manual), wave conditions, and mission tasks. First, the
log files are cleaned by removing punctuation, tokenizing
the text, and deleting common stop words, leaving only the
most meaningful textual data.

The clean textual data is then transformed into vector
representations using pretrained word embeddings. These
embeddings generally contain a large number of word vec-
tors, while the vocabulary in amphibious vehicle operational
logs is smaller and more fixed. To ensure model efficiency
and enable real-time predictions, a linear transformation is
applied to the pretrained embeddings. For the trained word
representation matrix E e RY P, where V represents the vo-
cabulary size, and D is the embedding dimension, a linear
transformation matrix, W e RY'*", is constructed. Here, V'
represents the target number, with V' < V. The pretrained
word embedding E is converted into a small number of word
embeddings through a linear change matrix E' = WE,
thereby greatly reducing the number of word vectors. Using
word embedding, the word vector of the amphibious vehi-
cle log data, X,, ,, is generated. In addition to the log text
encoding, the model contains Xoaen representing the posi-
tional encoding of each X, .. The position encoding adopts
the classic Transformer position encoding method, and X,
the corresponding encoding information is finally input
PE = Concat( X, . X ).

3.3 Encoder and decoder

The ilnformer architecture employs an encoder—decoder
structure, incorporating a multihead sparse attention mech-
anism instead of the standard attention mechanism used in
Transformers. This design optimizes the model’s general-
ization ability while significantly improving computational
efficiency.

1) ProbSparse attention: The traditional Transformer
employs a full attention mechanism that calculates atten-
tion scores between every Query and Key, significantly in-
creasing the complexity of model training (Vaswani et al.,
2017). By contrast, ilnformer replaces this approach with a
sparse attention mechanism (Nie et al., 2022; Zhou et al.,
2021). Rather than calculating the weighted sum of atten-
tion scores for all inputs, ilnformer first determines a spar-

sity score. This score filters out the less relevant Query,
enabling the model to focus on the critical information within
the data. This selective process enhances the model’s effi-
ciency by concentrating attention on the most significant
inputs.

The formula for sparse attention obtained through the
sparse self-attention mechanism is:

A(Q, K, V) = softmax

G

Here, A(Q, K, V) is the sparse attention weighted sum
matrix, Q is the query vector matrix Q after sparse screening,
and V is the value vector matrix.

As shown in Figure 4, the encoder of the prediction model
consists of three layers of attention mechanisms. Each atten-
tion mechanism includes a sparse self-attention layer, a
residual connection, and layer normalization. These layers
are interconnected through pooling layers. To address issues
associated with long-sequence inputs, residual connections
and layer normalization play a crucial role. They effectively
mitigate gradient vanishing, accelerate model convergence,
and enhance overall stability and generalization capability
(Shafiq and Gu, 2022).

2) Input of encoder and decoder: Encoder takes the
patch and its information encoding as input, which can be
expressed as follows:

X aneoder = CONCat (PE, X JeR(bem )

encoder patch_embed

Here, PE is the encoding information, X, empes d€NOtES
the embedding layer representation of each X .., which is
generated by the linear change X, of the embedded change
matrix W, € R™ " * after block division X ., ¢ R" *":

embe patcl

X = XpaenW

patch_embed patch ™ ¥ embed

(10)
The input of the decoder is:

+L,)xd

X = Concat (PE, X ens Xo) € Rt (11)

decoder token

Here, kaeneR(Lm)xd represents the real data used to
guide the model’s prediction, L., denotes the length of the

prior data. Meanwhile, X, € R(Ly)xd serves as a placeholder
for the target sequence, initialized with scalar values of 0.
Here, L, represents the length of the target sequence.

3) Teacher Enforcing: In Section 2.3, the GEVL was
introduced for model training. However, as shown in Eq.
(7) and Eq. (8), the penalization applied by Gumbel KDE
to the model’s prediction results depends on the chosen
parameters. To correct prediction errors in the extreme value
regions, these parameter values must be increased within a
certain range. However, excessively high values can cause
the model to overreact to large errors early in the training
process, negatively affecting convergence speed and stability.
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Poor parameter selection can significantly hinder the model’s
convergence capability and lead to substantial oscillations
during training under the GEVL loss function. Additionally,
compared to the MSE loss function, the GEVL loss function
slows down the convergence rate. To enhance convergence, a
teacher forcing mechanism is implemented into the decoder.

During the generation process, this mechanism introduces
a scheduled sampling rate parameter . When f is less than
a randomly generated nonce, the model uses its previous
prediction as input for predicting the next time step. Con-
versely, when f is greater than the nonce, the ground truth
value from the previous time step is used as input. By pro-
viding correct feedback during training, the teacher forcing
mechanism helps establish a stable gradient flow early in
training. This approach mitigates error propagation caused
by the model’s own prediction errors and minimizes the like-
lihood of cumulative prediction errors within the sequence.
As a result, the training process becomes smoother, and
the convergence speed improves (Tashkova et al., 2012). It
is worth noting that teacher forcing can introduce exposure
bias (Bengio et al., 2015). To address this issue, parameter
S is linearly decayed throughout the training process. By
the time the training reaches 75% of the total epochs, S
decays to 0, and the model ceases using ground true val-
ues as inputs. This adaptive adjustment allows the model
to correct its predictions using teacher forcing, thereby
avoiding significant errors and improving both conver-
gence capability and speed.

4 Attitude prediction experiments

This chapter validates the accuracy of the amphibious
vehicle’s water attitude prediction model using test data
obtained from amphibious vehicle trials. The prediction
focuses specifically on the vehicle’s pitch and roll angles
during left turns on the water.

4.1 Overview of evaluation

1) Dataset: The data used in this study is sourced from
marine test data of a China-produced amphibious vehicle.
The principal design parameters of the vehicle are detailed
in Table 1.

During the experiment, the amphibious vehicle performed
a left turn in level-one sea conditions, a scenario that induced
significant changes in its attitude. Sensor data was collect-
ed throughout the experiment, capturing various aspects of
the vehicle status, such as roll and pitch angles relevant to
the prediction model, as well as additional parameters
influencing changes in the vehicle’s water attitude. Sen-
sors sampled data at a rate of one reading per second over
a 1000-second period, resulting in 1000 data points for each
sensor parameter.
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Table 1 \ehicle primary parameters
Descriptions Value
\ehicle weight (t) 28.5
Center of mass height (m) 0.85
Draft (m) 1.283
Waterline length (m) 8.293
Head angle (°) 0.738

Half vehicle mass moment of inertia (kg-m?) (23347, 72105, 72105)

Vehicle mass moment of inertia (kg-m?) (46694, 144210, 144210)

The motion attitude of the vehicle is depicted in Figure 5,
illustrating its initial movement in a straight line, progres-
sion into the left turn, and eventual stop after completing
the amphibious maneuver. Changes in the roll and pitch
angles of the amphibious vehicle are further illustrated in
Figure 6.
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Figure 6 Ground truth data for the left turn process

2) Evaluation indicators: To assess the model perfor-
mance, metrics such as the root MSE, symmetric mean abso-
lute percentage error (SMAPE), and R? coefficient are
employed. These metrics offer comprehensive insights into
the model’s accuracy from various perspectives (Xue et al.,
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2020). RMSE, SMAPE, and R*are defined as follows:

(12)
smapE = 200% § 13-l (13)
N i=1( y i )/2
N A\ 2
, _Z(Yi - Vi)
RE=1-122 (14)

i=1

Here, vy, Y, and y represent the true value, data mean,
and model estimated value, respectively. The value range of
SMAPE lies between 0% to 200%. Lower RMSE and
SMAPE values indicate higher prediction accuracy. Mean-
while, the R? coefficient ranges from 0 to 1, with higher
values indicating better prediction performance.

3) Comparative Analysis: A comparative analysis is
conducted using the combined model ilnformer—-GEVL,
which integrates the improved Informer architecture with the
extreme value loss function, to predict the amphibious
vehicle attitude on water. This model is contrasted with
several typical time series prediction models, including
Informer, LSTM, and their variations with the commonly
used MSE loss function. Specifically, the models are clas-
sified as ilnformer—MSE, Informer—GEVL, Informer-MSE,
LSTM-GEVL, and LSTM—-MSE. These models are evalu-
ated for their accuracy in predicting both the vehicle’s roll
and pitch angles during the left-turning maneuver of an
amphibious vehicle, effectively validating their predictive
performance.

4.2 Effectiveness of the ilnformer model

The model’s effectiveness is validated by its performance
on the amphibious vehicle’s waterborne roll angle and pitch
angle datasets. Figures 7 and 8 present the prediction results
of various comparative models for these datasets.

1) Model Accuracy: Table 2 compares the prediction
accuracy of various models on the amphibious vehicle’s roll
and pitch angle datasets. The results indicate that ilnformer
demonstrates strong performance on both datasets. Com-
pared to the Informer network, ilnformer achieves improved
results across all metrics by using the same loss function.
For the roll angle dataset, the maximum gains in RMSE,
SMAPE, and R? are 128.96%, 158.61%, and 11.09%, respec-
tively. For the pitch angle dataset, the maximum gains are
47.18%, 64.02%, and 0.57%. Moreover, ilnformer exhibits
even greater improvements over the traditional LSTM
model, with maximum increases of 243.41%, 133.49%, and
1.86% in RMSE, SMAPE, and R? across all datasets.

A paired t-test is conducted on the prediction errors of
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Figure 7 Prediction results of roll angles from the models
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Figure 8 Prediction results of pitch angles from the models

ilnformer—GEVL and Informer—GEVL. For the roll angle
dataset, the significance level of error changes before and
after the improvement is below 0.05, and the same applies
to the pitch angle dataset. This confirms, with 95% confi-
dence, that the error reductions are statistically significant,
indicating enhanced model accuracy. Furthermore, a box plot
analysis of ilnformer—GEVL’s prediction errors for both
datasets shows that most errors fall within 0.5°, demon-
strating a good overall model fit, as shown in Figure 9.
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Table 2 The forecast accuracy for the overall dataset is estimated
using RMSE, SMAPE, and R? metrics. The best score per column
under the same conditions is highlighted in bold

Roll angle data Pitch angle data

RMSE SMAPE R? RMSE SMAPE R?
ilnformer-GEVL 0.1941 0.0262 0.9698 0.3720 0.1251 0.9946
ilformer—MSE 0.1336 0.0302 0.9086 0.4945 0.1740 0.9962
Informer—-GEVL 0.3251 0.0535 0.8730 0.5475 0.1066 0.9889
Informer—-MSE ~ 0.3059 0.0781 0.8562 0.5639 0.2854 0.9893
LSTM-GEVL 0.3821 0.0488 0.6594 0.6724 0.2921 0.9818
LSTM-MSE 0.4588 0.0556 0.3176 0.7934 0.2065 0.9780
PatchTST-GEVL 0.2416 0.0500 0.8825 05323 0.2318 0.9901
PatchTST-MSE  0.2379 0.0634 0.8817 05478 0.1697 0.9899

Models
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Figure9 Box plot of model prediction losses

2) Model convergence ability: The introduction of GEVL
poses challenges to model convergence. To better fit the
extreme portions of the data distribution and increase the
penalty for large errors, it is necessary to appropriately
raise the parameter values in GEVL. However, higher pen-
alties for large errors can cause the model to overreact dur-
ing early training, potentially leading to issues such as gra-
dient explosion. Furthermore, larger parameter values can
negatively impact the model’s convergence speed and sta-
bility. To enhance convergence capability, we propose the
ilnformer architecture, which employs a teacher forcing
mechanism to guide convergence and fitting during the
early training stages. This approach effectively prevents
gradient explosion and convergence failure.

As shown in Figure 10, the enhanced ilnformer model
exhibits significantly improved convergence capabilities.
In Figure 10(a), the model uses a larger teacher forcing
coefficient early training, enabling it to receive accurate
prediction feedback, rapidly reduce losses, and facilitate
swift convergence and fitting. As training progresses, the
teacher forcing coefficient decays to 0, mitigating the risk
of exposure bias. Additionally, the stepwise output approach

@ Springer

enhances the model’s fitting ability, helping it locate better
local minima. Moreover, Figure 10(b) illustrates that exces-
sively large values can destabilize the model and hinder
convergence. The teacher forcing mechanism in the iln-
former model significantly enhances stability, particularly
in scenarios with uneven error distributions.
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Figure 10 ilnformer and Informer model convergence statuses
3) Long-sequence prediction capability: The ilnformer
model effectively retains Informer’s excellent performance
in long-sequence predictions, as depicted in Figure 11.
When predicting sequences spanning tens to hundreds
of steps, LSTM models experience significant accuracy
degradation, whereas ilnformer and Informer models main-
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Figure 11 RMSE for different prediction models
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tain relatively stable accuracy decay. This capability is crit-
ical for forecasting attitude changes over longer periods,
ensuring the safety of amphibious vehicles on water.

4.3 Effectiveness of GEVL function

The effectiveness of the extreme value loss function
GEVL is analyzed. Table 2 compares the prediction accu-
racy of different models on the roll angle and pitch angle
datasets of an amphibious vehicle. For the pitch angle data,
models utilizing the GEVL function generally outperform
those using the MSE function under similar conditions.
The maximum improvements in RMSE, SMAPE, and R
are 32.93%, 94.67%, and 0.38%, respectively. However,
for the roll angle data, the benefits of the GEVL function
are less apparent, with the MSE outperforming GEVL in
some metrics.

The varying performance of the GEVL function is hypoth-
esized to stem from differences in the data distributions of
the two datasets. In the roll angle dataset, most data points
cluster near the mean, resulting in smaller deviations. Accord-
ing to Eq. (1), this dataset predominantly consists of nor-
mal events (v, = 0), with only a few extreme value events
(v, = 1). Conversely, the pitch angle dataset exhibits a higher
frequency of extreme value events (v, = 1), making the
GEVL function more effective for fitting this data.

To validate this hypothesis, the distance of each data point
from the mean in both datasets is calculated. Data points
with greater distances are extracted to form an extreme value
dataset (v, = 1), comprising 15% of the total data. The
model’s accuracy on this extreme value dataset is then evalu-
ated, with the results presented in Table 3.

Table 3 Estimation of forecast accuracy for the extreme datasets
(v, = 1) is estimated using RMSE, SMAPE, and R? metrics. The best
scores per column under the same conditions are highlighted in bold

Roll angle data Pitch angle data

RMSE SMAPE R? RMSE SMAPE R?
ilnformer-GEVL 0.2439 0.0896 0.9642 0.4798 0.0356 0.9980
ilformer-MSE ~ 0.4016 0.1107 0.8403 0.7424 0.0643 0.9908
Informer-GEVL 0.4040 0.1031 0.8416 0.6663 0.0510 0.9959
Informer-MSE 05586 0.1244 0.5713 1.1140 0.0654 0.9900
LSTM-GEVL  0.6622 0.1017 0.8081 0.5589 0.0323 0.9985
LSTM-MSE 0.9481 0.1717 0.1589 1.2587 0.0841 0.9883
PatchTST-GEVL 0.4880 0.1600 0.8825 0.6856 0.0779 0.9898
PatchTST-MSE  0.5962 0.1934 0.8317 0.8869 0.1036 0.9890

Models

The GEVL function significantly improves the prediction
accuracy for extreme value datasets in both roll and pitch
angles. Specifically, for the roll angle extreme value dataset,
the improvements are notable, with RMSE increasing by
up to 64.65%, SMAPE by up to 68.82%, and R* by up to

349.2%. Similarly, for the pitch angle extreme value dataset,
the gains are even more substantial, with RMSE improv-
ing by up to 125.2%, SMAPE by up to 160.3%, and R? by
up to 1.032%.

These experiments demonstrate that integrating the GEVL
function into the prediction model for amphibious vehicle
water attitude effectively enhances its ability to predict
extreme values of attitude angles. This improvement holds
significant importance for enhancing the safety of amphibi-
ous vehicles during water operations.

5 Conclusions

This paper focuses on establishing an appropriate water-
borne attitude prediction model for amphibious vehicles to
prevent instability risks. It introduces an extreme value loss
function based on heavy-tailed kernel functions designed
to overcome the underfitting issues near extreme data points
that traditional square loss function models fail to address.
Furthermore, the study proposes a novel posture prediction
model built on an improved Transformer architecture. During
the embedding phase, a text prototype is constructed using
the amphibious vehicle’s waterway driving log data, enabling
the model to better interpret the vehicle’s operational envi-
ronment. To tackle the challenges posed by the new loss
function, such as significant training errors and weak con-
vergence, the model incorporates a teacher forcing mecha-
nism for extreme values, ensuring improved stability and
convergence during training. Experimental validation using
left-turn maneuver data from the amphibious vehicle dem-
onstrates that the extreme value loss function effectively
enhances the model’s accuracy in predicting extreme val-
ues, while also achieving impressive overall prediction per-
formance. The ilnformer model significantly improves
convergence stability and achieves excellent prediction accu-
racy, particularly excelling in long-sequence predictions.

Despite the advancements of the proposed model, there
is still significant room for improvement. The current dataset
is limited to left-turn maneuver data collected under sea
state 1 conditions, which restricts the scope of experimen-
tal validation. Future work will focus on expanding the
dataset to include a wider range of operational scenarios
and environmental conditions, enabling more thorough val-
idation and further enhancing the model’s accuracy and
reliability. This study also introduced an extreme value loss
function based solely on the Gumbel kernel. However, other
heavy-tailed distributions, such as Weibull, Pareto, and
Fréchet, also hold potential as kernel functions for devel-
oping alternative extreme value loss functions. These dis-
tributions may offer even greater predictive performance,
and systematically analyzing them will be a key focus of
future research. Beyond amphibious vehicles, the ability to
forecast extreme values of navigation posture is critically
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important in fields such as aerospace and maritime opera-
tions. Exploring the application of this model to these
domains will be a direction for future research.
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