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HIGHLIGHTS

e A deep learning neural network is developed to predict the temperature of diesel engine oil in locomotives.
o To mitigate data redundancy issue, autoencoder is applied to compress the original inputs into low-dimensional latent space.
o Self-attention is incorporated into the network to enhance the performance of the CNN-LSTM by assigning different weights.

ARTICLE INFO ABSTRACT

Keywords: Engine oil temperature is a key parameter for ensuring the optimal functioning of diesel engines in locomotives.
Engine oil temperature This paper proposes attention-enhanced CNN-LSTM based on compressed information for predicting engine oil
CNN-LSTM

temperature of railroad locomotives using sensor data associated with operational, system-related, and envi-
ronmental factors. First, the autoencoder was utilized to transform the raw input into latent representation to
reduce the computation cost and extract meaningful data patterns. Subsequently, the CNN (convolutional neural
network)-LSTM (long short-term memory neural network) was adopted to capture short-term and long-term
dependencies within the compressed data by combining the advantages of both CNN and LSTM architectures.
CNN is to consider the local correlations, while LSTM is to learn the long-term sequential dependence in the data.
Furthermore, the self-attention mechanism was incorporated to enhance the performance of CNN-LSTM by
weighing the importance of different parts. An experiment has been conducted using real-world dataset. The
results show that our proposed model can make highly accurate predictions with Mean Square Error (MSE),
Mean Absolute Error (MAE), and Mean Absolute Percentage Error (MAPE) values of 0.335, 0.369, and 0.586%,
respectively, which outperform five baselines (i.e., random forests, XGBoost, CNN, LSTM, and CNN-LSTM). This
emphasizes the significance of considering both local and long-term correlation and integrating attention
mechanism in handling sequence data, contributing to better prediction performance. Overall, the proposed
approach provides accurate predictions of engine oil temperature and can be used to support the efficiency and
reliability of in-service diesel engines in locomotives by optimizing operating conditions and allowing for pro-
active measures to prevent overheating before critical temperatures are reached.

Compressed information
Attention mechanism

1. Introduction worldwide. Notably, the energy efficiency of locomotives has positioned
rail transport as a more environmentally sustainable option compared to

The transportation sector holds significant importance in the context other modes. Ensuring the reliability and efficient operation of loco-

of global energy consumption, accounting for 19% of the world’s final motive engines can maintain this environmental advantage and enhance
energy demand [1]. Rail transportation has historically played a pivotal the economic competitiveness of rail transportation within the industry.
role in shaping the economic and societal landscapes of regions The temperature of engine oil is a critical parameter to monitor and
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control to ensure the energy efficiency, operational power, and
longevity of the diesel engine in locomotives [2]. The primary purpose
of engine oil is to lubricate moving parts and reduce friction to minimize
the wear on engine components for efficient operation of the engine
[3,4]. It also provides cooling and cleaning functions by dissipating heat
generated during combustion and removing particles like mental frag-
ments that accumulate in the engine over time. However, when the oil
temperature becomes too high, engine oil loses its properties and cannot
maintain originally intended function [5]. Overheated engine oil not
only results in increased friction and wear on engine components but
also compromises its effectiveness in cleaning and protecting the engine
as excessive heat can break down the oil’s additives, leading to
decreased engine efficiency and lifespan. Beyond increased friction
causing energy loss, diesel engines would transfer to the idling mode due
to overheated engine oil, where typical fuel consumption per produced
unit of energy is high [2,6]. Furthermore, colloids form due to the
oxidation of engine oil by air under high temperatures, which exacer-
bates diesel engine wear and potentially causes solid cementation,
blocking the oil circuit [7,8].

Predicting engine oil temperature holds great significance in the field
of predictive maintenance for diesel engines in railroad locomotives,
especially in optimizing the performance of in-service diesel engines.
First, accurate predictions allow for proactive measures to prevent
overheating, which can ensure the reliable operation of railroad loco-
motives. It can facilitate preventive actions based on engine oil predic-
tion, allowing crews to intervene before critical failures occur. For
instance, when the predictive model forecasts an upcoming temperature
surge in engine oil, it can trigger an automatic reduction in the engine
load or even stop engine operation, minimizing the strain on the cooling
system, which can effectively avert overheating scenarios and prevent
potential engine damage. Additionally, predicting engine oil tempera-
ture can be used for early detection of anomalies. If the predicted tem-
perature deviates significantly from the expected values, it may indicate
potential issues with the locomotive engines or its components. To be
specific, a sudden increase in engine oil temperature beyond normal
operating ranges triggers an alert. Then, maintenance crews would
investigate and address potential issues associated with the cooling
system, lubrication system, or other components before they escalate.

The temperature of engine oil is subject to various factors that can be
mainly divided into three categories: operational, system-related, and
environmental factors. Internal combustion engines operate under
various conditions such as revolutions per minute (RPM) and speed of
the locomotive, leading to different increases in engine oil temperature
[9]. Additionally, the engine oil cooling system engages in heat ex-
change with the diesel engine oil to keep its temperature within the
specified range [10]. Thus, multiple parameters associated with the
engine oil cooling system like the coolant/water temperature of the
intercooler could significantly impact engine oil temperature [11,12]. In
addition to operational and system-related factors, environmental fac-
tors including ambient temperature and altitude have an important in-
fluence on the temperature of engine oil [9]. For instance, cold weather
delays oil warming, while hot weather can lead to excessive oil heat.

Due to the interactive effect of multiple impact factors, it is difficult
to build a physics-based model to predict the real-time temperature of
engines with consideration of the synergy of all factors. Conversely, with
the development of big data and artificial intelligence, machine learning
approaches have been widely utilized in engineering fields such as
structural and mechanical defect prediction [13,14]. They minimize the
requirement for domain knowledge by empowering automated data
processing and model training. Deep learning (DL), a branch of machine
learning, has attracted extensive attention from industry and re-
searchers. It has demonstrated effectiveness in various real-world tasks
such as image recognition [15], audio processing [16], natural language
processing (NLP) [17,18], and time series analysis [19,20]. In the area of
the engine, DL approach has been applied to analyze and predict the
critical engine parameters, which include exhaust gas temperature [21],
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engine output elements (e.g., carbon monoxide and nitrogen oxides)
[22,23], and fuel consumption and effective power [24]. While the
utilization of DL in predicting engine oil temperature has not been
extensively explored, it presents a promising approach for this appli-
cation due to its capability to capture intricate and non-linear patterns in
the data.

Typical neural networks in supervised learning tasks include multi-
layer perceptron (MLP), convolutional neural network (CNN), and
recurrent neural network (RNN). Each of them possesses unique strength
in data analysis, allowing them well-suited for various types of datasets.
MLPs are effective for feature-based or tabular data, where the model’s
inputs are not dependent on their spatial or temporal relationships. On
the other hand, CNNs are primarily utilized for tasks involving grid-like
data such as images and videos via employing convolutional layers to
extract hierarchical features and capture spatial dependence in the data
[15,25]. To be specific, CNN models such as AlexNet [26], VGG [27],
and ResNet [28] have shown state-of-the-art performance in large-scale
image classification. Additionally, in the area of object detection, the
CNN-based real-time object detection algorithm known as YOLO can
detect and locate multiple objects in an image with a single forward pass
[29]. Beyond computer vision, 1D-CNNs that apply one-dimensional
filter sliding along a single dimension have been leveraged for
analyzing the time-series data including sensor data and audio signals.
The core of 1D-CNNs is the element-wise multiplication of filter weights
with the input data (aka., convolution operation), allowing for identi-
fying and capturing short-term patterns or local fluctuations in the
sequential data. In contrast, RNNs have better performance in capturing
the long-term dependence in the input data than CNNs by maintaining a
hidden state that keeps useful information from previous steps. Long
short-term memory (LSTM), an enhanced version of RNN, was designed
to address the problem of vanishing and exploding gradients in the
training process of traditional RNNs by introducing interacting gates
[30,31]. These gates are able to control the flow of information through
the cell state, allowing for the storage of information over long se-
quences. Thus, hybrid neural networks such as CNN-LSTM have been
widely utilized in real-world tasks, such as stock analysis [32] and en-
ergy consumption prediction [33], to combine the strengths of both CNN
and LSTM. In the area of diesel engine analysis, CNN-LSTM models have
demonstrated promising results for tasks such as engine fault prediction
[34] and engine emission parameters prediction [35]. By leveraging the
spatial feature extraction capabilities of CNN and the long-term tem-
poral dependency modeling of LSTM, these models can effectively
analyze multivariate time-series sensor data from diesel engines.

Attention mechanism has been integrated into various DL algorithms
for its ability to model complex relationships in sequential data [17]. It
improves the DL models’ ability to effectively capture the most relevant
information by dynamically weighing the importance of different parts
of the input data. Self-attention mechanism is one of the most influential
types of attention, where each element can learn to emphasize relevant
information from other elements, regardless of their position in the input
sequence [36]. Transformers using self-attention as a key part are able to
effectively capture intricate dependencies between input elements in
natural language processing (NLP) tasks like machine translation and
text summarization tasks [37,38]. Additionally, the integration of self-
attention into CNN and/or LSTM has demonstrated its effectiveness in
multiple engineering tasks including effluent wastewater quality pre-
diction [39], remaining useful life estimation of mechanical components
[40], and traffic analysis [41]. While the basic CNN-LSTM model pro-
cesses sequential data indiscriminately, the attention-enhanced variant
prioritizes informative input sequences while attenuating the impact of
noise or irrelevant information. Self-attention mechanism enables the
model to focus on critical features, such as sudden changes in engine
load or temperature fluctuations, that are indicative of impending var-
iations in engine oil temperature, which could make it a more effective
tool for our prediction task.

Nevertheless, due to more complex architecture, neural networks
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require more memory storage and computation costs in the training
process, especially when dealing with large volumes of sensor data. To
avoid information loss in the data collection phase, the data sampling
frequency is usually set at a high rate, which introduces a challenge in
the form of data redundancy, where some data points are duplicated or
in minor variations due to the rapid sampling rate. In the area of arti-
ficial intelligence, data redundancy brings about a significant increase in
memory requirements and computation costs [42]. Besides, the presence
of redundancy makes it more challenging for AI models to explore and
capture the underlying data patterns, affecting the generalization per-
formance (prediction accuracy) of the models.

Autoencoder is a type of unsupervised neural network used for data
compression, which can be adopted to mitigate the data redundancy
issue [43,44]. It significantly reduces the computation requirements for
subsequent analysis by compressing the high-dimensional sensor infor-
mation into lower-dimensional latent space. Autoencoder consists of
two parts: encoder and decoder [45,46]. Encoder refers to a compression
process that usually has several layers of neurons with a decreasing
number in each layer. The bottleneck is the compressed representation
generated by the encoder, which contains fewer data dimensions than
raw data and includes the most important data patterns. The decoder
reconstructs the original data input from the compressed representation
with minimal information loss. Therefore, applying compressed infor-
mation as inputs of the neural networks can both keep the most useful
information in the data and reduce the computation requirements.

In summary, predicting the temperature of diesel engine oil is sig-
nificant for optimizing engine performance to ensure energy efficiency
and service life of internal combustion engines in locomotives. Previous
research demonstrated the promise of incorporating of attention
mechanism into the CNN-LSTM model in analyzing time series tasks
[39]. However, it is challenging to have accurate prediction results of
engine oil temperature due to the complex interaction of various factors
and the high computation requirements caused by data redundancy.
These influencing factors encompass a wide array of operational,
system-related, and environmental variables, each exerting its own
unique impact on engine oil temperature. The complexity of these in-
teractions escalates the computational demands of predictive modeling.
Furthermore, this challenge is exacerbated by data redundancy stem-
ming from high-frequency sampling rates, which often leads to dupli-
cated or closely similar data points. Consequently, the processing and
analysis of such redundant data impose additional computational
overhead, hindering the efficiency and scalability of predictive algo-
rithms. In this research, we propose attention-enhanced CNN-LSTM
based on compressed representation for predicting the temperature of
diesel engine oil using multiple sensor data in support of efficient and
reliable operation of diesel engines in locomotives. By compressing the
sensor data, we reduce the redundancy inherent in closely similar or
duplicated data points. This compression not only alleviates the
computational overhead associated with processing redundant data but
also enhances the efficiency and scalability of the predictive model. The
main contributions of this paper are summarized as follows.

1. For the first time, a deep learning neural network is developed to
predict the temperature of diesel engine oil in locomotives with the
consideration of operational, system-related, and environmental
factors. CNN is to consider the short-term dependence, and LSTM is
to capture the long-term dependence in the data.

2. To mitigate data redundancy issue, autoencoder is applied to
compress the original inputs into low-dimensional latent space and
keep the meaningful information in the data, which can save mem-
ory storage and computation costs.

3. Self-attention is incorporated into the network to enhance the per-
formance of the CNN-LSTM model by assigning different weights to
capture informative features and patterns within the data while
downplaying the less relevant ones.
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4. We conduct the experiment on real-world dataset with over 15.7
million records collected from locomotive diesel engines. The results
show that our deep learning outperforms other baselines.

2. Data description

In this study, we collaborated with a rolling stock company to
monitor the engine oil temperature and its impact factors by employing
multiple sensors in locomotives. The collected factors were associated
with operational, system-related, and environmental information, hav-
ing 55 parameters in total. The related sensors were strategically placed
to gather real-time data during locomotive operations. The data
collection process adhered to industry standards and best practices to
ensure the accuracy and reliability of the gathered information. To be
specific, the operating conditions include throttle position, engine speed
(i.e., RPM), and locomotive speed. The system-related information
contains engine power and load parameters (e.g., the actual power of
diesel engine and output power at wheel rim) and engine oil system
parameters.

Fig. 1 presents the engine oil circuit system and corresponding sen-
sors that were used to collect related parameters of the engine oil sys-
tem. Notably, the temperature of engine oil directly from the diesel
engine is measured, which is the prediction target in this research. The
engine oil with high temperature flows through the engine oil cooler
unit. Coolant from the radiator passes through the oil cooler unit to
dissipate heat from the engine oil. As the coolant temperature impacts
the effectiveness of heat dissipation of engine oil, the temperature in-
formation of both the input and output coolant is recorded. The oil filter
removes contaminants and impurities from the engine oil. The differ-
ence in pressure between the oil entering the filter and exiting the filter
indicates the filter’s resistance to flow. The greater pressure difference
infers that the filter gets clogged with contaminants, which could in-
crease engine oil temperature due to reduced oil flow. Thus, the pressure
difference of the oil filter is monitored during locomotive operations for
this research. Additionally, temperature and pressure sensors are
leveraged to measure the conditions of engine oil entering the engine.

Finally, three environmental parameters were collected to consider
environmental impacts on engine oil temperature: ambient temperature,
altitude, and atmospheric pressure.

Typically, some operational (e.g., engine speed) and system-related
information (e.g., actual engine power) exhibit rapid fluctuations over
short time intervals. In contrast, environmental factors like ambient
temperature tend to have minor variations within a short timespan.
Therefore, the data sampling frequency is set at 5 Hz to avoid potential
information loss in the raw data, meaning that the data collection system
records related influencing factors every 0.2 s. There are 15.7 million
records collected for this research from 36.3 days of locomotive
operations.

3. Methodology

Fig. 2 presents the framework of the proposed methodology for
predicting the temperature of diesel engine oil, which contains data
preprocessing, information compression, and applying attention-
enhanced CNN-LSTM for prediction. First, in the data preprocessing
phase, we generated the model’s input by considering multiple time
steps of historical sensor data. The prediction target is defined as the
temperature of engine oil given a certain timespan in advance. Then, the
autoencoder was leveraged to transfer the raw input into latent repre-
sentation to reduce the computation requirement. Finally, attention-
enhanced CNN-LSTM was developed to predict the temperature of
diesel engine oil based on the compressed information generated by the
autoencoder.
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3.1. Data preprocessing
Xk:{xﬁ}\i:1,27..,n;j:1,2,...m} )
Historical information of sensors can help to identify the data trends
and patterns that develop over time, which can improve the perfor- Yi =y 2)

mance of the models. In this research, we considered time-series data
collected from various sensors as the input of the model to predict the
temperature of diesel engine oil given a certain timespan in advance.
Specifically, we set the number of time steps (window length) of his-
torical data to 900 and predict temperature 300 time steps in advance. In
other words, information of all sensors spanning the past three minutes
was utilized to forecast the engine oil temperature one minute ahead.

For a given dataset D = {(Xy, Yx)|k = 1,2, ..R}, Yy is the prediction
target of the model, and Xj represents the inputs of the model having R
instances in total, as shown in Eq. (1-2).

where, x{; indicates the value of i row and j™ column in k™ instance X,

n denotes the number of different sensors, and m represents the number
of time steps (i.e., window length). In this research, n = 55 denoting that
all the sensor data collected in Section 2 are utilized, and m = 900. yy is
a continuous value indicating engine oil temperature one minute in
advance. x; includes the historical information of all sensors; thus,
model input X; (Xx € R™) is a 2-D matrix.

Notably, the variation of engine oil temperature of two consecutive
data points is minor due to high data sampling frequency (5 Hz).
Therefore, this research sets the moving steps of the window to 10 s,
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equivalent to 50 time steps, and the corresponding number of total in-
stances R equals 0.314 million.

3.2. Information compression

Autoencoder extracts the meaningful data pattern and compresses
the data information while minimizing the reconstruction error, where
only unlabeled data X; is involved in the model training process. The
input data X passes through the encoder network to reduce the
dimensionality of the data and generates the compressed (latent) rep-

resentation X;( Then, the decoder network reconstructs the original data
using compressed representations as input, producing the reconstructed
data )A(k. In this research, the autoencoder structure applied one-
dimensional (1-D) convolutional layer and LSTM layer to consider
both short-term and long-term dependence in the data [47,48]. The 1-D
convolutional layer employs a 1-D convolution kernel to obtain a local
feature map Zi from the input, using Eq. (3) [48].

Z = f(ZXk x Cx +b> 3

keM

where M denotes the feature map. f( e ), C; and b represent the activa-
tion function, convolution kernel, and bias term, respectively. This
research adopted Rectified Linear Unit (ReLU) function as activation
function in the convolution layer, and there are two layers of 1-D CNN in
the encoder part.

The convolution layer Z; passes through a downsampling layer to
reduce its dimensions (Fig. 3). The corresponding output is then applied
as input of the LSTM layer to capture the long-term dependence in the
data and further decrease the dimensionality of the data. LSTM controls
the information that can be added or dropped via three gates: input gate,
output gate, and forget gate. For the sake of simplicity, the latent rep-

resentations X;( of the autoencoder is generated by LSTM layer using Eq.

4.

X, = LSTM(MaxPool(Z, s) ) )

where MaxPool( e ) denotes the max-pooling function with pooling size
of s. This research utilizes the maximum pooling function and sets s = 2.
LSTM( o ) indicates the function for processing the feature map using the
LSTM layer (More details can be found in section 3.3). The reconstructed

data X; has a reduced dimensionality and can be denoted by Eq. (5).

X;( = {x}ifj' {= 1,2,...n/;j/: 1727...m,} n< n,m, <m (5)

Deconvolution and
Upsampling

Convolution and
Downsampling

| I e =
=g g
s OE O
S

Fig. 3. Schematic Diagram of Convolution, Deconvolution, and Pooling.
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. . h h
where xllff is the element in the "' row and f column of the compressed
2-D matrix X;, n and m are the number of total rows and columns of the

X;(, respectively. This research set n=225andm = 16.

In the encoder neural network above, the convolution and down-
sampling produce the latent feature map and reduce dimensions. By
taking the latent representation X; as input, the decoder neural network
leverages the deconvolution operation and upsampling to generate the
output X that ideally resembles the original input Xi. The decoding
process can be calculated using Eq. (6-7).

Xy = UpSample(Z,,s) ©

Z;( = g(ZX;( X C/k + b,> @

keM

where UpSample( o ) is the upsampling function; Z; denotes the output of
the deconvolution function; s represents the upsampling size that usu-
ally equals the pooling size of downsampling, which means s =5 =2
g( ») indicates the activation function of deconvolution; X;( is the output

of the deconvolution layer after upsampling transformation, C;( and b
are the deconvolution kernel and bias term for the deconvolution layer,
respectively.

The training process of autoencoder is to minimize the difference
(information loss) between the input data X; and reconstructed data X, R
given the constraints of the proposed architecture. Thus, although the

compressed representation X;( has smaller dimensionality than raw data
X, it captures the most informative data patterns and provides minimal
information loss. This research adopted mean square error as the loss
function to evaluate information loss during model training, which is
calculated using Eq. (8).

n

ME- LY (- - S YN (-7’ ®
TK& ¥~ Kmn vy

k=1 =1 j=1

where the x} and ?5 denotes the value of the element in the i row and j*
column of the matrix associated with the k™ instance X and its corre-
sponding reconstructed representation Xy, respectively.

3.3. Attention-enhanced CNN-LSTM

The attention-enhanced CNN-LSTM model was proposed to process
the compressed information generated by the autoencoder for predicting
the temperature of diesel engine oil. It takes advantage of both CNN and
LSTM architecture to capture short-term and long-term dependencies
within the compressed data. First, the convolutional operation was
employed to produce a feature map to consider the local patterns and
correlations of the input data. Next, LSTM was applied to learn the long-
term sequential dependence in the feature map. Furthermore, the
attention mechanism was incorporated into the CNN-LSTM to enhance
its ability to focus on more relevant and important features of the input
data.

Similar to the CNN applied in the autoencoder, in our proposed
model, the convolution operation involves element-wise multiplication
of the filter weight with the input data at each position and summing the
results to produce a feature map. Here, the convolution operation ap-

plies the latent representations X;( as input, which is presented in Eq.
(9-10). Subsequently, output feature map X; is transformed into a new

feature map Fj with reduced dimension by taking the maximum value
from a local region of the feature map.
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X =f. <Zx; x Cy + b’) ©

keM
Fi = MaxPool (X;(7 sc) (10)

where M represents the feature map. f,( e ) is the activation function of

the covolution layer in proposed model. C;( and b denote the convolu-
tion kernel and bias term of the convolution layer, respectively. s, in-
dicates the pooling size of the maximum pooling function.

Then, the self-attention mechanism is incorporated to weigh the
importance of different parts of the local feature map produced by CNN.
To this end, for attention head h, the input feature Fy is projected into
three different spaces to calculate the Query (Q"), Key (K™), and Value
(VM) using Eq. (11-13) [36].

Q' =FW}, an
K" =Fwh 12)
Vi = FRwWh 13)

where W§, W, and WY represent the learnable parameters, Q" de-
termines the focus of attention, K" serves as a reference for evaluating
dependencies, and V" contains the specific information associated with
each element. Then, the attention information S" for head h is obtained
by Eq. (14).
k()T
S" = softmax (Q(K) ) % a4
Vi

where di denotes the dimension of the key vectors, and softmax( e ) is
softmax function. The final multi-head attention output S is the
weighted sum of all the attention head using a weight matrix Ws, as
follows.

S=[s's% ..., S"ws 15)

where [ o | denotes concatenation operation.

For the sake of simplicity, the computing process of multi-head self-
attention (Eq. (11-15)) is denoted using function Attention( e ), which is
shown in Eq. (16).

S = Attention(Fy) (16)

Subsequently, the output S is utilized as input of the LSTM to learn
and capture the long-term dependence in the feature map by processing
the information over multiple time steps. The key component of the
LSTM layer, LSTM unit, controls the information flow into and out of the
cell state and the hidden state using three gates: the input gate (i,), forget
gate (f,), and output gate (o,). The hidden state represents the output of
the LSTM layer at the current time step, while the cell state stores in-
formation acquired from the previous time step. At time ¢ the gate in-
formation can be determined using the hidden state H, ; at the previous
time step t — 1 based on Eq. (17-19).

fi = 6(Wy[He—1,S:] + by ) an
i; = 6(Wi[H,_1,S:] +b;) (18)
0c = 6(W,[He_1,S] +bo) 19

where, Wy, W;, and W, denote learnable weight parameters. by, b;, and b,
represent learnable bias parameters. S, is the information of the feature
map at time step t. ¢ is the activation function for computing gate in-
formation, which is the sigmoid function in this research. The cell state
C; is calculated using gate information given by Eq. (20).
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C=f0C,+ioC (20)
C, = tanh(W,[H,, VL] +b.) (1)

where Et is the input node (aka. Candidate cell state); tanh( e ) denotes
the tanh activation function; © represents the Hadamard product
operator; W, and b, are learnable weight and bias parameters, respec-
tively. Finally, the hidden state H; is obtained based on the cell state C;,
as shown in Eq. (22).

H, = o, ® tanh(C,) (22)

The forget gate decides what information from the previous cell state
should be forgotten, while the input gate controls the flow of new in-
formation into the cell state. The output gate considers the cell state and
determines the next hidden state. In this research, we adopt two LSTM
layers. The final prediction result Y of the proposed model is obtained
by processing the output of the LSTM with attention mechanism and
then fully connecting the corresponding output to single unit using the
linear activation function f,( e ), which is presented in Eq. (23).

Y« = fo(Attention([Hy ,Ha, ..., H)) ) (23)

where L is the number of LSTM cells in the last LSTM layer.

Mean Squared Error (MSE) is a common loss function used to mea-
sure the difference between the predicted values and the actual target
values. Therefore, we applied MSE as the loss function in this research,
which is calculated by Eq. (24).

1& -
MSE = R Z Ok — ¥i)? (24)
=1

4. Experiment and results

In this section, we first introduced the evaluation metrics and base-
lines, followed by implementation details of deploying the model. Then,
we showed the results of the proposed model and compared it with
different baselines.

4.1. Evaluation metrics and baselines

Evaluation metrics are to statistically indicate the generalization
performance of machine learning model. Three metrics were adopted to
compare the performance of our proposed model and the following
baselines: MSE, Mean Absolute Error (MAE), and Mean Absolute Per-
centage Error (MAPE), which are presented in Eq. (24-26).

1& ~
MAE = & > i — il (25)
k=1
MAPE — * ER: Ve — Vi (26)
Rl »

For comparative purposes, four deep learning models: MLP, CNN,
LSTM, and CNN-LSTM (without attention mechanism) were applied in
this research. Additionally, two machine learning models: random for-
ests and XGBoost were also selected as baselines. Random forests is one
of the most popular ensemble methods that aggregates the predictions of
multiple decision trees to make more accurate predictions [49]. On the
other hand, XGBoost employs gradient boosting framework that builds
the final predictive model by sequentially combing the prediction of
multiple weak models [50].

Notably, CNN, LSTM, and CNN-LSTM models can utilize the 2-D
matrix as input, while the MLP, random forests, and XGBoost are
mainly used for feature-based data structures. Therefore, we used the
same data structure (time-series data X;) when applying CNN, LSTM,
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and CNN-LSTM models. In contrast, MLP, random forests, and XGBoost
only considered the latest record of each sensor as feature-based input in
predicting engine oil temperature. While MLP, random forests, and
XGBoost are typically not used for time-series tasks, they serve as
essential benchmarks in this paper for evaluating the capability of deep
learning models to capture the short-term and long-term dependencies
in sequence data.

4.2. Implementation details

The proposed model was implemented utilizing Keras version 2.11.0.
[51] on a server equipped with an NVIDIA RTX 3070 GPU with an AMD
Ryzen 3700x CPU @3.59 GHz and 112GB of system memory. The
encoder part of the autoencoder consists of three convolution layers and
one LSTM layer. The predictive model proposed in this paper has one
convolution layer and two LSTM layers. To ensure the network’s effec-
tive training, several critical hyperparameters were selected: the batch
size was configured to 128, while the learning rate was set to 0.0001. A
dropout probability of 0.1 was utilized to mitigate overfitting. The
model’s parameters were optimized using the Adam optimizer. The
patience epoch value was set to 20, which means if the performance
metric on the validation set (i.e., validation loss) could not improve for
20 consecutive epochs, the training progress would be stopped to pre-
vent overfitting. In our experiment, we split the whole dataset into
training, validation, and testing sets with a ratio of 6:2:2. For a
comprehensive understanding of our research, code about both our
proposed model and baselines, as well as explanations of input param-
eters, are available at this repository: https://github.com/DaiJu
nyan/Engine-Oil-Temperature-Prediction.

4.3. Results

4.3.1. Latent representation of the autoencoder

The proposed autoencoder structure was trained using training and
validation sets, and corresponding training and validation loss (MSE)
curves are presented in Fig. 4. After 153 epochs, the validation loss
cannot be improved for the next 20 consecutive epochs. Thus, the
model’s training process stopped at the 173th epoch. Then, the t-
Distributed Stochastic Neighbor Embedding (t-SNE) was introduced to
visualize the relationship between the latent space and prediction target,
which provides insights into the complex interactions of their relation-
ships [52]. The t-SNE calculates the pairwise similarity between the data
instances in the high-dimensional space based on the Gaussian proba-
bility distribution, which is also applied to similarities of data instances
in the lower-dimensional space. Correspondingly, the similar data
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Fig. 4. Training and the Validation Loss Curve of the Autoencoder.
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instances in the high-dimensional space correspond to nearby data in-
stances in the lower-dimensional space (2D space).

Fig. 5 compares t-SNE plot of the raw data and latent representation,
where yellow points refer to data instances with high engine oil tem-
perature, and blue points correspond to data instances with low engine
oil temperature. It is found that the autoencoder can capture the un-
derlying patterns in the data and create more structured representations
by improving the separation between different categories compared to
the raw data. Therefore, the compressed information not only reduces
the dimensionality of the data to save computation costs but also pro-
vides more informative features for model training.

4.3.2. Performance of the proposed model

The generated latent representation was utilized as input of the
proposed attention-enhanced CNN-LSTM to predict the engine oil oil
temperature in locomotives. The training and the validation loss curves
of the proposed model are presented in Fig. 6. It can be observed that the
validation loss remains stable when the training epoch reaches 189
times, and the corresponding time needed for the model to converge is
5481 s.

Subsequently, the trained model was employed to predict the engine
oil temperature in the test set to evaluate the generalization perfor-
mance of the trained model. The MSE for training, validation, and test
set are 0.116, 0.170, and 0.335, respectively, which indicates the model
has good performance on the training set and generalizes reasonably
well to the validation and test set.

The predicted temperature and actual temperature of engine oil in
the time domain (partial test set) are presented in Fig. 7 (a). From a
partially zoomed view, it can be observed that the prediction results are
almost completely the same with minor variation, which indicates the
highly accurate prediction results of the proposed model. Additionally,
we compared the statistical distribution of the predicted temperature of
diesel engine oil and the ground-truth values, which are demonstrated in
Fig. 7 (b). For most data points, the predicted temperatures closely align
with the actual temperatures. The error of the predicted results is sym-
metrically distributed. The mean error is approximately 0.063 °C, and
the standard deviation is 0.575 °C.

However, there are relatively higher prediction errors at lower
temperatures. One potential reason accounting for this phenomenon is
the scarcity of data instances in this temperature range. The temporal
nature of the recorded data, where sensor readings commence when the
train starts and cease when the train stops, presents a unique challenge
in capturing the dynamics of low-temperature conditions. Consequently,
the model may exhibit relatively greater discrepancies when predicting
low-temperature instances.

Finally, three evaluation metrics: MSE, MAE, and MAPE of the pro-
posed model and baselines are summarized in Table 1. Generally, the
ensemble learning algorithm, i.e., random forests and XGBoost, perform
better than MLP, in terms of all three evaluation metrics. XGBoost has a
smaller MSE but slightly greater MAE and MAPE than random forests. In
other words, XGBoost is better at reducing large errors compared to
random forests. In contrast, random forests provides more accurate
predictions in terms of the magnitude of errors judging from its MAE and
MAPE.

On the other hand, the CNN and LSTM models take advantage of
temporal correlations of the sequence data to provide better perfor-
mance than three traditional machine learning models, i.e., MLP,
XGBoost, and random forests. CNN usually captures the short-term
dependence of the data, while LSTM tends to focus on long-term cor-
relations. The hybrid neural network CNN-LSTM combines the strengths
of two architectures and achieves better performance than plain CNN or
plain LSTM, with lower values for all three evaluation metrics. Addi-
tionally, as the integration of the attention mechanism into the CNN-
LSTM model, the attention-enhanced CNN-LSTM model exhibits supe-
rior performance with the lowest MSE (0.335), MAE (0.369), and MAPE
(0.586%). This also emphasizes the significance of the attention
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mechanism in handling sequence data, allowing the model to weigh
different time steps more effectively, leading to more accurate
predictions.

The attention mechanism incorporated into the CNN-LSTM model
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enables it to dynamically weigh the importance of different input se-
quences, effectively highlighting critical features within the sequence
data that contribute to accurate predictions of engine oil temperature.
This approach aligns with the physical reality of diesel engine operation,
where certain factors, such as engine load, ambient temperature, and
operating conditions, exert varying degrees of influence on engine oil
temperature at different time intervals, such as sudden changes in en-
gine load or temperature fluctuations. Unlike the basic CNN-LSTM
model, which processes sequential data without discerning the relative
significance of individual elements, the attention-enhanced variant ex-
cels at focusing on relevant features while filtering out noise or irrele-
vant information. This heightened level of discernment not only
enhances prediction accuracy but also provides deeper insights into the
underlying factors causing engine oil temperature fluctuations. Conse-
quently, the attention-enhanced CNN-LSTM approach surpasses its basic
counterpart by offering a more nuanced understanding of the data and a
more refined ability to capture subtle yet impactful patterns, ultimately
leading to superior predictive performance and more informed decision-
making in locomotive operations.

The accurate predictions provided by our proposed model not only
prevent overheating but also contribute to fuel efficiency and extend the
lifespan of locomotive engines. Operators can make informed decisions
about engine operation based on real-time predictions of the engine oil
temperature. For example, the proposed model predicts a gradual in-
crease in engine oil temperature and would exceed the green tag (88 °C)
or yellow tag (92 °C) during a prolonged heavy-duty operation. With
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Fig. 7. Performance of Predicted Results (a) Results in the Time Domain (Partial), (b) Statistical Distribution of Predicted Values and True Values.
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Table 1
Performance Comparison of Proposed Model with Baselines.

Applied Energy 367 (2024) 123357

Evaluation Metric Random Forests XGBoost MLP CNN LSTM CNN-LSTM Proposed Model in this Paper (Attention-Enhanced CNN-LSTM)
MSE 8.305 5.402 44.535 0.766 1.187 0.497 0.335

MAE (°C) 1.249 1.289 4.084 0.644 0.867 0.436 0.369

MAPE 2.537% 2.594% 8.465% 0.969% 1.329% 0.664% 0.586%

this information, operators can proactively adjust the engine load,
ensuring optimal engine oil temperatures. Furthermore, it can support
early detection of anomalies. Furthermore, detecting significant de-
viations between predicted and expected engine oil temperatures can
serve as an early warning system for potential issues within locomotive
engines or their components. A simple example could be a 5% temper-
ature difference signaling a potential issue with the cooling system.
Crews can inspect and rectify the issue before it escalates, preventing
costly breakdowns. Overall, our proposed model can support proactive
maintenance measures, ensuring optimal locomotive engine perfor-
mance and longevity while minimizing the risk of damage or failure.

5. Conclusion and future work
5.1. Conclusion

This study develops a comprehensive deep learning approach for
predicting the temperature of diesel engine oil using sensor data
collected from locomotives regarding operational, system-related, and
environmental factors. It can serve as a critical tool for optimizing diesel
engine performance by taking proactive measures to keep the engine oil
within optimal ranges, which not only maximizes fuel combustion effi-
ciency but also diminishes the wear and tear on engine components,
thereby extending the operational life of the engines.

Autoencoder structure that incorporated 1-D convolutional and
LSTM layers was employed to consider local and global correlations in
the input based on historical information of the multiple sensors in lo-
comotives. It can effectively keep the most informative data patterns in
the compressed latent representation while minimizing the reconstruc-
tion error. Furthermore, the CNN-LSTM model was proposed to process
the compressed information by capturing both short-term and long-term
dependencies. The attention mechanism was incorporated into the
model to enhance model’s ability to focus more on relevant features by
dynamically weighing the importance of different input sequences. The
experiment results indicate that plain CNN and plain LSTM have better
performance in predicting engine oil temperature than random forests,
XGBoost, and MLP, as they consider the time-series information, which
contains more underlying patterns and dependencies that are crucial for
accurate temperature predictions. Additionally, the hybrid CNN-LSTM
outperforms plain CNN and plain LSTM, highlighting the effectiveness
of combining these two architectures to harness both short-term and
long-term dependencies within the data. With the integration of the
attention mechanism, the proposed attention-enhanced CNN-LSTM
model obtains the best prediction accuracy with MSE, MAE, and MAPE
values of 0.335, 0.369, and 0.586%. This emphasizes the significance of
attention mechanism in enabling the model to discern and weigh the
importance of different data features, thus providing a superior level of
precision and robustness in predicting engine oil temperature.

In summary, our proposed model achieved superior performance
compared to the baselines in predicting the temperature of diesel engine
oil. Accurate prediction results can be used to better support operational
decision-making in industrial settings to mitigate the risk of overheating
or excessive cooling, ensuring the optimal functioning of diesel engines.
It not only ensures energy efficiency and operational power but also
extends the engine’s lifespan while reducing maintenance and repair
costs.

5.2. Future work

This section discusses the limitations of the current study and future
research directions of this study. First, due to data limitations, only one
type of locomotive engine is included in this study. Additional experi-
ments with a more extensive and diverse dataset could provide a more
comprehensive evaluation of the model’s robustness. Therefore, future
research would involve the application of the proposed model across
multiple locomotive engines to assess its adaptability and performance
in diverse operational contexts.

As the temperature of locomotive engine oil is impacted by various
factors, it is important to advance our understanding of intricate re-
lationships and enhance model interpretability, which can facilitate
informed decision-making, proactive maintenance strategies, and
optimal performance management in locomotive engine operations.
Therefore, future research will refine the predictive modeling frame-
work to incorporate comprehensive physical interpretations of param-
eter influences on engine oil temperature. It involves quantifying the
relative contributions of each parameter to oil temperature variations,
thereby facilitating a deeper understanding of the underlying mecha-
nisms driving temperature fluctuations. Leveraging advanced data an-
alytics techniques, such as sensitivity analysis and feature importance
ranking, we aim to identify the most influential factors and their in-
teractions within the engine system.

Furthermore, this study focuses on engine oil temperature prediction
in locomotives. It is of significance to extend our proposed model to
other critical parameters in the operation of locomotives and other
machinery. Exhaust gas temperature, for example, helps assess engine
health and performance, optimize fuel efficiency, control emissions, and
ensure safe operation. By adapting our model to exhaust gas tempera-
ture prediction and other related tasks, we can create a more compre-
hensive predictive maintenance system that covers multiple vital
parameters. This will not only contribute to enhancing the overall reli-
ability and efficiency of locomotives but also lead to more eco-friendly
and energy-efficient transportation.

Last but not least, exploring the model’s capacity to automatically
process a wider array of sensor inputs, while addressing issues of data
redundancy, would enhance its versatility. This adaptability is particu-
larly relevant as our model demonstrates proficiency in compressed
information through an autoencoder, allowing for streamlined pro-
cessing of diverse sensor data. This broader implementation could
contribute to the model’s effectiveness in real-world scenarios where
multiple sensor inputs and potential data redundancies are
commonplace.
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