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a b s t r a c t
The prognostics and health management (PHM) aims to provide a comprehensive solution for equipment
health care. Classifying the operation mode of excavator, one of the tasks in the PHM, is important to
evaluate the remaining useful lifetime. Several studies have been conducted to classify the operations
with either video or sensor data, but they have several limitations to use only one type of data. A model
trained with sensor data cannot classify the similar operations such as ‘‘digging” and ‘‘ditch digging”,
whereas a model with video data is vulnerable to surrounding condition like weather. In this paper, to
overcome these shortcomings, we propose a deep neural network ensemble called FusionNet that classifies the operations of excavator. Two models are trained with sensor data and video frames respectively,
where the feature extractors are transferred to the FusionNet. The proposed network ensemble performs
a flexible and well-optimized classification by automatically calculating weights according to the
extracted feature vectors and combining them. To verify the proposed model, several experiments are
conducted with the real-world data. The proposed model achieves the accuracy of 99.17% which outperforms the conventional methods. We also confirm that the proposed model can address the shortcomings
of using only one type of data and maximize the benefits through the automatic weighting of extracted
features.
Ó 2021 Elsevier B.V. All rights reserved.

1. Introduction
Predicting remaining useful life (RUL) is a task to predict how
long a device can perform at normal levels [1]. This is an important
part to keep track of the expected useful lifetime of the apparatus,
or the time to replace or repair the equipment, without interruption. We can predict the RUL with the operation history of the
equipment because we can guess the load on the apparatus
depending on the operation mode that the equipment performs.
For example, the ‘digging’ of the excavating action is more laborious than ‘leveling’ that makes the ground flat. However, as it is
costly to classify and identify working histories (e.g., survey record,
sensor record, etc.) manually, it is necessary to automatically classify the operation mode. As mentioned above, in the study of PHM,
several studies are conducted and there are limitations to manage
the health (i.e., condition) of equipment.
The operation mode of the equipment can be classified with the
sensor log or the video frames that show the behavior of the equipment. Because it requires high cost to classify the video frames by
⇑ Corresponding author.
E-mail addresses: seago0828@yonsei.ac.kr (J.-Y. Kim), sbcho@yonsei.ac.kr
(S.-B. Cho).
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looking at video, several methods of automatic classification have
been developed extensively. As shown in the images in Fig. 1, however, the performance can vary greatly depending on the surrounding conditions (weather, time, etc.) [2–4]. In contrast, it would be
less affected by the surrounding conditions to classify the operation mode with sensor signals, but, as shown in the graphs in
Fig. 1, it is difficult to distinguish the operation mode when the
equipment performs similar but different operations such as ‘‘deep
digging” and ‘‘digging”. In addition, as shown in Fig. 2, it is hard to
classify the operation mode with sensor signals only because the
mean and variance of them are not distinguished well. If we use
the video and sensor information simultaneously, we can improve
the classifier with higher performance and robustness.
In this paper, to overcome the limitation of using one type of
data only, we propose an ensemble deep learning model of using
two types of data in the different domains simultaneously to classify the operation mode robustly. Fig. 3 shows the operation modes
of excavator, where the trajectory paths for ‘‘digging” and ‘‘leveling”
look similar. The proposed deep ensemble neural network effectively extracts the features of each type of data and combines them
based on the deep learning [5–8]. It consists of the two pre-trained
models to extract the features and classify the operation mode:
video- and sensor-based models. We train the autoencoder-based
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Table 1
Summary of the related work.
Category

Author

Description

Sensor-based
model

Dao et al. (2016) [9]
Chavez-Garcia and Aycard (2016)
[10]
Cao et al. (2017) [11,12]
Choi and Cho (2018) [13]
Kim and Cho (2019) [14]

Present sparse representation framework
Use localization, mapping, detecting and tracking the moving objects

Video-based model

Ensemble model

Donahue et al. (2015) [15]
Zha et al. (2015) [16]
Ye et al. (2015) [17]
Wu et al. (2015) [18]
Deng (2014) [21]
Guo (2015) [22]
Zhang (2016) [23]
Wu (2016) [3]
Yuan (2018) [24]
Chen (2018) [25]

Propose extreme learning method to classify the excavator
Build modular Bayesian networks to predict emotions in physical space with various sensor information
Propose a state explainable autoencoder to predict future energy demand with electric energy
consumption
Extract characteristics by using convolutional neural network
Extract features of each frame and classify video using SVM based on extracted characteristics
Use video frames and extract feature through optical flow technique
Separate motion and background features to classify video
Improve the performance of deep learning model with log-linear ensemble technique
Complementary ensemble of two deep learning models with different structures
Present ensemble technique of multi-context deep learning model for speech separation
Propose a model to classify the video by using motion, spatial and audio features in data
Introduce a regularized ensemble framework of deep learning for cancer detection
Propose nonlinear-learning ensemble of deep learning time series prediction and extremal optimization

Fig. 1. Examples of video frames and sensor signals used in this paper.
291

Jin-Young Kim and Sung-Bae Cho

Neurocomputing 470 (2022) 290–299

2. Related work
In this section, we present two kinds of relevant studies:
problem-solving model with video or sensor data and ensemble
model. Section 2.1 introduces the research to solve the classification problem using sensor or video data, and various studies on
ensemble deep learning models are presented in Section 2.2. The
summary of the related works are summarized in Table 1.
2.1. Problem-solving model with video or sensor data
To classify the operation mode with the video or sensor information, several studies have been conducted to perform given
tasks with video or sensor data. For the sensor-based classification,
various feature extraction methods have been used. Multi-sensor
classifier using a sparse representation framework was presented
by Dao et al. [9]. Chavez-Garcia and Aycard proposed a method
to solve tasks using localization and mapping, detecting and tracking the moving objects [10]. Cao et al. proposed a method to classify the excavator with a machine learning technique after preprocessing the sensor signals with the mel-frequency cepstral coefficient (MFCC) [11,12]. An optimal stimulus decision module with
modular Bayesian networks was constructed by Choi and Cho to
predict emotion with various sensor information [13]. Kim and
Cho studied a method to predict electric energy consumption by
processing power consumption as a signal [14]. Most studies use
pre-processed signal or sensor data to solve a given task, but they
lack the rationale to use pre-processing methods such as MFCC or
short-time Fourier transform. We construct a model based on a
convolutional neural network (CNN) to automatically extract features to classify the operation mode.
For the video-based classification, many researchers use various
characteristics in video and effectively classify [2–4]. Frame-byframe feature extraction based on the CNN was performed by Donahue et al. Besides, they performed sequential information processing through a recurrent neural network (RNN) [15]. Zha et al.
proposed a method to extract features of each video frame and
classify them with support vector machine (SVM) [16]. Ye et al.
presented a method to extract characteristics by using optical flow
as well as video frames [17]. Wu et al. proposed a method to separate motion and background in a video to classify it more accurately [18]. To extract more sophisticated features of video
frames, we propose a method of pre-trained classification model
using an autoencoder [19,20].

Fig. 2. Statistics of sensor values. To compare on a similar scale, we normalize the
sensor values for each operation mode.

Fig. 3. The operation modes of an excavator. Leveling is the operation to level the
ground, and digging is the operation to excavate the ground. This figure is a
modified version from [35].

classifiers on the video data and time-series classifier on the sensor
data, and concatenate the features used as the input of the ensemble classifier to distinguish the operation mode. Concatenated features are automatically weighted and entered into the fusion
network for the final classification. The main contributions are as
follows.

2.2. Ensemble model of deep learning
The ensemble technique is to combine models that lead to better performance while preventing overfitting problem. Deng and
Platt proposed a log-linear ensemble technique to improve the performance of deep learning model for speech recognition [21]. Guo
and Gould presented a deep CNN ensemble technique with data
augmentation for object detection [22]. Zhang and Wang proposed
a deep ensemble learning method for monaural speech separation
with multi-context information [23]. Yuan et al. proposed a regularized ensemble framework to detect cancer from multi-class,
imbalanced training data [24]. The ensemble techniques of the previous study produce the final result through the simple average or
summation without considering the weights of the results of each
model. It would be better to provide the model with appropriate
weights depending on the situation. For example, if the weather
changes significantly when classifying operation mode, it is more
advantageous to weight the model using sensor data rather than
video data. Chen et al. forecasted wind speech using a nonlinearlearning ensemble technique [25], but it is also based on some

 A problem in the actual industrial field is addressed, and to
solve this problem, we construct a deep ensemble neural network that classifies the operation mode using multi-modal data.
 We build a model with the state-of-the-art performance by
automatically learning the weights used in the ensemble
through the proposed ensemble network.
 We collect the real-world data to verify the practicality of the
proposed model.
The paper is organized as follows. We present relevant studies
that solve the problem with only one kind of data in Section 2. In
Section 3, we propose a method to classify the operation mode
with two types of data. To verify the proposed model, we show
the experimental results in Section 4. The conclusions and discussion are described in Section 5.
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Fig. 4. The overall architecture of the proposed model. It consists of video-based model (top) and sensor-based model (bottom) and a fusion network. The models in phase 1
extract the features of video frames with the encoder and sensor signals with the CNN-LSTM. FusionNet in phase 2 combines the outputs from the two models in phase 1 with
the weights determined automatically.

Fig. 5. The overall architecture of video-based model. To learn the representation of video frames, we first train the autoencoder model, and then transfer the encoder to
extract the features of image and classify them into the excavator operations.

the two models as inputs and automatically weights them to classify the operation mode.

prior knowledge, not trained automatically. We propose a fusion
network that classifies the operation mode by automatically calculating the weights for each model using the extracted features.

3.1. Video-based model
3. The proposed method

Since we can consider the video data as a sequence of images,
we can model them by extracting the characteristics of each video
frame and processing the extracted feature sequences. In the feature extracting phase shown in Fig. 5, we use a model with an
autoencoder to automatically learn the characteristics of an image.
An autoencoder, a popular model to define the data representation,
consists of an encoder that compresses data and a decoder that
restores them [14,26–28]. The objective function is as follows.

The overall architecture of the proposed model is illustrated in
Fig. 4. It consists of three models: a video-based model, a sensorbased model, and a fusion network that combines the previous
two models. Since the size of the input data is about 200,000, the
proposed model is based on deep learning, which shows the
promising performance in recognizing complex pattern of features.
To extract the features from video frames, an encoder is used in a
video-based model which is pretrained with an autoencoder. In the
phase 1, the features extracted for each video frame are used as the
input of the time series model. The second model extracts the features by processing the various sensor signals with CNN and yields
the features of sensor data to the time series model. In the phase 2,
the fusion network uses the features of each data obtained from

zv ¼ f v ðxÞ
0

xv ¼ g v ðzv Þ

ð2Þ

LAE
v ¼ Lr ðg v ðf v ðxÞÞ; xÞ;

ð3Þ

Fig. 6. The overall architecture of sensor-based model. We extract the features of sensor data with 1D CNN, and then process them with LSTM model.
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Fig. 7. Overall architecture of the proposed model. To extract the features of video and sensor data, we exploit the pre-trained feature extractors as shown in FusionNet part.

where Lr : X  X is a loss function of measuring the reconstruction
error from g v ðf v ðxÞÞ to x, g v is a decoder, f v is an encoder, x is input
0
data, zv is the extracted features of the video frames, and xv is the
reconstructed data. We construct f v as a CNN and extract the features of the image using Eqs. (4) and (5). g v consists of deconvolutional neural networks and restores the image with the extracted
features as input [29].

xli;j ¼ Rm Rn wlm;n ol1
iþm;jþn þ
 
oli;j ¼ r xli;j

l
bi;j

 Encoder: 55Conv@32 – BLD  43AveragePooling 
55Conv@64 – BLD  23AveragePooling  55Conv@128 –
BLD  22AveragePooling  55Conv@256 – BLD  22AveragePooling – Fully-connected layers of size 512 and 128
 Classifier: LSTM – BLD – Fully-connected layers of size 256, 128,
and the number of classes
BLD means BatchNormalization, LeakyReLU, and Dropout layers
[31–33].

ð4Þ

3.2. Sensor-based model

ð5Þ

A sensor-based model is designed to extract the features of sensor data from 30 types of sensor. By using the sliding window technique, all sensor signals are preprocessed so as to have the same
interval, and the characteristics are extracted by the 1D CNN.
Inspired by Szegedy et al., we extract the sensor features using
various-sized filters [34]. As in video-based model, the extracted
characteristics of a sequence are processed by the LSTM, and the
fully connected layer classifies the operation mode. As in the
video-based model, we extract the features of the sensor information by reusing the models except for the fully connected layer in
the trained sensor-based model when training the fusion network.
The objective function is shown in Eq. (9).

where xli;j is the convolved input vector at layer l and has i by j as
iterators, w is the weight matrix connecting neurons of layer l with
neurons of layer l  1, b is the bias unit, and r is an activation
function.
The encoder from trained autoencoder can be exploited by the
video-based model to extract the characteristics of video frames.
The sequence of extracted characteristics is used as an input for
the time series model and converted into a characteristic of the
video data. Since the long-short term memory (LSTM) network, a
well-known recurrent neural network, has powerful performance,
we use it for the time series model [30]. The objective function of it
is shown in Eq. (6). When training fusion network, we extract the
video features by reusing the models except for the fully connected
layer in the trained video-based model, which is explained in more
detail in Section 3.3.

Lv ¼ Lc ðhv ðf v ðxÞÞ; yÞ

zs ¼ f s ðxÞ
0

ð6Þ

ð7Þ

y ¼ hs ðzs Þ

ð8Þ

Ls ¼ Lc ðhs ðf s ðxÞÞ; yÞ;

ð9Þ

where hs and f s are a classifier and a feature extractor of sensorbased model, respectively, zs is the extracted features of sensor data,
0
and y is the predicted label. The overall architecture of the sensorbased model is shown in Fig. 6, and the details of the sensor-based
model are shown as follows.

where Lc : Y  Y is a loss function of measuring the difference
between real label y and computed output hv ðf v ðxÞÞ and hv is the
newly added fully connected layer. The details of the video-based
model are as follows.
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 Feature extractor: Inception module (1Conv@32, 3Conv@32,
5Conv@32, 7Conv@32) – concatenation - BLD
 Classifier: LSTM – BLD – fully-connected layer of size 64 and the
number of classes

extracted features with the weights of the fully connected layer,
i.e., automatic weighting the extracted features. The objective
function is described as follows.



Lf ¼ Lc hf ðf v ðxv Þ#  f s ðxs ÞÞ; y ;

Unlike the video-based model, 1D CNN is used to extract the
features of sensor data.

ð10Þ

where hf : H  H is a newly added fully connected layer which
takes extracted features of video and sensor data as input, H is a
space where extracted features exist, xv is a video data, xs is a sensor
data, and  means concatenation. The details of the fusion network
are as follows.

3.3. Fusion network
To extract the features of different types of data and classify
operation mode by combining them, we propose a deep ensemble
neural network called FusionNet. There are many techniques to
combine several models, such as averaging and voting in the previous works, but, as shown in Fig. 1, they have several limitations
that some classes can be distinguished only with the corresponding type of data. We propose the FusionNet that extracts the characteristics of each type of data with the reused feature extractor of
pretrained models and classifies the operation mode by combining
them. As illustrated in Fig. 7, two feature sets extracted from the
video- and sensor-based models are concatenated and used as
inputs for the newly added fully connected layer. The new layers
learn to classify the operation mode by properly combining the

Fig. 8. Experimental results of classifying the operation mode of excavator.

Table 2
The details of the sensory information used in this paper.
Category

Information collected from the sensor

Unit

Sensory information associated with the engine

Engine speed
Engine load factor
Fuel efficiency
Boost pressure
Coolant temperature
DOC intake temperature
Fuel level
Accelerator pedal position
Working oil temperature
Alternator voltage
Engine control dial
Front pump voltage
Rear pump voltage
Joystick thumb wheel voltage (LH)
Joystick thumb wheel voltage (RH)
Pump proportional pressure reducing valve
Pump proportional pressure reducing valve 2
Cooling fan proportional pressure reducing valve
Front pump pressure
Rear pump pressure
Boom cylinder pressure
Boom-up pressure
Boom-down pressure
Arm crowd pressure
Arm dump pressure
Bucket crowd pressure
Bucket dump pressure
Right wheel pressure
Left wheel pressure
Swing pressure

RPM
%
l=h
kPa
°C
°C
%
%
°C
V
mV
mV
mV
mV
mV
mA
mA
mA
bar
bar
bar
bar
bar
bar
bar
bar
bar
bar
bar
bar

Sensory information associated with the pressure

Sensory information associated with the voltage and current

Table 3
Details of video data. The ‘‘Duration” means the duration of collecting data, and ‘‘No. of data” means the number of data obtained for 10 s.
Operation mode

Leveling up-down

Leveling front-back

Leveling left–right

Duration
No. of data
Operation mode
Duration
No. of data
Operation mode
Duration
No. of data

250 480 ’
1519
Ditch digging
270 200 ’
1604
Slope digging
280 330 ’
1666

330 120 ’
1963
Deep digging
540 400 ’
3218
Rock digging
1:470 370 ’
6342

250 260 ’
1497
Digging
520 050 ’
3034
Drive
580 120 ’
3463
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Table 4
The numerical results of the experiment. We conduct a t-test for statistical significance of the difference in accuracy. The p-values are the results of the t-test with the proposed
model.

Average
Std. dev.
p-value

Conv3D

ConvLSTM

LRCN

Ours

0.8929

0.6242

0.7675

0.9917

0:91  101

1:16  101

1:19  101

2

5

4

2:92  10

0:50  10

1:59  10

1:17  106
–

Table 5
The precision, recall, and F1-scroe for each model. The proposed model has the best performance for all evaluation metrics.

Precision
Recall
F1-score

Conv3D

ConvLSTM

LRCN

Ours

0.9047
0.8766
0.8583

0.6774
0.5686
0.5154

0.8113
0.6784
0.6207

0.9891
0.9869
0.9879

where Mv ; M s , and MðMv ; Ms Þ are the video-based model, sensorbased model, and fusion network, respectively, hv ; hs , and hM are
the parameters of them. L is a loss function to train the model
and we use cross-entropy for it in this paper.

 Video feature extractor: Time distributed layer (55Conv@32 –
BLD  43AveragePooling  55Conv@64 – BLD  23AveragePooling  55Conv@128 – BLD  22AveragePooling 
55Conv@256 – BLD  22AveragePooling – Fully-connected
layers of size 512 and 128) - LSTM – BLD – Fully-connected layers of size 256
 Sensor feature extractor: Inception module (1Conv@32,
3Conv@32, 5Conv@32, 7Conv@32) – concatenation – BLD LSTM – BLD – fully-connected layer of size 64
 Classifier: Fully connected layers of size 512, 256, and the number of classes

4. Experimental results
4.1. Dataset and experimental settings
To verify the proposed model, we have collected and used the
sensor and video data of the excavator in several experiments.
Examples of data used in this paper are depicted in Fig. 1. A total
of 30 sensor data are composed of 12 sensors related to pressure,
nine sensors associated with voltage and current, and nine sensors
associated with the engine, as shown in Table 2. Since the size of
the video data is 1920 1080  3, which is too large to process,
we reduce it to 320  180  3 for computational convenience.
The dimension of three represents the RGB colors.
The excavator, which is used to collect the real-world data, performed a total of nine tasks: ‘‘leveling up-down”, ‘‘leveling frontback”, ‘‘leveling left–right”, ‘‘ditch digging”, ‘‘deep digging”, ‘‘digging”,
‘‘slope digging”, ‘‘rock digging”, and ‘‘drive”. The information about
each class is summarized in Table 3. Kim and Cho clustered the
nine classes into four classes and classified them, but we use nine
classes to classify them as they are [35]. They are divided into 3:1
for training and test datasets. The model classifies the operation
type by looking at the operation video and sensor signals for about
10 s at one FPS.

Time distributed layer can be regarded as a time series layer
applied to each frame of video data. The algorithm that learns
the model to classify the behavior of equipment is as follows.
Algorithm 1. Training process of the proposed model
Input: Dataset D ¼ fðv 1 ; s1 ; y1 Þ;    ; ðv n ; sn ; yn Þg
including video info. v i , sensor info. si , operation modeyi
Output: Trained model M
for i ¼ 1;    ; N do
Get batch of size b from D
# mini-batch
b
# Predict operation mode using videoy 1:b ¼ M v ðv 1:b Þ
based model




Lv ¼  1b Rj yj log b
yj
# Compute
y j þ 1  yj log 1  b
loss
@Lv
hMv ¼ hMv  @h
M

v

model
b
y 1:b ¼ M s ðs1:b Þ
based model

# Update weights of video-based

4.2. Classification accuracy

# Predict operation mode using sensor-





Ls ¼  1b Rj yj log b
yj
y j þ 1  yj log 1  b
loss
@Ls
hMs ¼ hMs  @h
M

s

In this section, we show that the performance of the proposed
model is relatively superior. We compare the 3D CNN, ConvLSTM,
and the long-term recurrent convolutional network (LRCN) models
[36,37]. 3D CNN used for comparison is a model composed of a
CNN with three-dimensional filters. ConvLSTM uses computation
as a multiply operation in the typical LSTM. LRCN recurrently uses
a CNN. We conduct 10-fold cross-validation for all the algorithms
to validate the performance. We use both sensor and video data
as inputs to each model. As shown in Fig. 8, the proposed method
outperforms other methods. Especially, the proposed method has
remarkably low variance in the performance, which confirms that
it is stable and robust. The numerical results are shown in Table 4.
Since the p-value is lower than 0.05, the difference in accuracy is
statistically significant. In addition, we evaluate the performance
of each operation mode classification in terms of precision, recall,
and F1-score, and take average of them as shown in Table 5. We

# Compute

# Update weights of sensor-based

model
M
EnsembleðM v ; M s Þ
for i ¼ 1;    ; N do
Get batch of size b from D
# mini-batch
b
# Predict operation mode
y 1:b ¼ M ðv 1:b ; s1:b Þ




yj
# Compute
L ¼  1b Rj yj log b
y j þ 1  yj log 1  b
loss
@L
hM ¼ hM  @h
M

# Update weights

returnM
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Fig. 9. Confusion matrix of the results of classifying operation mode with (a) Conv3D, (b) ConvLSTM, (c) LRCN, and (d) the proposed model. The numbers 1 through 9
represent the classes, ‘‘slope digging”, ‘‘ditch digging”, ‘‘rock digging”, ‘‘leveling up-down”, ‘‘leveling front-back”, ‘‘leveling left–right”, ‘‘deep digging”, ‘‘drive”, and ‘‘digging”.

Table 6
The F1-scores for each class. The proposed model has the best performance for all classes.
Class

Conv3D

ConvLSTM

LRCN

Ours

1
2
3
4
5
6
7
8
9

0.7968
0.8268
0.4865
0.6649
0.9987
0.9975
0.9974
0.9802
0.9762

0.0000
0.7153
0.0741
0.5987
0.7041
0.6823
0.3382
0.6948
0.8309

0.3594
0.6983
0.1122
0.5214
0.9556
0.8739
0.9722
0.1939
0.8993

0.9571
0.9798
0.9761
0.9777
1.0000
1.0000
1.0000
1.0000
1.0000

Table 7
The numerical results of the experiment. We conduct a t-test for statistical
significance of the difference in accuracy. The p-values are the results of the t-test
with the proposed model.

Average
Std. dev.
p-value

Video-based model

Sensor-based model

Ours

0.9733

0.9385

0.9917

1:96  104

1:11  104

1:27  103

3:38  108

1:17  106
–

overcome the shortcomings and maximize the benefits. In addition, the classes 1 and 2 are confused in our model relatively
highly. As classes 1 and 2 belong to the similar operation of digging, they produce the similar image and sensor information. The
method of classifying these subclasses should be improved in the
future.

Fig. 10. Result of classifying operation mode with video-based model, sensor-based
model and our proposed model.

illustrate the confusion matrix in Fig. 9 for each model shown in
Fig. 8. It can be seen that both ConvLSTM and LRCN have almost
completely failed to classify operation modes. In order to verify
the classification performance of each model by operation mode,
we show F1-score by work mode in Table 6.

5. Conclusions
In this paper, we addressed the importance of PHM and the
necessity to classify the operation mode of excavator. Since there
are some limitations when classifying the operation mode only
with video or sensor data, we have proposed a deep ensemble neural network to classify the operation mode using both types of data
so as to cope with the shortcoming and maximize the benefits.
After training the models that classify the operation with one type
of data separately, the FusionNet combines the features extracted.
Newly added fully connected layer uses the features extracted
from the pretrained models as the input and classifies the operation mode. The proposed method shows the better performance
compared to other conventional models with the accuracy of
99.17%.
In the future, we will investigate the trained models to confirm
the usefulness of the extracted features of the video and sensor by
analyzing the intermediate output of each model with an evolutionary approach [38]. We will also collect other kinds of data, such
as sound, to build a more robust classification model. Moreover, we

4.3. Analysis of model
We compare the proposed model with the video-based and
sensor-based models to show that classifying operation mode
using two different types of data is better than using only one data.
As shown in Fig. 10, we can see that the proposed model outperforms other models. Besides, as shown in Table 7, we confirm that
the performance of the proposed model is statistically better than
that of other models through t-test.
We illustrate the confusion matrix in Fig. 11 to analyze the classification accuracy by class using one type of data and all types of
data. The classification accuracy is about 3.5% point higher when
using the image data than when using the sensor data, but the performance is better when using the sensor data in the ‘‘slope digging”, ‘‘ditch digging”, and ‘‘digging” classes. As shown in Fig. 11
(c), with FusionNet, we can combine the features of each data to
297
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Fig. 11. Confusion matrix of the results of classifying operation mode with (a) video-based model, (b) sensor-based model, and (c) the proposed model. The numbers 1
through 9 represent the classes, ‘‘slope digging”, ‘‘ditch digging”, ‘‘rock digging”, ‘‘leveling up-down”, ‘‘leveling front-back”, ‘‘leveling left–right”, ‘‘deep digging”, ‘‘drive”, and
‘‘digging”.

will conduct experiments to classify various operation mode data
collected from different excavators as well as the various operation
mode data collected from the same equipment. Finally, we will
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