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Abstract: Accurately diagnosing blockages in a threshing cylinder is crucial for ensuring efficiency
and quality in combine harvester operations. However, in terms of blockage diagnostic methods,
the current state of affairs is characterized by model-based approaches that can be highly time-
consuming and difficult to implement, while data-driven approaches lack interpretability. To address
this situation, we propose a temporal association rule mining (TARM)-based fault diagnosis method
for identifying threshing cylinder blockages and discovering knowledge. This study performs field
trials by varying the actual feed rate and obtains datasets for three blockage classes (slight, moderate,
and severe). Firstly, a symbolic aggregate approximation (SAX) method is employed to reduce the data
dimensionality and to construct the transaction set with a sliding window. Next, a cSpade method
is used to mine and extract strong association rules by applying improved support, confidence,
and lift indicators. With the established strong association rules, this study can comprehensively
elucidate the variation pattern of each characteristic under several blockage failure conditions and
can effectively identify blockage faults. The results demonstrate that the proposed method effectively
distinguishes between three levels of blockage faults, achieving an overall diagnostic accuracy of
0.94. And the method yields precisions of 0.90, 0.92, and 0.99 and corresponding recalls of 0.90,
0.93, and 0.98 for slight, medium, and severe levels of blockage faults, respectively. Specifically, the
knowledge acquired from the extracted strong association rules can effectively explain the operational
characteristics of a combine harvester when its threshing cylinders are blocked. Furthermore, the
proposed approach in this study can provide a reasonable and reliable reference for future research
on threshing cylinder blockages.

Keywords: fault diagnosis; temporal association rule mining; knowledge discovery; threshing
cylinder blockage; combine harvester

1. Introduction

As the most important harvesting equipment implemented in the harvesting pro-
cess, the combine harvester integrates multiple processes such as reaping, threshing, and
screening, greatly improving the efficiency of farmers and increasing the economic benefits
of agricultural work. In practice, the working efficiency of a combine harvester is often
affected by various natural factors (such as crop moisture content, planting density, and
field terrain), which primarily affect the feed rate of the combine harvester. When the actual
feed rate exceeds the range of feed rates rated for a combine harvester, a blockage occurs in
important rotating areas such as the stalk auger, conveyor, or threshing cylinder [1]. The
threshing cylinder, as the most important component [2], is often installed in the center of a
combine harvester. In cases of blockage in the threshing cylinder, halting the harvesting
process may be necessary to resolve the issue [3], which is not only laborious but also
dangerous when disassembling the relevant parts of the threshing cylinder and removing
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any straw entangled in the spike teeth [4]. During a harvest period, farmers must finish
harvesting their crops within a week or even a few days. Diagnosing a blocked threshing
cylinder for even a few hours can lead to high costs for farmers. With the increasing
popularity of combine harvesters, rapid access to their operating status and diagnosis of
threshing cylinder blockages are receiving more and more attention from farmers and
manufacturers. As a result, considerable efforts have been made to propose strategies and
to implement them in combine harvesters.

In the early stages of the development of blockage fault diagnosis technology for
combine harvesters, model-driven diagnosis methods were widely used. This type of
method relies on the relevant mechanical structure of a combine harvester to construct
a dynamic or kinematics model and facilitates the identification of an abnormal state
by observing the state of the model [5–7]. In addition to constructing models based on
mechanical structures, some studies rely on other types of models to diagnose blockage
faults. For example, Chen et al. [8] established a mathematical model of the hydraulic
system based on the physical properties of the hydraulic system. Based on an analysis of the
relationship between travel speed and the clogging pressure valve, a logic threshold control
strategy was proposed to prevent blockage caused by excessive travel speed. Li et al. [9]
collected the speeds of the threshing cylinder, conveyor, and grain auger and proposed
a diagnosis method for blockage based on instantaneous speed change trends, speed
ratio differences, and their rate of change. And Qiu et al. [10] proposed a fault diagnosis
algorithm based on the velocity fusion index, component slip rate, and adaptive threshold
recognition. Although all these methods have achieved promising results, constructing a
model remains a time-consuming and difficult process due to the complex structure of the
combine harvester and the coupling of working states among various components.

With the development of measurement and control technology and AI, the data-
driven approach has been used in fault diagnosis [11,12]. Relying on a large amount
of data collected by sensors, machine learning or deep learning can be utilized in the
fault diagnosis process [13]. One typical application of such a method is to import the
data in a machine learning or deep learning model to uncover the hidden system and to
drive machine thinking. Compared with model-driven methods, data-driven methods can
effectively reduce the time required for model construction and derive a solution and can
be utilized for diagnosing system faults without an accurate mathematical model of the
system [14,15]. Currently, the application of data-driven methods of agricultural machinery
fault diagnosis has been proven to be effective [16–19]. The data-driven approach has also
been applied to combine harvester operating condition detection and fault diagnosis. For
instance, Yong et al. [20] used an RBF network to successfully determine whether a combine
harvester has a fault state and the severity of the fault based on the collected rotational speed
information. Zhang et al. [21] optimized and enhanced SVM using IPSO, which allows for
the diagnosis of broken auger drive chains, threshing cylinder blockages, clogged steppers,
raked conveyor chains, and broken blower pulley belts during the operation of a combine
harvester, and the accuracy rate reached 95.58%. Yang et al. [22] applied RCMvMSE to
the fault extraction of rolling bearings of threshing cylinder spindles and proposed a
rolling bearing fault diagnosis method based on SDAE-RCmvMSE, and the enhanced
method has robust anti-interference performance. Sun et al. [23] selected the height of the
header, moisture content, and torque of the power shaft of the header as the input and
feed rate as the output and established a computational model using a PSO-BP neural
network to achieve real-time monitoring of the feed rate. In addition, the utilization of
data-driven methods in the remote fault diagnosis of combine harvesters enables managers
to make informed decisions and provides technical support for the development and
implementation of unmanned farms and smart farms [24,25]. Bai et al. [26] constructed
a remote operation and maintenance platform, which mainly includes modules for data
monitoring, fault prediction and diagnosis, integrated operation, and maintenance. Within
the fault diagnosis module, a neural network is utilized to discern and identify blockages
occurring in the threshing cylinder. Chen et al. [27] achieved dynamic monitoring of
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combine harvester operating performance based on the Markov model and employed it in
the constructed online operating performance evaluation system.

From the analysis of these works, some overarching considerations can be derived:
(1) The model-driven approaches study the working mechanism of key components

in the harvester and mainly rely on dynamics, kinematics, or mathematics to construct
equations for representing their motions. Nevertheless, given the complex structure of
the combine harvester and the many interferences from the working environment, such a
method has issues related to difficult solutions and is time-consuming.

(2) Data-driven methodologies rely on an assortment of amassed data and enable swift
identification of blockage faults through approaches such as machine learning or deep
learning. However, these methods cannot express how and why blockages are diagnosed;
in other words, they lack interpretation.

In order to overcome the aforementioned problems, this paper proposes a threshing
cylinder blockage diagnosis method based on AC (association rule classification). AC is a
descriptive data mining method derived from ARM (association rule mining) [28]. This
approach was originally implemented to analyze the shopping patterns of customers in
malls to uncover the combinations of products that customers often buy together, thus
helping malls optimize the arrangement of goods to increase revenue [29]. Currently, AC
is widely used in various fields, such as biomedicine [30,31], traffic safety [32,33], and
phishing website detection [34,35]. Typically, the classification by AC involves three main
phases [36]: (1) adopting the methods in ARM to discover all association rules between
attributes and classes; (2) filtering rules using relevant evaluation indicators to obtain
strong association rules; and (3) using the obtained strong association rules as classifiers.

The blockage of the threshing cylinder usually occurs due to the excessive feed rate of
crop materials beyond the rated capacity of the machine. However, the combine harvester is
a time-delay system. It can be observed that as the feed rate increases, the response time of
each component exhibits differentiation attributable to their respective mounted positions.
Therefore, when the state changes of various components are regarded as different events,
the occurrence of these events is non-simultaneous but follows a time sequence. In the
traditional ARM approach, the mining of the correlation between events does not consider
the temporal properties, and it only uses whether two events occur simultaneously as the
criterion for evaluating whether they are correlated while disregarding the order in which
the events occur. Consequently, preserving the time dependence of two related events is of
great significance for revealing the behavior characteristics of involved components when
threshing cylinder blocks. In this paper, we employ a method called temporal association
rules mining (TARM), which is an extension of ARM, to investigate the sequential changes
in the status of the remaining components. Specifically, we examine how these changes
occur when there is an increase in the feed rate and the threshing cylinder experiences
blockage. Association rules, as mined using TARM, are in the form of multiple sequences,
and temporal features are mapped to the positions of the sequences. There are multiple
items in the sequence. Moreover, the items in the front and back locations imply a causal
relationship. By analyzing the distribution of items at different positions in the sequence,
the study can investigate the order of changes in the status (such as changes in speed
or torque) of the relevant components when the feed rate increases, thus, revealing the
mechanism of threshing cylinder blockage caused by excessive feed rate. Developing
a TARM-based blockage fault diagnostic method contributes to a primary novelty for
combining the advantages of both model-driven and data-driven approaches as it achieves
both automatic learning and interpretability.

The rest of the paper is structured as follows. Section 2 elaborates on detailed ele-
ments of constructing an associative classifier on the basis of AC, mainly including data
pre-processing methods, the process of converting data into transaction sets, as well as
the specific implementation process of obtaining strong association rules based on TARM.
Additionally, the approach employed to obtain the dataset concerning blockage occur-
rences in the threshing cylinder specifically focuses on non-manual intervention scenarios.
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Section 3 outlines the implied mechanism information in the mined strong association
rules and verifies the validity and accuracy of the classifier constructed based on the strong
association rules. Final remarks are presented in the Conclusions section.

2. Materials and Methods
2.1. Related Knowledge of ARM

Association rule mining is an unsupervised data mining method for discovering asso-
ciation relationships between attributes in discrete data, and these association relationships
are referred to as association rules [37]. Suppose an item set is d = {d1, d2, . . . dm}, where
an element di denotes an item. A transaction set is D = {D1, D2, D3, . . . Dn}, where each
transaction Di (i = 1, 2, 3, . . . , n) corresponds to a subset in d and is identified by a unique
transaction ID (TID). If two or more items frequently appear in one transaction set, these
items are considered to be correlated to each other. During the process of mining association
rules, the support is used to measure the occurrence frequency of an item set. The support of
item set di ⊆ d in transaction set D is the percentage of transactions containing di in D, as
shown in Equation (1). When an item set meets a user-set threshold of minimum support,
the set is called a frequent item set.

support(di) =
|{Di | di ⊆ Di, Di ∈ D}|

| D | (1)

Suppose X and Y are two item sets and X → Y is an association rule to express the
meaning that these two item sets have a certain association relationship between them. In
this rule, X is called antecedent, and Y is called consequent. Using exhaustive enumeration
to obtain the desired rule is always a difficult task when a transaction set contains multiple
transactions and covers multiple item sets. Therefore, association rules are often mined
based on user-specified minimum support and minimum confidence. The definition of
support for rules is shown in Equation (2), which measures the frequency of the rule in the
transaction set.

support(X → Y) =
D(X ∪Y)

DN
(2)

where D(X ∪Y) denotes the number of transactions containing D(X ∪Y), and DN denotes
the number of all transactions contained in the transaction set. The confidence is similar
to the conditional probability, which is used to evaluate the frequency of Y occurring
simultaneously with X among all transactions in which X occurs. Hence, the confidence is to
measure the accuracy of the association rule, and its definition is shown in Equation (3):

con f idence(X → Y) =
support(X ∪Y)

support(X)
(3)

Further, some scholars have proposed the concept of lift, as shown in Equation (4). Lift
refers to the frequency at which X and Y appear together while taking into account the
frequency at which these two items appear separately. It reflects the positive or negative
correlation between the antecedent and the consequent over a rule. When lift > 1, the lift
value indicates that the occurrence of X increases the probability of appearing Y; when
lift = 1, the appearance of X does not affect the probability of Y, and when lift < 1, the
occurrence of X decreases the probability of appearing Y.

li f t(X → Y) =
con f idence(X → Y)

support(Y)
(4)

In this study, in order to obtain more effective strong association rules, we require that
the rules satisfy the threshold requirements of the three indicators of support, confidence,
and lift. The rules that satisfy the criteria of the three indicators are recognized as strong
association rules and are consequently utilized for the purpose of constructing classifiers.
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In order to improve mining efficiency, the support used in the mining process was
modified. From the original definition of support in Equation (2), when the transaction set
contains a lot of transactions, DN is very large, while the value of support is very small.
When the minimum support (min-sup) is set too low, a large number of association rules
with a low frequency of occurrence may be generated, but not all of them are relevant to
blockage faults. To overcome this issue, we propose a modification to the traditional support
definition, as described in Equation (5).

re− support(X → Y) =
D(X ∪Y)

D(X) + D(Y)
(5)

Specifically, the denominator of the support calculation now only considers the number
of transactions containing both X and Y rather than the total number of transactions. This
refined support strengthens the association between transaction X and the subsequent
occurrence of transaction Y but also reduces the impact of other irrelevant transactions.
As a result, the produced association rules are more indicative of true causal relationships
between transactions and can better help identify blockage faults. Substituting re-support
into Equations (3) and (4), the newly defined re-confidence and re-lift can be obtained, as
shown in Equations (6) and (7), respectively.

re− con f idence(X → Y) =
D(X)

D(X) + D(Y)
(6)

re− li f t(X → Y) =
D(X) · D(N)

[D(X) + D(Y)] · D(Y)
(7)

2.2. Data Pre-Processing

Data pre-processing mainly includes 2 stages, data cleaning and data conversion. Data
cleaning aims to enhance data quality, while data conversion transforms time series data
into the format necessary for TARM analysis.

2.2.1. Data Cleaning Stages

The functioning of a combine harvester is frequently impeded by environmental
factors, including vibrations and dust, which unavoidably introduce interference to the
sensor signals. As a consequence, the interference leads to missing values and outliers in
the collected data. Data cleaning aims to fill in missing values and detect outliers of raw
data. In this study, abnormal values or outliers are defined as data that are outside the
established pattern of variation. Hempel filter is used to identify outliers. This filter is
basically a sliding window with a configurable width that slides through the time series
and replaces the values within the window with more representative values. Furthermore,
it is a nonlinear filter capable of handling time series efficiently [38]. For each slide, the filter
calculates the median and estimates the window’s standard deviation σ = 1.4826 ∗MAD
using the median absolute deviation (MAD). For any point in the window that is more
than 3σ away from the median, the Hampel filter identifies it to be an outlier and replaces
it with the median.

For missing values of the data, the Lagrangian interpolation method was used to fill
the data gaps [39]. The specific process is as follows: given the n + 1 nodes x0, x1, x2, . . . , xn
of the function y = f (x) and their corresponding function value y0, y1, y2, . . . , yn, the value
of the function for any point in the interpolation interval can be calculated using the
Lagrangian polynomial shown in Equation (8).

Ln(x) =
n

∑
i=0

li(x)yi =
n

∑
i=0

(
n

∏
j=1,j 6=i

x− xj

xi − xj
)yi (8)
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where li(x) is the interpolation basis function, and n is the order. The missing data point
is x, x0, x1, x2, . . . , xn are the known sampling time points, and y0, y1, y2, . . . , yn are the
corresponding value to the known time points.

In our study, the 10th-order sliding Lagrangian interpolation method was selected,
and 5 data before and after the missing point were taken as the interpolation interval, which
is brought into Equation (8) to finally achieve the interpolation of x.

2.2.2. Data Transformation Stages

The data acquired by the sensor is stored in a time series. To enhance the mining effi-
ciency of the algorithm, we need to downscale and transform the data for better matching
in the ARM mining process. Symbolic aggregate approximation (SAX) is an effective time
series dimensionality reduction method [40]. After SAX processing, a time series of length
n is reduced to a sequence of length m (m << n), and the new series is converted into a
symbolic string. As shown in Figure 1, the SAX conversion involves three phases.

Agriculture 2023, 13, x FOR PEER REVIEW 6 of 22 
 

 

of the function ( )y f x=  and their corresponding function value 0 1 2, , ,..., ny y y y , the 
value of the function for any point in the interpolation interval can be calculated using the 
Lagrangian polynomial shown in Equation (8). 

0 0 1,
( ) ( ) ( )

nn n
j

n i i i
i i j j i i j

x x
L x l x y y

x x= = = ≠

−
= =

−  ∏
 

(8)

where ( )il x  is the interpolation basis function, and n is the order. The missing data point 

is x, 0 1 2, , ,..., nx x x x  are the known sampling time points, and 0 1 2, , ,..., ny y y y  are the 
corresponding value to the known time points. 

In our study, the 10th-order sliding Lagrangian interpolation method was selected, 
and 5 data before and after the missing point were taken as the interpolation interval, 
which is brought into Equation (8) to finally achieve the interpolation of x. 

2.2.2. Data Transformation Stages 
The data acquired by the sensor is stored in a time series. To enhance the mining 

efficiency of the algorithm, we need to downscale and transform the data for better match-
ing in the ARM mining process. Symbolic aggregate approximation (SAX) is an effective 
time series dimensionality reduction method [40]. After SAX processing, a time series of 
length n is reduced to a sequence of length m (m << n), and the new series is converted into 
a symbolic string. As shown in Figure 1, the SAX conversion involves three phases. 

 
Figure 1. Implementation process of SAX. 

(1) Conducting a Z-score transformation on all the data is carried out to ensure ad-
herence to the Gaussian distribution. 

(2) Reduce the time series to obtain a short numerical sequence. 
To achieve data dimensionality reduction, the piecewise aggregate approximation 

(PAA) method is utilized. The method converts the time series 1 2, ,...= nT t t t , which 

Figure 1. Implementation process of SAX.

(1) Conducting a Z-score transformation on all the data is carried out to ensure
adherence to the Gaussian distribution.

(2) Reduce the time series to obtain a short numerical sequence.
To achieve data dimensionality reduction, the piecewise aggregate approximation

(PAA) method is utilized. The method converts the time series T = t1, t2, . . . tn, which
consists of n data points, into a numerical sequence t = t1, t2, . . . tm of length m. The value
of each element ti in series t is calculated using Equation (9).

ti =
m
n

n
m i

∑
j= n

m (i+1)+1
Tj (9)

where m/n is called the compression ratio.
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(3) Convert the numerical sequence into a symbolic string.
Symbolization is achieved by obtaining a breakpoint sequence Bp that divides a Gaus-

sian distribution into any number of equiprobable intervals. The breakpoint sequence Bp,
along with the PAA approximate sequence values, were used to complete the symbolization
process. Specifically, a breakpoint list Bp = {−0.67, 0, 0.67} was selected, and all values
in the PAA sequence less than the minimum breakpoint were mapped to the symbol “A”.
Similarly, all values greater than or equal to the minimum breakpoint but less than the
second smallest breakpoint were mapped to the symbol “B”. This mapping ensures that
each symbol in the four-symbol alphabet (A, B, C, and D) corresponds to a specific range of
numerical values in the PAA sequence.

Figure 1 demonstrates that the symbolic string sequence obtained by SAX effectively
captures the underlying patterns and trends while preserving the salient features of the original
time series. Consequently, the utilization of the SAX method ensures the dependability of the
conversion process from continuous time series data to discrete symbolic sequences.

2.3. TARM Process and Diagnosis of Blockage
2.3.1. The Specific Implementation Process of TARM

The TARM technique is an extension of the ARM technique, which introduces time

information into the mining of association rules which can be expressed as X t→ Y. The
TARM technique contains many methods, which can be mainly divided into two categories.
The first category considers only the order of occurrence between items without restricting
the time interval between them. Methods in this category include GSP, PrefixSpan, SPAM,
and others. The second category introduces various constraints in the mining process, such
as time constraints and interest constraints, to limit the time interval between two items
over the mined rule and the time span of the entire rule [41].

Considering that threshing cylinder blockage often occurs within a few seconds, there
is no need to mine for correlations between items that occur over a long-time frame, so the
cSpade method was chosen. The cSpade method can not only meet the minimum support
requirement in mining process but also mine the relationship between items with a specified
time window length. Table 1 shows the pseudo-code of the cSpade method. During the
execution of cSpade, only the minimum support(min-sup) degree is set. Therefore, after the
initial mining by cSpade, the minimum confidence(min-conf ) level as well as the minimum
lift(min-lift) were set, and any rules that failed to meet these criteria were subsequently
filtered out. Finally, the remaining rules are the strong association rules.

Table 1. Pseudocode of cSpade.

cSPADE

1. P = { parent classes Pi};
2. for each parent class Pi ∈ P do Enumerate-Frequent(Pi);
Enumerate-Frequent(S):
1. for all sequences Ai ∈ S do
2. if (maxgap) //join with F2
3. p = Prefix-Item(Ai);
4. N = { all 2-sequences Aj in class [p]}
5. else // self-join
6. N = { all sequences Aj ∈ S, with j ≥ i}
7. for all sequences α ∈ N do
8. if (length(R) <= maxl and width(R) <= maxw and accuracy(R) 6= 100%)
9. L(R)=Constrained-Temporal-Join(L(Ai), L(α), min gap, max gap, window);
10. if (σ(R, ci) ≥min sup(ci)) then
11. T = T ∪ {R}; print R;
12. Enumerate-Frequent(T);
13. delete S;
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2.3.2. Classifier Construction and Blockage Diagnosis

The main principle of AC is to construct classifiers based on strong association rules
to achieve diagnosis of faults. In Section 2.4, the acquisition process of the dataset used
in this study is described in detail, and the dataset is collected under 3 levels of blockage
status (slight, medium, and severe) of threshing cylinder. The strong association rules
mined from these three datasets are then used to construct the classifiers. The workflow
of constructing classifier is shown in Figure 2. In general, 70% of the acquired data is
utilized as the training dataset, while the remaining 30% is allocated as the test dataset. The
training dataset is utilized to mine rules and construct a classifier, while the test dataset
is employed to evaluate the classifier’s accuracy. The diagnostic protocol for analyzing
data in a test dataset is as follows. First, the test dataset is subjected to pre-processing
and transformation into a transaction set format. Subsequently, the test transaction set is
compared to the association rules contained within the classifier. If a matching rule is found
in the test transaction set that is the same as the one in the classifier, the corresponding
blockage level is determined.
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2.4. Data Acquisition of Threshing Cylinder Blockage Fault
2.4.1. Data Acquisition System

A data acquisition system has been designed to obtain the changes in characteristic
parameters before and during a threshing cylinder blockage fault, as shown in Figure 3.
This system comprises hardware equipment and monitoring software.
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The 4LZ-6B wheat combine harvester was used as the research object, and 6 locations
were selected as monitoring points with reference to the studies in [10,21], including the
stalk auger, conveyor, threshing cylinder, reel, blower, tailing auger, and grain auger. The
torque of the stalk auger, the conveyor, and the threshing cylinder was monitored by
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3 customized torque sensors, and a reflective photoelectric sensor was also built inside the
customized sensor, which can monitor the speed at the same time. The customized torque
sensor utilizes strain gauge-based measurement to detect torque variations. To ensure the
accuracy of the torque sensor, we conducted testing and calibration of the three sensors
using dedicated equipment. The relative errors of the torque sensors in the stalk auger,
conveyor, and threshing cylinder were determined to be 0.098, 0.54, and 0.35, respectively.
These values indicate that the torque sensors meet the required specifications. Hall sensors
were used to monitor several speeds, including the reel, blower, tailing auger, and grain
auger. The specific model of the Hall sensor employed is NJK-5002C, with a working
temperature range of −20 to 70 ◦C. It operates at a rated voltage of DC 5–30 V, and the
output level is high. Therefore, a total of 10 characteristic parameters (comprising 3 torque
signals and 7 rotational speed signals) were employed to characterize the blockage fault.
In addition, differential GPS (accuracy of 0.05 m) was used to obtain the travel speed of
combine harvester.

During the operation of the combine harvester, the data collected by sensors and GPS
data were transmitted to the data acquisition device. In the acquisition device, a 7316 data
acquisition card (sampling frequency is 50 Hz) produced by ZhongTai company (located in
Haidian District, Beijing, China) was used to aggregate and package the signals returned
by sensors and GPS, and finally forward them to the host computer. The data acquisition
software was developed using LabVIEW, a programming platform known for its capacity
to exhibit real-time visualization of monitored torque, speed, dynamic trend of travel speed,
and simultaneous real-time data storage.

2.4.2. Blockage Fault Generation Process

In the actual wheat harvesting process, the blockage is hard to predict or capture. In
the time-constrained wheat harvest period, manual intervention is often used to gather
as much data as possible on the state of threshing cylinder blockage. For example, the
drive belt can be loosened so that the threshing cylinder receives less power, which triggers
blocking [4,21].

In our experiments, we control the external variables to induce the fault without inter-
vening in the working components. Specifically, this study naturally generates blockages
in the threshing cylinder by increasing the actual feed rate entering the combine harvester.
Normally, the feed rate is calculated using Equation (10).

Q = v× h×m (10)

where v represents the driving speed, h represents the header width, and m represents the
crop quality per unit area.

In the actual harvesting process, the header is not replaced frequently and is therefore
regarded as constant. The header width of harvester used in test is h = 2.5 m. Therefore, by
varying the values of v and m, fluctuations in the feed rate Q can be achieved. A high Q can
result in the blockage of the threshing cylinder.

Before the experiment, the unit crop mass per unit area was obtained using the “five-
point method”. The midpoint of the diagonal of the plot was taken as the center sampling
point, and 4 points were taken on the diagonal at equal distances from the center point,
totaling 5 sampling areas over 1 m2. The wheat at each of the 5 sampling points was
manually harvested, maintaining a stubble height of 20 cm (consistent with the stubble
height left by the harvester). The wheat samples from each sampling point were weighed
3 times, and the average was taken as the crop mass for that sampling point. The average
of the crop masses from the 5 points was taken as the value of the unit crop mass per unit
area in the experimental field. After calculation, the unit crop mass per unit area of the
selected experimental field was found to be m = 1.45 kg/m2.

(1) Test scheme 1: By changing the travel speed
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Substitute h and m into Equation (10), then the feed rate Q = 2.5× 1.45× v = 3.625v.
Thus, the theoretical correspondence relationship between feed rate and travel speed was
obtained, as shown in Table 2.

Table 2. Correspondence between feed rate and travel speed.

Travel Speed Feed Rate
(kg/s)

Exceeding Range of Designated Feed Rate
(%)(km/h) (m/s)

6 1.67 6.05 1
7 1.94 7.03 17
8 2.22 8.04 34
9 2.5 9.10 52
10 2.78 10.08 68
11 3.06 11.07 85

In fact, the uneven terrain in wheat fields causes the travel speed to be unstable for
a long time. Therefore, a pre-test was conducted, before the official test, to determine
the extreme feed rate when threshing cylinder was blocked and to determine the opera-
tional speed. The designated feed rate capacity of the selected combine harvester is 6 kg/s.
During the pre-test phase, it was observed that when the travel speed reached 11 km/h,
corresponding to a feed rate of 11 kg/s, the threshing cylinder experienced a total blockage.
According to the observed state of the combine harvester under different feed rates in the
pre-test, we have categorized the blockage level into three levels, and each one corresponds
to a specific range of feed rate, as indicated in Table 3. At slight blockage level, the threshing
cylinder still works properly. At medium level, the threshing cylinder performance de-
creases but can be restored to normal by slowing down the travel speed. When the combine
harvester is at severe level, the threshing cylinder is completely blocked and cannot go
back to work.

Table 3. Classification of threshing cylinder blockage grade.

Blockage Level Exceeding Range of Designated Feed Rate

slight <34%
medium 34~68%
severe 68~85%

Figure 4 shows the test procedure of changing travel speed to obtain blockage state.
Initially, the combine harvester drives into the preparation area. We check whether the
harvester and the data acquisition system can work normally in the preparation area. In
the data acquisition area, a combination consisting of constant speed area and acceleration
area is designed for occurring as much blockage degree as possible. The combine harvester
travels in the data acquisition area, first at a constant speed of 6 km/h in constant speed
area 1©, and then enters the acceleration area 1© to complete the acceleration from 6 km/h
to 8 km/h. Drive at 8 km/h in the constant speed area 2© and then enter the acceleration
area 2© to complete the acceleration from 8 km/h to 10 km/h. Then, drive at 10 km/h
in the constant speed area 3© and complete the acceleration from 10 km/h to 11 km/h in
the acceleration area 3©. At this stage, the harvesting work is stopped if a severe blockage
occurs. If there is no severe blockage, in order to reduce the load of combine harvester, slow
down and drive out of the data acquisition area.
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(2) Test scheme 2: By varying the crop quality m per unit area
In practice, the crop density in a field is not completely uniform, and the planting

density of wheat varies across different regions. The uneven distribution of crops can result
in variations in m leading to fluctuations in feed rate and various occurrences of threshing
cylinder blockage. To simulate this situation, a test method was designed in Figure 5. In
the data acquisition area, three wheat density intervals were set up, and the length of each
interval was 50 m. The combine harvester has a cutting width of 2.5 m, manually harvests
1.25 m × 50 m of wheat, and lays it in the second interval area to form a 1.5-fold density
interval. In the same way, 2.5 m × 50 m wheat is manually harvested and laid in the third
interval area to form a double-density interval. During the actual wheat laying process,
due to the weak support of wheat plants, a portion of the wheat fell onto the ground.
Within the designated 1.5-folded and 2.0-folded areas, sampling points were established at
intervals of 10 m along the same straight line, with each sampling point covering an area of
1 m2. At each sampling point, the wheat grown under original conditions (with a stubble
height of 20 cm) was manually harvested and collected together with the wheat laid on the
ground, followed by weighing. The average value of three weighing measurements was
taken as the mass for that particular sampling point. Finally, the average mass of the five
sampling points was calculated to represent the mass of the variable-density area. After
actual measurement, the crop quantity per unit area is m1.5 ≈ 2.05 kg for the 1.5-folded
density interval and m2.0 ≈ 2.47 kg for the 2.0-folded interval.
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Figure 5. Changing crop quality to trigger blockage of threshing cylinder.

During the testing process, the combine harvester was operated at a constant speed of
6 km/h within the data acquisition area. Two 30 m long transition areas were established.
In the first transition area, the crop density was gradually increased from 1.0 to 1.5 times,
resulting in a corresponding increase in feed rate from 6 kg/s to 8.56 kg/s. The data
collected in this area were deemed to represent a medium level of blockage. In the second
transition area, the feed rate was further increased from 8.56 kg/s to 10.3 kg/s, and the
data obtained in this area were considered to be those under severe level of blockage.
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3. Results
3.1. The Result of the Blockage Dataset

Tests were conducted at the National Precision Agriculture Demonstration Base in
Xiaotangshan, Beijing, in mid-June 2022. The process of testing in the field is shown in
Figure 6, which illustrates the severe blockage of the threshing cylinder that occurred
during testing when the combine harvester entered an area with a 2-fold crop density.
Under such circumstances, the combine harvester is unable to function effectively and
must be temporarily suspended for manual removal of the straw and debris that were
impeding the operation of the threshing cylinder. And the test can be restarted only after
the necessary maintenance measures have been taken.
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Figure 6. Exhibition of the execution process at the test site and the status of blockage faults.

Using test scheme 1, ten trials were conducted, while four trials were conducted using
test scheme 2. In total, 20,083 raw data entries were obtained. Table 4 displays the number
of data classified as slight, medium, and severe.

Table 4. The distribution of each blockage level in the raw data.

Blockage Level Data Amount

Slight 5022
Medium 8050
Severe 7011
Sum 20,083

3.2. Data Pre-Processing and Transaction Set Construction

After removing outliers by Hampel and interpolating missing values by Lagrangian
interpolation, the final data results are shown in Table 5. Among them, 70% of the data
were used as the training set to complete the mining of strong association rules and the
construction of the classifier, and 30% of the data were used as the test set to verify the
accuracy of the classifier.

Table 5. The data distribution of each blockage level after pre-processing.

Data Amount Train Data for ARC Test Data

Slight 5072 3550 1522
Medium 8072 5650 2400
Severe 7056 4939 2117
Sum 20,200 17,139 6039

Further, for the convenience of representation and efficiency in improving the mining
process, the names of each monitoring location were numbered, and the corresponding
numbers for each location are shown in Table 6.
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Table 6. Identification number of the monitoring locations.

Names of Monitoring Points No.

Reel speed 0
Stalk auger speed 1
Stalk auger torque 2
Conveyor speed 3
Conveyor torque 4

Threshing cylinder speed 5
Threshing cylinder torque 6

Blower speed 7
Grain auger speed 8

Tailing auger speed 9

The specific construction process of the transaction set is shown in Figure 7, which is
divided into two main stages. In the first stage, the original time series was transformed into a
discrete string sequence by SAX. In the conversion process, the compression rate was chosen
to be 0.04, i.e., the data in the 25 original time series were converted to one character, thus
containing two states of the variable in 1 s. In the second stage, multiple sequences were
first combined to form a multidimensional string sequence matrix. Then, the transactions
in the transaction set were constructed using a sliding window, and each window contains
two discrete values of a variable, thus reflecting the state change of the variable.
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and the final obtained transaction set results are shown.
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As an example, Figure 7 shows the process of converting three variables from the origi-
nal time series to the transaction set form. The three variables are conveyor speed, threshing
cylinder speed, and threshing cylinder torque, and their variable numbers in Table 5 are 3,
5, and 6, respectively. After SAX conversion, the “conveyor speed” contains 3 states, which
will be recorded as 3B, 3C, and 3D; “threshing cylinder speed” contains 2 states, denoted as
5A and 5B; and “threshing cylinder torque” contains 3 states of 6A, 6B, and 6C, as shown
in Figure 7b. Figure 7c shows a three-dimensional discrete sequence matrix composed of
multiple discrete character sequences. Then, the three discrete sequences of strings were
combined into a three-dimensional matrix. Figure 7d shows the construction process of
the transaction set database by implementing a sliding time window of fixed length to
split the sequence. In this study, a window with a length of 2 was used; that is, a window
contains two characters so that the state of variable changes can be reflected in a window.
For instance, as presented in “window 2”, variable 3 rises from B to C, variable 5 remains
unchanged, and variable 6 drops from C to B. The content in each sliding window was
regarded as a transaction set transaction and finally formed a transaction set.

The training and test transaction sets were obtained after conversion, and their respec-
tive number of transactions is presented in Table 7. The training transaction set was used
to mine association rules and construct a classifier, and then a test transaction set was used
to verify the accuracy of the classifier.

Table 7. Distribution of train transaction set and test transaction set.

Train Transaction Set Test Transaction Set

Slight 201 60
Medium 322 96
Severe 282 84
Sum 805 240

3.3. The Results of TARM

Normally, throughout the process of mining association rules in the training trans-
action set using the cSpade method, four parameters need to be set as thresholds, i.e.,
minimum support, maximum time lag (between antecedent and consequent item sets),
minimum confidence, and minimum lift. In Section 2, the support, confidence, and promo-
tion have been refined, thus giving re-support, re-confidence, and re-lift. Therefore, the four
parameters are min-re-support, maximum time lag, min-re-confidence, and min-re-lift.

In order to ensure capturing an entire cycle of blockage occurrence, the maximum time
lag chosen is large enough to include the period of congestion occurrence but should also
not be too large. A proper maximum time lag can prevent the mined antecedent itemset
and consequent itemset from having loose relationships. And the maximum time lag was
set to 20 s in our study.

To determine the best thresholds for the remaining three indicators, we did not assign
any thresholds for the three indicators. Instead, we carried out the pre-mining in training
transaction sets to determine the distribution of all association rules contained in each
blockage level. The pre-mining results are shown in Figure 8, and the position of the center
of each bubble represents the re-support value and re-confidence value. The intensity of the
bubble’s color positively correlates with the number of rules occupying the same position.
Furthermore, the size of the bubble indicates the magnitude of re-lift, where larger bubbles
correspond to higher levels of re-lift. Under three blockage levels, 1091, 1068, and 1689 rules
were obtained, respectively.
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It can be seen from Figure 8 that the distribution of association rules under the three
blockage levels is not uniform, and 85% of association rules are in the small interval of
re-support. In general, for confidence, the larger the value, the better, and for lift, a strong
association between two items is considered when lift > 3 [36]. Ultimately, the values of the
minimum threshold for selecting the three indicators are shown in Table 8. After filtering
the rules that did not satisfy the threshold, the number of strong association rules (SAR)
mined in each of the three blocking states was, respectively, 17, 20, and 19.

Table 8. Strong association rule mining results.

Minimum Threshold The Number of
SARMin-Re-Support Min-Re-Confidence Min-Re-Lift

Slight 0.24
0.95

3.7 17
Medium 0.17 3.2 20
Severe 0.12 3.4 19

Due to the time attribute introduced in the TARM process, the association rules mined
using the cSpade are presented in the form of sequences, which are not the same as the item
sets mined by traditional ARM, and the length of the sequences of strong association rules
mined is not exactly the same. Some of the content of the strong association rules mined by
cSpade is shown in Table 9. It can be seen that each strong association rule contains the
state changes of multiple monitoring parameters.

Table 9. Content display of the mined SARs.

No.
Locations within the Sequence

1st 2nd 3rd 4th 3th 6th 7th 8th

1 1A1A 2B2A 3A3B 4C4C 5A5A 6C6C 7D7C 8C8D
2 1D1D 2C2B 3C3D 4A4A 5B5C 6A6A 7B7A 8C8B
3 1D1C 2A2A 3D3C 4A4B 5C5D 6A6A 7B7A 8B8B

. . . . . .

3.4. Analysis of Strong Association Rules

In this section, the mechanism information contained in the mined strong association
rules is analyzed, and the variation law of each characteristic parameter under different
blockage levels is deeply explored.

The form of the strong association rules mined, as indicated in Table 9, is sequences.
In sequences, the item in the first position serves only as an antecedent, and the item in
the last position serves as a consequent. However, each item in the middle position of
the sequence functions as both an antecedent and a consequent. An item occupying an
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advanced position in the sequence means that the item occurs earlier. Correspondingly, the
more forward a characteristic parameter appears in the rule sequence, the more sensitive it
is to blockage faults and the less sensitive a characteristic parameter is to blockage faults of
the threshing cylinder when it is further back in the rule sequence.

The visual representation of a strong association rule mined under a medium blockage
level is shown in Figure 9. The meaning of this rule is that when the feed rate rises, first,
the torque and speed of the stalk auger rise and fall, respectively, then the speed of the
conveyor falls, and finally, the speed of the threshing cylinder falls, and its torque rises.
The physical meaning contained in this rule is as follows: since the rated power P of the
combine harvester is constant, the torque is inversely proportional to the speed according to
P = (T ∗ n)/9550. Therefore, the values of the torque characteristics show a rising state, and
the values of the speed characteristics show a falling state in the rule. Furthermore, during
the harvesting process, wheat undergoes a sequential passage through three components
of the combine harvester: the stalk auger, the conveyor, and the threshing cylinder. As
a result, the torque of the stalk auger increases earlier than the torque of the threshing
cylinder, and the falling state of the speed of these three parts also occurs in the sequence.
This observation highlights how the excavated rules can effectively reflect the response
sensitivity of each component to an increase in the feed rate. Overall, in this rule, the
sensitivity of each characteristic parameter at medium blockage can be considered to have
the following order: stalk auger torque > stalk auger speed > conveyor speed > threshing
cylinder speed > threshing cylinder torque.
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Figure 9. Visualization of a strong association rule.

In order to facilitate the comparison of the sensitivity intensity of each characteristic
parameter under the three congestion states, the sequence composed of the maximum pro-
portion of each position in the rule is recorded as Ri=1,2,3 = {a1, p1), (a2, p2), . . . , (am, pm)},
and the am refers to the feature parameter with the largest proportion of pm at position m
within the sequence. R1, R2, R3 represent the sequence under slight, medium, and severe
levels of blockage, respectively. The longest rule mined in both the slight blockage level and
the medium blockage level contained 8 items, while the longest rule in the severe blockage
level contained 6 items. After statistical analysis, the results for R1, R2, R3 are shown in
Figure 10, with the torque characteristics highlighted in red and the speed characteristics
highlighted in green, and in the “Location in sequence” row, a gradually fading yellow
color is used to indicate decreasing sensitivity.

According to Figure 10a, it can be observed that the characteristic parameters for
the first four positions are all related to torque, while those for the last four positions
are related to speed. This indicates that under a slight blockage level, torque-related
characteristic parameters exhibit higher sensitivity than speed-related ones. Under medium
blockage level, as depicted in Figure 10b, the characteristic parameters for the first three
positions correspond to stalk auger torque, conveyor torque, and threshing cylinder torque,
respectively, while those for positions 4 to 8 are all related to speed. Additionally, in the
case of severe blockage level, as shown in Figure 10c, the characteristic parameter for
position 1 remains stalk auger torque, while stalk auge speed and threshing cylinder torque
correspond to positions 2 and 3, respectively. The characteristic parameters for positions 4
to 6 are all speed-related.
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Figure 10. Sensitivity comparison of each characteristic parameter under different blockage levels.
(a) describes the distribution of feature parameters with the highest proportion at each sequence
position in the association rule sequence during slight blockage faults. Similarly, (b) investigates
the distribution of feature parameters during medium blockage faults, while (c) focuses on the
distribution of feature parameters during severe blockage faults.

Overall, torque-related characteristic parameters occupy relatively earlier positions
in the sequence under all three blockage levels, and the sensitivity of stalk auger torque
and conveyor torque is higher than that of threshing cylinder torque. This is due to the
fact that the crop enters the combine and passes through the stalk auger and conveyor
in turn to reach the threshing cylinder, which also explains the time lag in the response
of the threshing cylinder’s state as the feed rate increases. In addition, the speed-related
characteristic is less sensitive than the torque characteristic in the case of slight blockage
but becomes more sensitive as the blockage grade increases. In the case of severe blockage,
the sensitivity of the speed of the stalk auger is even higher than the threshing cylinder
torque, reflecting the fact that the relationship between feed rate and speed and torque of
the important rotating parts is not purely linear [42]. It can be observed that analyzing
the association rules is an effective way to reveal the complex operational mechanisms of
combine harvesters.

3.5. Blockage Fault Detection and Diagnosis

The process of diagnosis in the samples in the test transaction set is shown in detail
in Figure 11. The 17, 20, and 19 strong association rules mined in the three levels of
slight blockage level, moderate blockage level, and severe blockage level, respectively,
were constructed as three classifiers named “slight classifier”, “medium classifier”, and
“severe classifier”. Samples from the test transaction set obtained after pre-processing were
imported into the classifier and compared with the rules in the three classifiers in turn to
determine their blockage levels.

During the diagnostic process, the test samples were initially compared to the severe
classifier since severe blockages of the threshing cylinder pose the greatest risk of causing
damage to the combine harvester. After the excluded samples were not at a severe blockage
level, they were then compared with the medium classifier and the slight classifier succes-
sively. If a sample did not have the same rules as any of the classifiers, it was considered to
be in normal working condition.

The confusion matrix presented in Table 10 depicts the diagnostic outcomes for the
three blockage levels when the test transaction set is fed into the developed classifier model.
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Table 10. Confusion matrix of classifier diagnostic results.

Predicted Class

Slight Medium Severe

Actual class
Slight 54 6 0

Medium 6 89 1
Severe 0 2 82

The performance of the classifier was evaluated using precision, recall, and accuracy
metrics. Precision represents the proportion of true positive samples among those identified
as positive by the model. The recall refers to the classifier’s ability to correctly identify
positive samples, that is, how many positive samples the model recognizes among the
actual positive samples. Accuracy is the most commonly used metric to assess model
performance, calculated as the number of correctly identified samples divided by the total
number of samples. The results for each metric are presented in Table 11.

Table 11. The precision and accuracy values of the classifier.

Precision Recall Accuracy

Pslight 0.90 Rslight 0.90
0.94Pmedium 0.92 Rmedium 0.93

Psevere 0.99 Rsevere 0.98

Based on the presented data, it is evident that the constructed classifier exhibits
precision and recall of over 90% across all three levels of threshing cylinder blockage faults.
Notably, the precision rate for the severe blocked level reaches 99%, effectively mitigating
the detrimental impact of severe blockage on the performance of the combine harvester.
The accuracy of the classifiers is reported to be 94%. These results indicate that the proposed
classifier, which was based on the association rule mining approach, is an effective tool
for discriminating between different types of threshing cylinder blockage faults and can
facilitate the diagnosis of such faults with a high degree of accuracy.

4. Discussion

In this study, the TARM technique was employed to extract strong association rules
from the threshing cylinder at various stages. These rules were analyzed to effectively
demonstrate the variations in the status of key components during the process from
normal operation to complete blockage of the threshing cylinder. Moreover, a classifier
was developed based on the extracted strong association rules to differentiate between
different levels of blockage in the threshing cylinder. When verifying the performance of a
classifier using a test dataset, it was discovered that 2 out of the 84 samples in the test set
with severe blockage levels were misidentified as having medium blockage levels. Upon
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closer examination of the raw data for these two samples, it was determined that they
contained more consecutive missing data, and the data trend became relatively flat after
pre-processing, which resulted in the loss of important spike feature information. As a
result, these samples failed to match the rules established in the severe blockage classifier.
This also reflects that the stability of the acquisition system during the combine harvester
operation in the field can have a significant impact on the final data quality.

Due to limitations in the experimental conditions, the proposed method was validated
only on one combine harvester with a designated feed rate of 6 kg/s. In future work, on
the one hand, this method needs to be applied to larger combine harvesters with higher
designated feed rates to test its reliability and accuracy. On the other hand, it is necessary to
apply this method to cloud platforms or remote monitoring systems to provide possibilities
for enhancing the ability of intelligent farms in remote fault diagnosis. Furthermore,
the unevenness of the ground can lead to variations in stubble height, which in turn may
contribute to fluctuations in the feed rate and potentially affect the blockage of the threshing
cylinder. To explore this aspect, we plan to conduct more comprehensive experiments in
the future, aiming to investigate the relationship in greater detail.

5. Conclusions

In this paper, a TRAM-based fault diagnosis method for threshing cylinder blockage
of a combine harvester was proposed, which combines the advantages of autonomous
learning and interpretability. cSpade was used to mine the association rules and filtered
by setting the minimum thresholds of the three indicators of support, confidence, and
lift to obtain strong association rules. Based on the obtained strong association rules, the
relationship between each characteristic parameter and blockage fault was analyzed. The
main conclusions can be listed as follows.

(1) A total of 10 parameters (such as stalk auger torque, conveyor torque, threshing
cylinder torque, stalk auger speed, conveyor speed, threshing cylinder speed, reel speed,
blower speed, grain auger speed, and tailing auger speed) were selected as characteristic
parameters for threshing cylinder blockage faults. Then, the study obtained datasets of three
levels (slight, medium, and severe) of threshing cylinder blockage. To effectively induce
the blockage, we adjusted the travel speed of the harvester and manually increased crop
density in the experiments. In order to efficiently mine association rules from data, the SAX
method was used to transform the original time series data into a character string sequence,
which was then constructed into transaction sets using a sliding window approach. After
processing, the transaction set obtained contained a total of 1045 transactions. The results
demonstrated that the application of the SAX method and sliding window approach
effectively achieved dimensionality reduction, thereby improving the efficiency of mining
association rules.

(2) The study employed cSpade to mine association rules in the transaction set. Initially,
the method mined 3848 rules (under three blockage levels, 1091, 1068, and 1689 rules were
obtained, respectively), and then it used the re-defined evaluation indicators re-support, re-
confidence, and re-lift to filter the initially mined rules, which finally obtained 56 strong
association rules. The results showed that the improved indicators minimized the impact
of useless association rules. Additionally, by analyzing the positional information of the
identified strong association rules, the study observed the varying levels of importance and
sensitivity of the selected torque and speed feature parameters at different levels of blockage.
This interpretation effectively reflected the changes in the working status of the crucial rotating
components on the combine harvester when the threshing cylinder was obstructed.

(3) A threshing cylinder blockage classifier was developed based on the strong as-
sociation rules mined. The model achieved an overall accuracy of 0.94 in testing. For
slight, medium, and severe levels of blockage faults, the precisions were 0.90, 0.92, and 0.99,
respectively, with a corresponding recall of 0.90, 0.93, and 0.98, respectively. Overall, the
results obtained were robust and highly interpretable, demonstrating the effectiveness of
the proposed method.
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