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Abstract The failure of the reefer container causes a great loss of cost, but the current reefer
container alarm system is inefficient. Existing studies using simulation data of refrigeration systems
exist, but studies using actual operation data of refrigeration containers are lacking. Therefore, this
study classified the causes of failure using actual refrigerated container operation data. Data
imbalance occurred in the actual data, and the data imbalance problem was solved by comparing the
logistic regression analysis with ENN-SMOTE and class weight with the 2-stage algorithm developed
in this study. The 2-stage algorithm uses XGboost, LGBoost, and DNN to classify faults and
normalities in the first step, and to classify the causes of faults in the second step. The model using
LGBoost in the 2-stage algorithm was the best with 99.16% accuracy. This study proposes a final
model using a two-stage algorithm to solve data imbalance, which is thought to be applicable to
other industries.
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Table 1. Data Feature

no. Variable Full name Unit
1 Time - -
2 container container number -

3 Type container data Type -
4 RH_set relative Humidity %
5 Tsup Supply Air Temperature T
60 Mair Avg Motor air Average %

Status

motor pump on

61 Mpump On Avg %

Average
Battery pack
62 voltage Battery pack voltage vV
63 Moumo service Motor pump sevice Hour

runtime runtime
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Table 2. Variable interpolation method

Variable Type Method

Setting values Using the preceding value

Numerical variables linear interpolation

Categorical variables Create a new category
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Fig. 1. Linear interpolation
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Table 3. Fault Diagnosis number
Fault Diagnosis Number
Refrigerant(1) 161
Power(2) 9,868
Sensor(3) 20,576
Motor(4) 247
Ect(5) 1,067
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Failure Detect Process

‘ Failure Classification Process ‘
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Fig. 2. 2-Stage Fault Diagnosis Process
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Predict values

Positive Negative
Actual Positive TP FN
values Negative FP TN
Fig. 3. Confusion matrix
Table 4. Performance indicators
indicator formula

accuracy (TP+TN)/(TP+TN+FP+FN)

precision TP/(TP+FP)
recall TP/(TP+FN)
Fl-score 2*Precision*Recall

/Precision + Recall
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Table 5. Detect Model performance indicators

indicator Detect XGB LGBM
normal 0.9960 0.9966
Precision
fault 0.9729 0.9689
normal 0.9968 0.9963
Recall
fault 0.9666 0.9715
normal 0.9964 0.9964
F1-Score
fault 0.9697 0.9702
Accuracy - 0.99357 0.99364
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Table 6. Classification Model performance Table 7. Final Result
indicators Class weight > Stace
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indicator Classification XGB LGBM DNN
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0.99 1.00 1.00
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