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Abstract For the effective use of the valid information contained in the flame image of the tail section of the sintering
machine, the random forest algorithm is used to predict the sintering state in a short time. The algorithm is feasible in
engineering. To improve the influence of low-importance properties in random forests on classification results, we propose
a random forest improvement algorithm using probability decision, making to realize the short-term prediction of the flame
state of the sintering machine tail section. First, 300 sintered section flame images were uniformly preprocessed, and
geometric features of 10 images were given as input. Second, K-mean and fuzzy C-mean clusterings were performed on
the geometric features of the 10 extracted images. Finally, the probability of each category appearing at the leaf node was
given according to the accuracy of the clustering results. The experiment proves that the proposed optimized random forest
algorithm improves the accuracy for sintering state classification.
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Table 1 Number of categories

Normal

Category Underburning  Overheating ~ Sum

burning

Quantity 140 80 80 300
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Fig. 1 Flow chart of random forest algorithm
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Table 2 Accuracy of K-means

Geometric feature Area Major Minor Eccentricity Orientation
Accuracy 0.49 0.42 0.64 0.47 0.59
Geometric feature Equiv diameter Solidity Extent Perimeter Thinness ratio
Accuracy 0.51 0.35 0.51 0.47 0.37
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Table 3 Accuracy of FCM
Geometric feature Area Major Minor Eccentricity Orientation
Accuracy 0.51 0.43 0.64 0.5 0.64
Geometric feature Equiv diameter Solidity Extent Perimeter Thinness ratio
Accuracy 0.51 0.48 0.39 0.47 0.46
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Table 4 K-means geometric feature probability

Geometric feature Area Major Minor Eccentricity Orientation
Probability 0.1 0.09 0.13 0.1 0.12

Geometric feature Equiv diameter Solidity Extent Perimeter Thinness ratio
Probability 0.11 0.07 0.11 0.09 0.08
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Table 5 FCM geometric feature probability

Geometric feature Area Major Minor Eccentricity Orientation
Probability 0.1 0.08 0.13 0.1 0.13
Geometric feature Equiv diameter Solidity Extent Perimeter Thinness ratio
Probability 0.1 0.1 0.08 0.09 0.09
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Fig. 2 Pretreatment process
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Fig. 3 Geometric features
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Table 6 Accuracy of improved random forest algorithm for

unit: %

three categories of images

Method Normal burning  Underburning Overheating
Conventional
85.71 91.67 91.67
method
SVM(RBF
) 95.24 91.67 91.67
kernel function)
Improvement
97.62 95.83 100
(K-means)
Improvement
97.56 100 95.83
(FCM)
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Table 7 Recall of improved random forest algorithm for three

unit: %

categories of images
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Table 8 Comparison of overall result

Accuracy / Precision /  Recall / F1 value /

Method
% % % %
Conventional
88. 89 89. 68 88.07 88. 87
method
SVM(RBF
. 93.3333 92. 86 92.41 92.63
kernel function)
Improvement
97.78 97.82 97.82 97.82
(K-means)
Improvement
96. 67 97. 80 96. 62 97.21
(FCM)
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