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Abstract : Under different load conditions, the signals of vibration, temperature, speed, etc., of diesel engines are
significantly different, and the fault signal characteristics of the engine unit are often submerged in signals that change
drastically with the load change. Therefore, the diesel engine’ s fault monitoring and diagnosing under variable load
conditions is difficult and the drastically changed signals always troubles the actual fault diagnosis. This paper presents an
operating mode identification method for diesel engines based on manifold learning and KNN algorithm, which lays a
foundation for fault monitoring and early warning of diesel engines under variable load conditions. The method combines the
multi-source signal features of the unit to construct the feature vector. The feature reduction and sensitive feature extraction
of the feature vector is achieved through the manifold learning t-distributed Stochastic Neighbor Embedding (t-SNE)
algorithm. The K-Nearest Neighbor (KNN) classification algorithm is used to complete the automatic classification of diesel
engine’ s operating load status. The diesel engine signal under normal and fault conditions verifies the effectiveness and
practicality of this method.
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