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A Novel Layer by Layer Progressive Recognition Algorithm for

Wear Particle Sequence Images
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(National Key Laboratory of Helicopter Aeromechanics,
Nanjing University of Aeronautics and Astronautics, Jiangsu Nanjing 210016, China)
Abstract: Due to the significant variations in size and morphology among different types of wear
particles, and the limited depth of field of microscopes, particles of varying thickness may appear

defocused and blurred within a single ferrograph image. To address the challenges of omission and
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misidentification caused by defocused particles in single-image analysis, a progressive layer-by-
layer recognition algorithm for wear particles in ferrograph sequence images was proposed. First,
an instance segmentation model, termed WearlS, was developed for a single ferrograph image.
This model incorporated the Convolutional Block Attention Module (CBAM), a variance-
cascaded head network, and a segmentation branch fusing deep and shallow features to accurately
identify clear wear particles in the images. Second, a progressive layer-by-layer recognition
algorithm was designed to iteratively refine the recognition results across sequence images, which
utilized metrics such as the intersection-over-union (IoU) of overlapping particles between
consecutive frames and confidence scores. This algorithm performed frame-by-frame association
and correction, ultimately ensuring comprehensive identification of all wear particles within the
sequence. Comparative experimental results demonstrated that the proposed algorithm achieved
detection and segmentation AP50 values of 82.67% and 80.92%, respectively, and a mean loU of
75.64% on the ferrograph sequence image test set, with an average processing time of 1.07
seconds per frame. Compared to single-image ferrograph analysis methods, the proposed approach
significantly enhanced wear particle recognition accuracy while effectively reducing the

probability of omission or misidentification of anomalous particles.

Keywords: fault diagnosis; ferrography; instance segmentation model; progressive layer by layer

recognition; ferrograph sequence image
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(a) Image 1 (b) Image 2 (c) Image 3
Fig. 1 An example of 3 frames of ferrograph images captured by moving the microscope platform in the vertical
direction
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Fig. 2 Layer by layer identification diagram of wear particles
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Fig. 3 The overall structure of WearlS
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Fig. 4 The structure diagrams of Residual unit and CBAM
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Fig. 5 Variable cascade header network and improved mask segmentation network structure
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Fig. 6 The test results of WearlS on 3 groups of static images
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Fig. 7 The test results of WearlS on a set of sequence images
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Table 1 Results of different instance segmentation models on the test set

. B
Segmentation box Segm Inference Model
models AP AP50 AP75 AP AP50 AP75 time/s size/Mb
Mask 5443 7447 5381 5410 7462 5376 0.158 242
RCNN : : : : : : :
Two- PANet 5527 74.89 5451 5457 7502 54.13 0.253 559
stage Cascade
RONN | ST99 7772 6334 5740 7740 6245 0.171 346
WearlS 6275 8158 69.16 61.64 80.07 67.25 0.178 365
SOLOV2 - - - 5278 7353 5292 0.096 251
One polarMask - - — 4673 6185 54.16 0.138 264
stage
BlendMask 5420 74.51 61.14 5652 73.87 60.76 0.127 144

Note: AP is the average precision value calculated under different IoU settings (ranging from 0.50 to 0.95 with a step size of 0.05);

AP50 and AP75 are the average precision values when the IoU is set to 0.50 and 0.75, respectively
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Fig. 9 Position relation diagram of wear particles
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Fig. 10 Flow chart of progressive layer by layer recognition algorithm for wear particles
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Fig. 11 Schematic diagram of the process of progressive layer by layer recognition of wear particles
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Fig. 12 Final recognition result
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Fig. 13 The identification results of six groups of wear particles obtained layer by layer
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Table 2 The results of the progressive layer by layer recognition algorithm on the test set

Metric AP AP50 AP75 APs APm APl mloU Time
Bbox 63.49 82.67 70.79 57.71 69.53 60.23 -

1.07 s
Segm 62.33 80.92 69.51 56.95 68.86 59.18 75.64
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Table 3 The results of the progressive layer by layer identification algorithm for a single class of wear particles

Metric Block Chain Cutting Sphere Oxide
Bbox AP50 86.48 77.25 74.71 90.55 84.36
Segm AP50 84.69 74.42 72.88 89.68 82.93

mloU 79.72 66.16 68.58 86.48 77.26
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