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Relevance Feedback Method Based on SVM in Shoeprint Images Retrieval
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Abstract In criminal investigation, the information retrieval of shoeprint images is of great significance for the detection of paral-
lel cases. Accurately retrieving images of the same type as on-site shoe prints in a large-scale shoeprint image library is one of the
problems that need to be solved now. On the basis of content-based image retrieval,a method combining support vector machine
(SVM) and manual feedback is proposed. The K-means clustering algorithm is used to cluster the feature vectors extracted by
SIFT (Scale Invariant Feature Transformation) , construct the shoeprint image feature package,and sort the similarity to obtain
the preliminary retrieval results. The corresponding classifier {inally calculates the distance between the image and the hyperplane
according to the classification result to measure the similarity of the images and returns the secondary search results. Experimen-

tal results show that the recall rate of the secondary search is 6% higher than that of the preliminary search among different re-

turned results.
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Fig. 1 Preliminary retrieval flow chart of shoeprint image
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Fig. 2 Feature point direction of shoeprint image
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Fig. 3 SIFT feature extraction of different shoeprint images
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Fig. 4 Histogram representation
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Fig.5 Secondary retrieval flow chart of shoeprint images
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Fig. 6 Randomly selected images to be retrieved
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Fig. 7 Top 0.1% of random test images
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Table 1  Correct matching accuracy with different £ values
k Top 0.3% Top 0.5% Top 1% Top 2%
500 45.93 55.16 70.25 88. 39
600 44.27 54.38 71.37 89.12
700 43.65 53.74 69.52 87.61
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Fig. 8 Partial samples of SVM classification
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Fig. 9 Second retrieval results
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Table 2 Comparison of the recall results between the secondary

retrieval results and the preliminary retrieval results

Search
care Top 0.3% Top 0.5% Top 1% Top 2%
Results
Secondary
50.78 62.41 79.62 89.12
search results
Preliminary _
44,27 54.38 71.37 89.12

search results

a1 Al A, KR &5 A1 Top 0. 3%, Top 0. 5%,
Top 1409 & 3 b w1 LK Rt 6. 51%,8. 03%,
8.25% . IAN, N THRIE SVM B ik 8 R S 43 5 10 A s ik
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Table 3 Comparison of recall results between KNN and SVM for

secondary retrieval

Search

care Top 0.3% Top 0.5% Top 1% Top 2%
Results

SVM 50.78 62.41 79.62 89.12
KNN 46. 65 58.94 75.49 86.43
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