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Abstract: Identifying rodent hole patches is ecologically crucial, yet it presents technical challenges. The combination of
Unmanned Aerial Vehicle (UAV) imagery and object-oriented image analysis (OBIA) offers a promising approach to detect
these patches, and explore the spatial relationships between gerbils and grass cover. However, the extensive feature space
data obtained in OBIA often contains redundant information, which can reduce the efficiency and accuracy of rodent hole
patch identification. This study proposes a framework integrating feature selection with OBIA to enhance rodent hole patch

detection. The performance of three machine learning algorithms, support vector machine, random forest, and K-nearest
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neighbor, was evaluated. Our results demonstrate that the combination of feature selection and random forest algorithm
achieved an overall accuracy of 91.74%, outperforming the support vector machine and K-nearest neighbor algorithms by
9.53% and 20.62%, respectively. These results highlight the effectiveness of feature selection in improving random forest’s
performance while reducing the feature dimensionality. Furthermore, the use of support vector machine algorithm along with
the optimal feature set exhibited the shortest processing time with an average runtime of 11.48 s per image. Additionally, our

study revealed a quadratic relationship between the area of rodent hole patches and grass cover. These findings provide

valuable insights for the development of data-driven rodent censuses in desert grassland.
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Figure 1 Data processing based on OBIA-CFS

ESP2 R RS Hfli tH 4G, SVM. RF. KNN 73K m &AL B ML AR bR K-5e i 48 559%, CFS + SVM. CFS + RF. CFS +
KNN 43 HI4Q R FFAE % 525 10 SCREm AL BEVLARAROR K- 48 vk . FAl.

ESP2, estimation of scale parameter 2; SVM, RF, and KNN stand for support vector machine, random forest, and K-nearest neighbor algorithms,

respectively; CFS + SVM, CFS + RF, and CFS + KNN refers to support vector machine, random forest, and K-nearest neighbor algorithms after correlation-

based feature selection, respectively. This is applicable for the following figures and tables as well.
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Figure 2 ESP-estimation of scale parameters
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Figure 3 Optimal segmentation results
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Figure 4 Flow chart of feature selection based
on the CFS algorithm
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F refers to the full feature set and S refers to the optimal feature subset.
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Figure 5 Extraction results for rodent hole patches using different schemes
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Table 1 Verification point-based accuracy evaluation

% Algorithm
Griw{:l?d%f‘tﬁgect SVM RF KNN CFS + SVM CFS +RF CFS + KNN

PA/% UA% PA/% UA/% PA/% UA/%  PA/% UA/%  PA/% UA/%  PA/%  UA/%
il Grass 83.15 89.23 88.62  92.42 71.12  84.41 82.13 84.93 88.14  91.31 74.44  78.82
fJH Rodent holes  79.74  80.62 8233 87.93 74.54  69.68 7733  78.82 81.26  88.13 53.74  67.13
4 Bare ground 82.17 84.31 88.12 91.14 80.86  82.13 81.26  85.62 83.83  88.71 66.21 75.33
OA/% 83.31 91.23 80.00 82.21 91.74 71.12
Kappa 0.80 0.89 0.73 0.78 0.89 0.67
PAFORA P HHEEE, UATRH P RE, OATREMREE.

PA refers to producer accuracy, UA refers to overall accuracy, OA refers to overall accuracy.
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Figure 6 Relationship between the area of rodent hole patches and vegetation cover
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