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Dense and Small Tree Detection Framework Based on FIDT Map

FENG Ge' HUO Guangyu’ XU Xingiao' YAN Ruihua' ZHOU Qingyu' LE Linxuan' CAO Donglin'
(1. Information Center, National Forestry and Grassland Administration, Beijing 100714, China
2. School of Information Science and Technology (School of Ariificial Intelligence) ,
Beijing Foresiry University, Beijing 100083, China)

Abstract: In high-density areas, the severe overlap and occlusion of tree canopies pose significant
challenges for traditional methods in accurately identifying individual trees, thereby compromising the
precision of evaluations related to survival rates and greening coverage. Consequently, there is an urgent
need for a detection approach with high accuracy and strong robustness to enhance the effectiveness and
reliability of urban tree survival monitoring. The detection method proposed was based on the focal
inverse distance transform ( FIDT ), which computed the distance from each target point to its nearest
boundary and performed an inverse transformation. On this basis, a multi-level local maxima detection
strategy was introduced to effectively extract the center point information of tree targets and distinguish
adjacent targets, thereby reducing detection errors in overlapping regions. Additionally, an independent
structural loss was incorporated to enhance the model’ s ability to learn local structural information.
Experiments were conducted on a high-resolution forest remote sensing dataset to detect and localize dense
small tree targets. To validate the effectiveness of the proposed method, comparative analyses were
performed against various existing deep learning approaches, evaluating their performance in terms of
detection accuracy, recall, and localization error. Experimental results showed that the proposed method

achieved strong localization and counting performance on the urban forest dataset. For counting, it
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attained MAE and MSE of 7. 87 and 10. 23, reducing errors by 45. 1% and 48. 3% compared with that of
CSRNET. For localization, Fl-scores in Claremont, Long_beach, Palm _springs, and Riverside were
75.2% , 72.7% , 74.8% , and 71.5% ,

density map-based methods, with overall improvements also observed in precision and recall.

averaging over 19 percentage points higher than that of existing
The
research result can provide an efficient and reliable technical approach for forestry resource management,
ecological monitoring, and environmental protection. In the future, integrating multi-source remote
sensing data and time series analysis could further improve the accuracy and efficiency of dynamic forest
resource monitoring.

Key words: focal inverse distance transform; high-density tree; small target detection; deep learning
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Tab.1 Results of proposed model with other
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g MAE MSE
ALEXNET 16. 24 22.20
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BCNET 25. 87 31.35
ViT 25. 87 31.35
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CSRNET 14.34 19. 80
MCNN 15.79 20. 54
DSNET 18. 68 23.03
VN8 7.87 10.23
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Tab.2 Counting performance evaluation indexes in different scenarios
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