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W E: BESYNHEMNIRAIZEEMUIHNXE. ERANMEABAEFEFEIERR. KASETR, METFNE
ZIHPIRIIRB TR B E KR T X EMFEREALHRAIR. MRRXLEE, 2E —MHEFLHE YOLOVIO X ANEE
MFIRGIEE, BERSAMBZRITMFEFEAONGIEERE, TWLKRENSHBE, IFTNERAFZUHEBRBEAZS.
BEEVRICHEX 5 Fh s AR R E AR (Larix gmelinii) . #E5E (Phellodendron amurense) . #8#k#k (Juglans mandshurica) .
W (Ulmus pumila) FOKERED (Fraxinus mandshurica) 2T AN EEHIESE, BEXRBEENXER (Ghost) EE
FREUFBITEERE. i, EREMSRESIANSHIERIER (Convolutional Block Attention Module, CBAM) ,
B BB T AW 4 E SR EIG RN B RENEE D, BEINEBREZERE (BFPN) Rt RERIMEG, REX
MRATFFEL RS BB EL (Symmetric Intersection over Union Loss, SloU) 2 RIERITEE . FET Jetson Nano BRARXFEE
HITEB BN, S /EHI YOLOVIO B FESGIEEE HIXEI 91.5% HIE R (Precision) #177.5%HImAP@0.5, £ 3IKRE
EAERIR T 45%F03.8%. ERELNEHMEIEIERE 435 FPS, BELBERZF 355%, mAP@0.51X 75.7%. HEREH,
YOLOVIO M E ZBE BEWREMA NS REFMERN, AREIHNENRNREASZAMNXHSMMIRIBEE. %&
FEATANMKLBABREATRAXTENBEALSR, HERATHEEEEES. XBEESTNIMRELIRE,
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Tree Species Identification Based on
Improved YOLOvV10 and UAV RGB Imagery

HAN Yu, LIU Haoran, LIN Wenshu’
(College of Mechanical and Electrical Engineering, Northeast Forestry University, Harbin 150040, China)

Abstract: Efficient and accurate tree species identification is critical for the realization of smart forestry. Traditional
field survey methods are low efficiency and high cost, while machine learning-based tree species identification ap-
proaches often rely on extensive feature extraction and prior knowledge. To address these issues, a tree species identifi-
cation algorithm based on improved YOLOv10 for UAV imagery is proposed in this paper. The improved architecture in-
tegrates lightweight network design and attention mechanisms to enable efficient edge device deployment, providing tech-
nical support for digital forest resource management. A UAV imagery dataset was developed for five common tree species
(Larix gmelinit, Phellodendron amurense, Juglans mandshurica, Ulmus pumila, and Fraxinus mandshurica) in North-
east China. The backbone network was reconstructed using lightweight convolution (Ghost) for computational complexity
reduction. The convolutional block attention module (CBAM) was introduced in the fusion layer to strengthen fine-
grained feature extraction through channel and spatial dual dimensional feature calibration. Multi-scale feature fusion
was optimized through bidirectional cross-scale connections (BiFPN), while bounding box regression efficiency was im-

proved using a structured intersection over union (SIoU) loss function. Final deployment validation was conducted on
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the Jetson Nano embedded platform. The improved YOLOv10 model achieved 91. 5% precision and 77. 5% mAP@O. 5
on the validation set, showing improvements of 4. 5% and 3. 8% compared to the baseline model, respectively. In practi-
cal deployment, the model achieved an inference speed of 43. 5 FPS, 35. 5% faster than the baseline model, with mAP@

0.5 of 75. 7%. Results showed that, the improved YOLOv10 algorithm successfully balances identification accuracy and

real-time performance in complex forest environments through lightweight architecture and multi-scale feature optimiza-

tion. The solution demonstrates particular effectiveness in scenarios with dense canopy overlap and variable illumina-

tion, offering an embeddable solution for UAV forestry surveys.

Keywords: Tree species identification; deep learning; UAV; YOLO; object detection
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Fig. 1 Study area
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Fig. 2 Improved YOLOv10 network architecture
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Tab. 2 Performance comparison of different models
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Tab. 3 Results of ablation experiment
S s B (P)/% HEE(R)/% AOSE%  BHEM BAEREEC IR
Combination of modules Precision Recall Mean average Parameters FLOPs
groups precision (mAP@0.5) speed
1 Baseline (&% YOLOv10) 87.0 72.7 73.7 2.70 8.2 225.0
2 Baseline+BiFPN 86.4 73.1 74.1 2.55 8.4 195.3
3 Baseline+CBAM 85.0 72.0 752 2.76 82 198.7
4 Baseline+GhostConv 89.9 71.3 772 2.47 7.9 228.4
5 Baseline+SIoU 87.0 72.5 74.1 2.7 82 226.5
6 Baseline+GhostConv+CBAM 87.5 73.5 75.8 2.75 8.1 210.2
7 Baseline+GhostConv+BiFPN 90.1 73.8 76.3 2.51 8.2 228.6
8 Baseline+CBAM +BiFPN 88.2 74.2 75.8 2.59 8.5 205.4
9 Baseline+GhostConv+CBAM+BiFPN 91.2 74.5 76.9 2.58 8.1 235.1
10 EERAE (Ours) 915 75.0 77.5 2.58 8.1 253.8
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Tab. 4 Results of deployment experimental

LA
Experimental groups

AR RS

Optimization strategy

TR 2 /FPS
Inference speed

1 FP32 8.7
2 FP16 22.4
8 INT8 41.2
4 Ours 43.5

M7 5 F/MB SEIINEE/W
Memory occupancy Average power consumption
1245 6.8
683 52
327 4.6

259 4.1
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Tab. 5 Indicator changes before and after deployment

KB EEIE/ %
Mean average
precision(mAP@0.5)

fER BHER(P)/% BEE2ZE(R)/%
Index Precision Recall

ERER

Pre-deployment S 75.0 77.5

HBEE

Post-deployment 908 74.2 75.7
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