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M. PRk, d I N AR B 7 2R B B ARl
AR AR AR A AN ILSE ). EXFEOLT,
F873 I F R B R G b v (R 0 AN/ B O AR i i ok
BEAT HE TR FE 5 S OTVE R Bh 328, o — AN 7R
BFF FFE 0 i R (10) 2 ] R

BT R e, ARSCHEH T MR T B R R
ST B RRARAR ot 3 SEAE BE KA R F /D 8 bR AEFE AR TN K
BEARPMOFEAS, PASEIR AR H ks B2 1) R i 432
BEOTAR G S A (0 1Lt SR PR IR B, AR SC DL n i RO A 2
AR A s 5 B 56 X e A 2H e HE R R, SRR AT
THEEERIMNTT. =W AT 4 MR X R e ABL
Al WG EA%, M LL ResNetl4* 4 3 T )4 =1L UNet #f
Fhoy i, ¥R5% Self-training F1 Mean teacher P F /N[
()2 B 2 2] TR AE B ML AR AR B AR T, A
T S IR X A TR ol ] ], AR SR8 11 4% Folt 43
A5 B RIS R BRI R R S5

1 ARXSHIER

1.1 HREXER
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8.96 hm?, WFIRAE 130~240 m, AR . D EM A
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DRI NE, FRAATED B MIAE AN . AT S A ] 4
FEX C N P REX, WA 9.57 hm?, #ER1E
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Fig.1 Locations of different experimental areas
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Fig.2 Different categories of interpreted signs on visible images
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Fig.3 Technical route of tree species classification
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Fig.5 Method frame structure of Self-training
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Table 2 Efficiency performance and tree species classification accuracy of different backbone networks on the test set

HTFMg SRR E M AE% SEKN TR A] i Fh 9> ZHE BE Tree species classification accuracy/%
Backbone  Overall Pchision ID{ecall Kappa Parameter Forecast KA 2SR UN VZN S pya | At i -
networks accuracy/% size/MB  time/s  Gugertree Masson pine Chinese fir Bamboo Fujian cypress Other broad-leaved trees
ResNet14* 91.15 0.732 0.784  0.827 19.14 35.35 90.00 85.29 83.54 86.71 86.55 20.29
ResNet18 91.19 0.750 0.770  0.829 67.92 36.87 88.04 88.87 78.93 88.01 90.75 34.41
ResNet34 91.45 0.763 0.711 0.841 106.48 38.29 88.84 84.29 81.22 73.23 91.47 36.86
ResNet50 91.36 0.755 0.717 0.834 180.48 39.74 88.39 87.87 79.36 75.83 91.29 37.16
VGGI16 89.92 0.699 0.700  0.805 88.60 35.82 83.50 90.93 76.11 70.88 71.84 20.68

FOER, EXTAB A EE S, T ResNet
) R B il 3 AR Y e % 15 21 B 2R T VGG16 1 11
R o3 A T4 1 o SRR . E R RS o Rk
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Table 3 Efficiency performance and tree species classification accuracy of different models in the original test set

SRR

W F 232885 B Tree species classification accuracy/%

st FE AR — S — —
Model Overall r': cisin Ee Cj Kappa At L)/ A MBS Fiyeti LAl R oA
accuracy/% Gugertree  Masson pine  Chinese fir Bamboo  Fujian cypress  Other broad-leaved trees
UNet-ResNet14* 91.15 0.732 0.784 0.827 90.00 85.29 83.54 86.71 86.55 20.29
Self-training
+UNet-ResNet14* 91.08 0.732 0.748  0.828 92.86 91.64 93.33 84.55 87.09 12.08
Mean teacher 89.92 0679 0698 0785  89.74 90.06 94.68 69.60 73.90 4.70

+UNet-ResNet14*
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B RAE RS BRI 2K 3 AT 2 120
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Table 4 Efficiency performance and tree species classification accuracy of different models in validation zone D

SR

B 53 245 B Tree species classification accuracy/%

TR i AR — - — -
e Overall IR U o AW BeR BA  ME e FCA TR
accuracy/% Gugertree Masson pine  Chinese fir Bamboo  Fujian cypress  Other broad-leaved trees
UNet-ResNet14* 85.42 0.619 0.554  0.766 80.68 93.40 82.30 24.22 24.61 95.47
Self-training
+UNet-ResNet14* 88.50 0.633 0.600  0.811 80.78 92.43 87.82 23.08 31.39 95.41
Mean teacher 73.56 0609 0499 0615  72.80 92.12 63.51 30.69 29.16 94.67

+UNet-ResNet14*
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Classification of tree species based on UNet-ResNet14* semi-supervised
learning using UAYV images

CHEN Longwei!, ZHOU Xiaocheng*, LI Chuanxin!, LIN Huazhang?, WANG Yongrong?®, CUI Yonghong*

(1. Local Joint Engineering Research Center of Satellite Geospatial Information Technology & Key Laboratory of Spatial Data Mining and
Information Sharing of Ministry of Education, National, Fuzhou University, Fuzhou 350108, China; 2. Fujian Datian Taoyuan State-owned
Forest Farm , Sanming 366199, China; 3. Fujian Zhangping Wuyi State-owned Forest Farm , Longyan 364400, China; 4. Fujian Forest
Inventory and Planning Institute, Fuzhou 350003, China)

Abstract: Unmanned aerial vehicle (UAV) remote sensing has the promising potential for the precise and efficient
classification and mapping of forest tree species. Deep learning also requires a large number of datasets for training, typically
on manual annotation. In this study, the framework of forest tree species classification was proposed to fully utilize a large
amount of unlabeled data and a small amount of annotated data using semi-supervised learning. A rapid and accurate
classification was also achieved in the high-precision distribution of dominant tree species in forests. The experimental areas
were taken as the complex mountainous forest environment in Fujian Province. The composition of tree species was then
obtained in a rapid, effective, and cost-saving manner. Taking four experimental areas in Fuzhou, Longyan, and Sanming in
Fujian Province as examples, the simplified classification was constructed in the UNet tree species (ResNetl4 *) model with
ResNet18 as the backbone. ResNetl4 * was different from ResNetl8: ResNetl4 * was used to remove the layer4 part of
ResNetl8, i.e., the last downsampled cascaded block, which retained slightly higher spatial information; At the end of the
layer2 and layer3 sections of ResNetl4 *, a max pooling layer was added to reduce the training parameters of the neural
network while retaining the original features. A joint loss function of cross entropy and Dice coefficient was used to optimize
the model parameters. The generalization of Self-training and Mean teacher was evaluated on the classification models with
semi-supervised learning using UVA images. The results show that the overall accuracy of the ResNetl4 * network reached
91.15%, with a Kappa coefficient of 0.827, which was within 1% of the accuracy of the rest ResNet models. At the same time,
a smaller number of parameters and the shortest prediction time were achieved to balance the accuracy and efficiency of tree
species classification. The best prediction performance of ResNet14 * was achieved with the joint loss function weight of 0.5,
indicating an overall accuracy of 91.15%. Therefore, the joint loss function weight of 0.5 was an optimal value for semi-
supervised learning in this case. Self-training and Mean teacher semi-supervised learning were implemented with UNet
(ResNet14 *) as the main network. The experiment showed that the overall accuracy of the Self-training on the test set reached
91.08%, slightly lower than the original. The higher category accuracy was also achieved in the categories of Schima superba,
Pinus massoniana, and Chinese fir with sufficient samples. Furthermore, the overall accuracy of the self-training with pseudo
labels was improved among two semi-supervised models in experimental area D, reaching 88.50% compared with the original;
There was a significant decrease in the overall accuracy of the Mean teacher model with consistency loss. The total accuracy of
the Mean teacher model was 88.56%, where the accuracy was 73.56% in the independent validation area. Accuracy evaluation
was also conducted on an independent validation area. The classification accuracy of above 80% was found in the three types
of tree species, namely Schima superba, Pinus Massoniana, and Chinese fir. A relatively large area was accounted for to meet
the accuracy requirements of tree species mapping in the experimental area. Therefore, the semi-supervised learning of the Self-
training model can be expected to rapidly obtain the composition of tree species in the experimental area.
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