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Abstract: Variations in dominant plant communities within reservoir water-level-fluctuation zones are important indicators of
river ecosystem evolution and provide essential support for wetland ecological management. However, efficient approaches for
rapid and accurate acquisition of dominant vegetation information are still lacking. This study focused on the dominant herbaceous
communities in the water-level-fluctuation zone of Ertan Reservoir and systematically evaluated the applicability of three widely
used deep learning models—U-Net, PSPNet, and DeepLabV3+—coupled with different convolutional neural network backbones
for automatic identification of typical herbaceous community types. A comparative analysis was also conducted with a stacking
ensemble machine learning method based on feature engineering. The results show that (1) the U-Net—ResNet50 model achieves
the best overall performance, with an overall accuracy of 0.918 and the highest F1 score. This model performs particularly well
in identifying typical dominant herbaceous communities, including the Cynodon dactylon community (F1 = 0.941) and the
Abutilon theophrasti community. Its encoder—decoder structure effectively integrates multi-level semantic information and spatial
details, thereby improving identification stability in complex vegetation environments. (2) Some combinations of PSPNet and
DeepLabV3+ exhibit obvious fluctuations in validation loss. Specifically, the PSPNet—ResNet50 model shows notable loss
fluctuations in the early training phase, which may be due to the high sensitivity of its multi-scale module to network depth.
Nevertheless, both models have higher training efficiency and shorter inference time, making them suitable for large-scale
vegetation monitoring. (3) Deep learning models achieve competitive performance in identifying dominant herbaceous
communities compared with conventional methods. The stacking ensemble model yields an overall accuracy of 0.931, which is
comparable to that of the U-Net-ResNet50 model. For the sparsely sampled category of other herbaceous communities,
conventional methods generally obtain higher F1 scores than deep learning models, with the minimum F1 score of conventional
methods (0.672) exceeding the maximum F1 score of deep learning models (0.539). Nonetheless, deep learning methods can
automatically extract features, which greatly reduces reliance on manual feature engineering and shows strong potential for
cross-regional model transfer. In summary, deep learning models have good application prospects for classifying herbaceous
communities in reservoir water-level-fluctuation zones. Future research could expand sample datasets, integrate multi-source
remote sensing data, and adopt transfer learning methods to construct an intelligent recognition framework that achieves
synergistic optimization of data, models, and applications. The findings of this study can support refined monitoring and
management of wetland ecosystems.
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Fig.1 Location of the study area and its UAV orthophoto
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Tab.1 Statistics of model training samples and independent test samples
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Tab. 2 Comparison experiment of different models with the same backbone network
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Tab. 3 Performance comparison experiment of different backbone networks
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Fig.2 Loss function curves with ResNet backbone
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Fig. 3 Comparison of classification accuracy and computational efficiency of different models with ResNet backbones

22 ETREEEMEREFHERBERN I LBEZEITN

K 445 H 7 PSPNet 55 DeepLabV3+7E DenseNet169/201 & VGG16/19 B 42~ I k-5 WAE B 2 4k
BRI SR 5B batch HINFREL TR, J0AFHU R BRI SR R 2 F . PSPNet 7 VGG &
WP ATERY, BAENERYS VGG. DenseNet 44 H ILA A 5 A L35, R4
WSS EEE T ML E AR, M2 T, DeepLabV3+IIRIEIRKTE T4, ZI7E 300/ batch 5
BT Roe, BEzafae s,

+
PSPNet DeeplabV3+ 25 PSPNet 15 DeeplabV3:
5 \ \ \
257 | 30| | 301 |
\
25{ | 20 2.5 \
g \ - |
= 20 \ Z slis %20
b=} " @ 2 g
Z bs P z 5 i
g 2 =151 | Q
H \ o 10 o \
2 1o 10 -
s 05 05
05 — N —— — o E—
50 s, S - b - . . . . - 250 500 750 1000 1250 1500 1750 0 250 500 750 1000 1250 1500 1750
0 250 500 750 1000 1250 1500 1750 0 250 500 750 1000 1250 1300 1750 0 25 Borshes processed Bm’heswmm; B
Batches processed Baiches processed
25 30
28 | 30 \\ \
= ) 2.5
=] 254 | 20
20 =
< \‘ g - 20 "
v 20 2 @
é 213 4 \ ger kS L5 "
g = 2us{ | e 31|
a \ ) 10
1o o) |
5 0s
05 0.3 L\ o S
o ] — =
S 5 5 1750 5 5 750 1000 1250 1500 1750
G 250 500 730 1600 1350 1500 1750 0 250 500 750 1000 1350 1500 1750 0 20300 750 1000 1220 1500 O s procesead >
Batches processed Batches processed s proces
—Train —— Validation

4 PIFIANIR] B IR 25 )1 5 2k i 22 1%

Fig. 4 Training loss curves of two different backbone networks
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Tab. 4 Classification accuracy and computational efficiency of different deep learning model combinations
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U+R50 0.941 0.909 0.926 0.539 0.918 2h12min 13min

U+R101 0.944 0.852 0.883 0.489 0.894 3h5min 2min33s
P+R50 0.941 0.446 0.726 0.002 0.82 20min8s 6minl2s
P+R101 0.92 0.768 0.929 0.476 0.898 22min50s 1min19s
D+R50 0.842 0.932 0.927 0.518 0.824 13min24s 3min

D+R101 0.841 0.69 0.804 0.572 0.778 33minl5s 5min23s
P+D169 0.891 0.558 0.635 0.004 0.764 27min 2min33s
P+D201 0.925 0.757 0.838 0.251 0.851 32minl5s 1min18s
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Fig. 6 Extraction results of different classification models
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scores of deep learning models (b) F1 scores of traditional machine learning
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