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Fig. 1 The study area
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Table 1 Main crop calendar in Liaoning Province
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(a) The grid images of early growing stage
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Fig. 2 GF-1 median fusion images of two phases in our study area
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Fig. 3 Distribution map of field sampling points and visual
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Fig.4 Image distributions in various terrain landscape
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Fig. 5 Deep Convolutional Neural Network (DCNN ) framework
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(a) JEUH SVM ARZE
(a) Initial label of SVM

(b) EXREK 1 A5 EPR%s

(b) New label of onefold corn dilation
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Fig. 6 The schematic diagram of corn dilation-rice erosion experiment
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Fig. 7 Classification results of SVM in Liaoning Province
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S1 (plan area) and S2 (mountainous area) , depicting examples

of mapping results
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Fig. 8 The classification results

x2 EMNEBER

Table 2 Classification accuracy table for crop
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Fig. 9 The spatial distribution of OA in plain and mountainous area
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Fig. 10 Comparison of OA and LSI of 14 1 kmX1 km typical samples in different agricultural landscapes
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(a) The results of module

(b) SVM &t
(b) The results of SVM

BT RS SVM AR 73 245 RN L
Fig. 11 Comparison of crop mapping results of module and SVM
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Fig. 13 Accuracy results of classification of error experiments
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Fig. 14 Statistical results of space consistency and error area ratio of crop corresponding to the expansion ratio
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Abstract: Driven by big data, deep learning has been widely and successfully applied in many fields, such as computer vision and speech

recognition. With the increase in network depth, deep learning models can determine the rules and layers of images and obtain high

classification accuracy, so they have become a research hotspot in remote sensing image interpretation. As data-driven algorithms, deep

learning models need a large number of labeled samples for training to ensure that the trained model can learn accurate and comprehensive

sample features, and they exhibit good classification performance. However, although the development and maturity of remote sensing

technology provide abundant remote sensing image sources for deep learning models, the application of deep learning technology in remote

sensing is limited by expensive manually labeled samples,. In practical crop classification applications, the quantity and quality of existing
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ground truth samples are often insufficient to train a classification model with high performance.

This study proposes a crop classification strategy for the deep learning model based on weak samples to verify the applicability of the
deep learning model with weak samples.

GF-1 was used as the data source, and the SVM classifier was used to classify three types of rice, corn, and other ground objects in
Liaoning Province at the county level. The results were used as the training label samples of the deep learning model. This process included
sub-county SVM classification, manual post-classification processing, cropland masking, and other operations. This human-computer
interaction was chosen to ensure the accuracy of the results. In this study, samples with non-100% accuracy were labeled as weak samples.
Then, a Deep Convolutional Neural Network (DCNN) model was used to train the weak samples and obtain the spatial distribution of rice
and corn in Liaoning Province.

Results showed that OA reached 0.90, and the F1 scores of rice and corn were 0.81 and 0.90, respectively. The spatial consistency with
the SVM results was 0.90. The model showed good robustness under the different topography and landform types of the agricultural
landscape with a median OA that was greater than 0.93. It overcame the influence of topography in the study area to a certain extent through
subregion analysis. In the agricultural landscape with a complex planting structure, the proposed method still maintained a certain accuracy
in crop classification. Subsequently, noise experiments were designed to analyze the influence of SVM label noise on model classification.
The corn distribution in the original SVM training label was expanded from 1 to 40 times to obtain new labels, which were then used to train
the DCNN model and predict the testing data. When the model was within five times the sample noise, that is, the sample maximum error
area ratio was not more than 0.36, the model was robust to a certain extent, and the results could be maintained within a reliable accuracy
range (OA remained to be greater than 0.86).

In conclusion, this study verified that crop classification results obtained with the deep learning model whose training labels are based
on traditional classification methods can achieve high recognition accuracy good robustness under different topography and landform types
of agricultural landscapes and the feasibility of using traditional classification results as weak samples. The experiment on increasing noise
in the weak samples showed that weak samples can be used to train DCNN as long as their identification accuracy is guaranteed, that is, the
maximum error area ratio of samples is not more than 0.36. This approach further reduces the threshold of obtaining labeled samples via
deep learning models. It makes up for the limitation of the deep learning model, which is highly dependent on a large number of manually
labeled samples, and provides a new approach for large-area remote sensing crop classification.

Key words: weak samples, Deep Convolutional Neural Networks (DCNN), deep learning, GF-1, crop remote sensing classification
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