

  remotesensing-14-05280




remotesensing-14-05280







Remote Sens. 2022, 14(20), 5280; doi:10.3390/rs14205280




Article



Developing a Dual-Stream Deep-Learning Neural Network Model for Improving County-Level Winter Wheat Yield Estimates in China



Hai Huang 1[image: Orcid], Jianxi Huang 1,2,*[image: Orcid], Quanlong Feng 1,2, Junming Liu 1,2, Xuecao Li 1,2[image: Orcid], Xinlei Wang 1 and Quandi Niu 1





1



College of Land Science and Technology, China Agricultural University, Beijing 100083, China






2



Key Laboratory of Remote Sensing for Agri-Hazards, Ministry of Agriculture and Rural Affairs, Beijing 100083, China









*



Correspondence: jxhuang@cau.edu.cn







Academic Editor: David M Johnson



Received: 28 September 2022 / Accepted: 19 October 2022 / Published: 21 October 2022



Abstract

:

Accurate and timely crop yield prediction over large spatial regions is critical to national food security and sustainable agricultural development. However, designing a robust model for crop yield prediction over a large spatial region remains challenging due to inadequate surveyed samples and an under-development of deep-learning frameworks. To tackle this issue, we integrated multi-source (remote sensing, weather, and soil properties) data into a dual-stream deep-learning neural network model for winter wheat in China’s major planting regions. The model consists of two branches for robust feature learning: one for sequential data (remote sensing and weather series data) and the other for statical data (soil properties). The extracted features by both branches were aggregated through an adaptive fusion model to forecast the final wheat yield. We trained and tested the model by using official county-level statistics of historical winter wheat yields. The model achieved an average R2 of 0.79 and a root-mean-square error of 650.21 kg/ha, superior to the compared methods and outperforming traditional machine-learning methods. The dual-stream deep-learning neural network model provided decent in-season yield prediction, with an error of about 13% compared to official statistics about two months before harvest. By effectively extracting and aggregating features from multi-source datasets, the new approach provides a practical approach to predicting winter wheat yields at the county scale over large spatial regions.
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1. Introduction


Accurate and timely crop yield prediction is critical for ensuring food security and planning production, storage, transportation, and other interconnected activities [1]. The increasing challenges to agriculture, including climate change, a growing population, and the degradation of cultivated land require effective methods to support a global management system for sustainable agricultural development [2]. As the world’s most populous and largest developing country, China has been devoted to achieving a high self-sufficiency for cereal crops. With China’s aging farming population, accelerating urbanization, and growing demand for a high-protein diet, food security will continue to be the country’s top priority [3].



Remote sensing offers the benefits of a synoptic view, multi-temporal coverage, easy access, and cost-effectiveness and is, therefore, a promising approach to crop yield prediction [4,5,6]. The strategies for predicting crop yields with remote-sensing data can be divided into two main categories: statistical and process-based models. The former usually assumes that the photosynthetic capacity of crops, which can be inferred by surface reflectance or spectral vegetation indices, is directly related to crop yield [7]. Several studies have been based on statistical regression for the relationship between crop yields and variables such as remote-sensing indexes [8,9,10,11,12], reflectance [13,14], or backscattering [15]. Machine-learning methods such as support vector machines and random forest models have been used to predict crop yield [16,17,18]. These machine-learning methods could potentially offer great performance for non-linear relationships. However, they are mainly based on spectral features such as the normalized difference vegetation index and may fail to extract high-level representative information that could be more closely related to crop yields.



The second category, process-based models, simulates crop yield dynamically using a well-calibrated crop growth model, in which remote-sensing data is usually used to reinitialize or recalibrate the model or update its state variables at a finer spatial resolution than the driving data [19,20,21,22,23,24,25,26,27]. This strategy provides a mechanical and explanatory model for crop yield components. Nevertheless, the calibration of process-based models across large spatial regions remains challenging. It requires numerous field measurements, such as soil and crop characteristics and field management practices (e.g., irrigation, fertilization).



Deep learning is capable of modeling high-level feature representations through a hierarchical learning framework [28], and has achieved surprisingly successful performance in many computer-vision tasks, such as image classification [29], object detection [30,31], and semantic segmentation [32]. The most widely used deep-learning models include convolutional and recurrent neural networks. Among the convolutional neural networks, AlexNet [29] confirms the superior ability of deep-learning neural networks over proxies such as manual indexes to discriminate between and represent critical features. Many deeper and larger network structures have been developed, such as GoogLeNet (also known as Inception-v1) [33], VGG [34], ResNet [35], and DenseNet [36], and have strengthened the deep-learning ability of models. Among the recurrent neural networks, the long short-term memory (LSTM) model [37] and the gated recurrent unit (GRU) model [38] are widely used because they are good at modeling the temporal dependencies of sequential signals and show superior performance compared with other recurrent neural networks in finding long-term relationships.



Deep learning is becoming increasingly popular in remote sensing [39,40,41,42,43,44], and researchers have started employing deep-learning models based on remote-sensing data for crop yield prediction [45,46,47,48,49,50]. Previous studies have adopted deep-learning methods to predict corn yields at a county level in the U.S. [16,51]. They used MODIS remote-sensing and weather data to achieve a correlation coefficient of about 0.8 (R2 = 0.64) between the predicted and official statistical corn yields. However, their models only cascaded several fully connected layers with no modern deep-learning structures such as convolutional neural networks or recurrent neural networks, thereby limiting the model’s performance. You et al. [45] proposed a deep Gaussian process model to estimate soybean yields in the USA using only MODIS data and achieved an average RMSE = 373 kg/ha and MAPE = 15% compared with USDA predictions from 2011 to 2015. You et al. [45] used convolutional and recurrent-neural-network methods. The convolutional neural network performed better, with the average RMSE dropping by 8%, which agrees with our findings. As a representative structure of recurrent neural networks, LSTM has also been utilized by Wang et al. [52] for soybean yield prediction with maximum R2 = 0.58 and RMSE from 230 to 700 kg/ha. Oliveira et al. [46] achieved good performance for US soybean (with R2 = 0.75 and RMSE = 354 kg/ha) and maize (with R2 = 0.71 and RMSE = 1393 kg/ha) yield prediction with LSTM. Auto-encoder has also been studied by Ma et al. [47] to estimate rice yields in South Korea based on remote-sensing and weather data and achieved a better performance (RMSE% = 6.89%) than traditional artificial neural networks (RMSE% = 8.03%). However, none of the abovementioned studies simultaneously considered remote-sensing, weather, and soil data, which fails to take complete advantage of multi-source data to provide a more comprehensive characterization of the crop growth process and improve the accuracy of the prediction model. The extended LSTM is always used in predicting crop yields by multi-source data, such as rice yield prediction [53], smallholder maize yield estimation [54] in China, and corn yield estimation in the USA corn belt [50]. Luo et al. [55] developed an LSTM-based framework, mapping the global wheat production with R2 = 0.76 in the USA. Tian et al. [56] estimated wheat yields by remote-sensing and meteorological data, achieving better performance in the Guanzhong Plain (R2 = 0.83 and RMSE = 357.77 kg/ha). These methods have tried to extract more discriminative yield-related features by combining multi-source data. However, these methods are weak in exploring the feature-learning structure. In addition, few previous have studies compared the suitability of the convolutional neural network and recurrent neural network structures for crop yield prediction.



In the present study, we developed a novel dual-stream deep-learning neural network model to improve regional prediction of crop yields by integrating remote-sensing data with other feature data (specifically weather and soil data). Our objectives were to (i) compare the capabilities of well-known convolutional neural networks and recurrent neural networks for winter wheat yield prediction in China, (ii) develop a novel adaptive deep-fusion model that could integrate multi-source data to improve yield prediction, and (iii) assess the model’s prediction performance for the major winter wheat planting areas of China.




2. Study Area and Dataset


2.1. Study Area


This study focused on China’s major winter wheat growing regions (Figure 1), which account for about 95% of China’s total winter wheat planting area. This area extends from 98°16′E to 122°43′E and from 22°27′N to 40°56′N, which represents a vast geographical area. It includes two main winter wheat planting regions: the northern and southern areas. The northern area lies south of the Great Wall and north of the Qinling Mountains and Huaihe River, accounting for more than half of China’s wheat planting area. It has a temperate continental monsoon climate, with an annual average temperature of 9 to 15 °C and a yearly rainfall of 440 to 980 mm. The primary prevailing crop rotation is winter wheat, followed by summer corn. The southern area is located south of the Qinling Mountains and Huaihe River. It has a subtropical monsoon climate, with an annual average temperature of 16 to 24 °C and annual precipitation of more than 1000 mm. Winter wheat is mostly rotated with paddy rice in this area. The study area comprises 14 provinces and two provincial-scale municipalities: Beijing, Tianjin, Hebei, Shanxi, Jiangsu, Anhui, Shandong, Henan, Hubei, Chongqing, Sichuan, Guizhou, Yunnan, Shaanxi, Gansu, and Ningxia. This area includes a total of average 555 winter wheat planting counties (Figure 1). Winter wheat in the study area is usually sown from September to late October and harvested from late May to mid-June of the following year. Its phenological development is closely related to latitude, that is, the development stage in the south is usually earlier than in the north.



The geospatial vector data of administrative divisions shown in Figure 1 was sourced from the National Catalogue Service for Geographic Information (https://www.webmap.cn/commres.do?method=result100W, accessed on 1 September 2019).




2.2. Dataset


Crop yield is affected by many factors, including weather conditions, soil properties, irrigation systems, cultivation techniques, fertilizers, and crop variety [47,57,58,59,60,61]. Integrating all of these factors within a yield-prediction model is challenging because some specific datasets are difficult to obtain. In the present study, we used three major data sources to account for the yield predictor indicators: remote-sensing, weather, and soil property data.



2.2.1. Remote-Sensing Data


MODIS-derived products from the National Aeronautics and Space Administration (NASA) have been widely used in crop yield prediction due to their free, open access, and global coverage [7,57,62]. Among these products, we used MOD09A1 (Terra 8-day 500 m surface reflectance, https://lpdaac.usgs.gov/products/mod09a1v006/, accessed on 1 September 2019) and MOD11A2 (Terra 8-day 1 km land surface temperature/emissivity, https://lpdaac.usgs.gov/products/mod11a2v006/, accessed on 1 September 2019) within a growing-season from 2001 to 2015, which provide an 8-day composite value for seven surface spectral reflectance bands and two temperature bands (daytime and nighttime land surface temperature).




2.2.2. Weather Data


We obtained the weather data used in this study from the China meteorological forcing dataset, which is maintained by the Institute of Tibetan Plateau Research, Chinese Academy of Sciences [63,64]. The dataset provides seven gridded meteorological variables, including temperature, air pressure, specific humidity, wind speed, downward shortwave radiation, downward longwave radiation, and precipitation rate. The spatial resolution is 0.1°, and the temporal resolution is 3 h [65].




2.2.3. Soil Property Data


Soil property data were downloaded from SoilGrids.org, which provides data on nine features that describe soil physical and chemical properties for most of the world, including clay, silt, sand content, coarse fragments, and bulk density [46,66]. These variables are available at seven depths from 0 to 200 cm with a spatial resolution of 1 km or 250 m [65].




2.2.4. Cropland Land Cover Data


A crop mask for winter wheat is needed to delineate winter wheat’s spatial distribution in a yield-prediction model. In this study, we used the MODIS Land Cover Product because winter wheat is the dominant crop in the cropland during the growing season in China. Although this could introduce certain errors, previous studies [52,67] justified using the MODIS Land Cover Product for crop yield prediction because they found that this approach did not degrade the model results compared with higher resolution crop-type maps. Therefore, the MODIS-derived MCD12Q1 product was used in this study, which provides annual global land cover data at a resolution of 500 m, to distinguish cropland from non-cropland.




2.2.5. County-Level Yield Data


We obtained winter wheat yield data of an average of 555 counties from China’s county-level statistical yearbooks from 2001 to 2015, except for 2006 because of missing data. All yields were reported as kg/ha. Table 1 summarizes the input variables used in the deep-learning model.






3. Methods


We integrated the multi-source remote-sensing, weather, and soil property data into a deep-learning model for winter wheat yield prediction in China. The multi-source data could be categorized into two types: dynamic datasets (including remote-sensing and weather data) and static datasets (the soil properties). Therefore, a dual-stream deep-learning neural network was developed between the crop yield and the aggregated features extracted and integrated from these two data types. Figure 2 illustrates the framework for this analysis, which consisted of six main components: (a) data preprocessing; (b) the remote-sensing–weather branch; (c) the soil branch; (d) the fusion module; (e) network training; and (f) accuracy assessment. Details of these components are provided in the following sections.



3.1. Data Preprocessing


The weather variables were first resampled to an 8-day temporal resolution using the mean-value composite method to be consistent with the MODIS 8-day product data. We then aggregated all remote-sensing, weather, and soil property data at a county level using the average value after being masked to the cropping area within the county. We then used min–max normalization to convert all data to values between 0 and 1 because the remote-sensing and weather data were continuous sequential variables. In contrast, soil properties remain almost constant over time. We compiled the first two datasets as dynamic data and the soil dataset as static data [46]. The period for the dynamic data was from October to mid-June of the following year, corresponding to winter wheat’s sowing and maturity stages. The remote-sensing and weather data were combined into a 16 × 32 matrix that comprised nine remotely sensed variables plus seven weather variables for 32 eight-day periods. Soil variables were compiled into a two-dimensional array with seven depths and nine soil properties and provided the model’s static inputs.




3.2. Remote-Sensing–Weather Branch


An accurate winter wheat yield prediction requires extracting representative features from the input data. We combined the time series of remote-sensing images and weather data throughout the winter wheat growing season to generate the sequential dataset for feature extraction in the RS–weather branch. To compare the performance of several well-known deep-learning models for yield prediction, we modeled the network structure of the RS–weather branch using four convolutional neural network models: VGG [68], Inception [33], ResNet [35], and DenseNet [36] We also compared two recurrent neural network models: the long short-term memory (LSTM) model [37] and the gated recurrent unit (GRU) model [38]. All the network variants of the RS–weather branch are shown in Figure 3. Our experimental results (see the Section 4 for details) indicated that the Inception-based model yielded the highest accuracy, so we selected this model for subsequent analysis of the RS–weather branch (Figure 4).



As depicted in Figure 4, we used only one-dimensional convolutions (Conv 1 d) and average pooling (Average pool 1 d). To increase our ability to generalize the original Inception modules, we added a dropout layer [69] with a rate of 0.25 after each convolution layer. One of the Inception module’s merits is that it can extract features from a multi-scale receptive field [33], resulting in a strong ability to learn short- and long-range dependencies. The network variants for the RS–weather branch are illustrated as follows.




3.3. Soil Branch


Previous studies [46] have demonstrated that soil property data are vital for accurate crop yield prediction. Therefore, incorporating soil property data provides both unique information (different from the sequential data) and complementary information and could increase yield-prediction performance. Given that the soil property data are relatively stable compared to the RS–weather sequential data, we separated the soil branch from the RS–weather branch. Figure 5 shows the architecture of the soil branch. Only one-dimensional convolutions were employed to decrease the model’s complexity, reducing the risk of overfitting the input data [42].




3.4. Fusion Module


After extracting the features of the multi-source data from the RS–weather data and the soil property data, we conducted feature-level fusion to provide the final yield prediction. Previous studies [46] simply stacked and concatenated these features without considering the relationships among them and their relative importance for yield prediction. In the present study, inspired by both the Squeeze-and-Excitation Network (SENet) model [70] and our previous research [42], we proposed an adaptive fusion module to aggregate the features from the RS–weather branch and the soil branch.



Figure 6 depicts the structure of the feature-fusion module that we used to recalibrate or re-weight the input features. The weights assigned to the elements can be automatically learned end-to-end. Specifically, we generated a channel descriptor after the input feature was passed through a global average pooling layer [70]. Next, the channel-wise weight was learned by two consecutive fully connected layers and a sigmoid layer [70]. After feature fusion, the informative features were enhanced. In contrast, the less valuable features and noise were suppressed [42], which could effectively improve the representativeness and robustness of the fused features.




3.5. Network Training


Since the yield prediction model was trained from scratch (i.e., no pre-trained model was used), it was necessary to determine how to initialize all the model parameters. In this study, we initialized the model weights using the normalization method of [71], but the initial biases were set to zero.



During the network training, we used the Adam optimization method [72] due to its ability to adjust the learning rate automatically, leading to a faster and more stable training procedure. The initial learning rate for Adam was set to 10−3. We adopted the early-stop strategy to select the best model with the minimum validation loss.



Since the winter wheat yield prediction is a regression problem, we calculated the L2 loss based on the mean-squared error (MSE) [45].


  M S E =  1 n   ∑  i = 1  n    (  y i  −  y i p  )  2   



(1)




where    y i    and    y i p    represent the official statistical and predicted winter wheat yields for county i, respectively, and n is the number of counties.



In this study, 90% of the official statistical data were randomly chosen as training samples to optimize the yield prediction model. The remaining 10% of the data was used as the validation dataset to evaluate the performance of the training. Since all the training and validation datasets were randomly selected, the model could learn from various soil, weather, and growth status scenarios. The proposed winter wheat yield prediction model was trained with the TensorFlow library (https://tensorflow.google.cn/, accessed on 1 September 2019).




3.6. Accuracy Assessment


To quantify the effectiveness of the proposed model for winter wheat yield prediction, we calculated the coefficient of determination (R2), root-mean-square error (RMSE), mean absolute percentage error (MAPE), and mean error (ME):


   R 2  = 1 −  ∑  i = 1  n    (  y i p  −  y i  )  2  /  ∑  i = 1  n    (  y i  −  y ¯  )  2   



(2)






  R M S E =    1 n   ∑  i = 1  n    (  y i  −  y i p  )  2     



(3)






  M A P E =   100  n   ∑  i = 1  n       y i p  −  y i     y i       



(4)






  M E =  1 n   ∑  i = 1  n     y i p  −  y i     



(5)




where   y ¯   is the mean value of the official statistical yield, and    y i    and    y i p    have the same meaning as in Equation (1). An effective yield prediction model should simultaneously have a high R2, low RMSE, low MAPE, and low ME. We also used leave-one-out cross-validation [47,67].





4. Results


4.1. Comparing Different Deep-Learning Models to Predict Winter Wheat Yield


Table 2 indicates that the Inception-based model had the highest accuracy for predicting China’s winter wheat yield from 2001 to 2015, with a mean R2 of 0.79, an RMSE of 650.21 kg/ha, and a MAPE of 12.4%. The ResNet-based model had the second-best performance, with a slightly lower R2 (0.78) and a higher RMSE (660.34 kg/ha) but a lower MAPE (12.2%) than the Inception-based model. The LSTM and DenseNet models performed similarly, whereas VGG and GRU had inferior accuracy. Therefore, we selected the Inception-based model for the RS–weather branch of the proposed dual-stream deep-learning neural network.



Figure 7 shows the RMSE of the deep-learning models for each year between 2001 and 2015. The Inception-based model had a lower RMSE than other models in most years and achieved the best accuracy in 2011, with the lowest RMSE (506.21 kg/ha). The models based on recurrent neural networks (LSTM and GRU) had higher accuracy than models based on convolutional neural networks from 2001 to 2003.



Our results indicated the average winter wheat yield statistics and the prediction results from the six deep-learning models from 2001 to 2015. From 2001 to 2003, most of the deep-learning models overestimated the winter wheat yield. According to historical climate data and previous studies [73], from 2001 to 2003, there was a severe drought in China, leading to significant differences in yields compared with the other years and resulting in the low performance of most of the deep-learning models. However, the yield predictions by LSTM and GRU were closer to the actual values during these years than models based on convolutional neural networks, which suggests that it could be possible to use these models to replace the convolution models in years with severe drought (Figure 8).




4.2. Spatial Variation in Winter Wheat Yield Predictions


As mentioned in Section 4.1, the Inception-based model provided the best accuracy (the highest mean R2 and lowest RMSE) for the period from 2001 to 2015, with the lowest RMSE (506 kg/ha) in 2011. Therefore, we analyzed the spatial pattern of yield prediction results at the county level in 2011 using the results of the Inception-based model (Figure 9).



Figure 9a shows the official statistical winter wheat yield in 2011, and Figure 9b shows the corresponding results predicted by the dual-stream deep-learning neural network model. The two figures show similar patterns, indicating that the developed deep-learning model performed well nationally. Figure 9c shows the spatial distribution of relative error for the proposed model. The relative error was less than 15% for 83% of the counties in the North China Plain, although several counties in northwestern and southwestern China had a high relative error (>25%). With our new model, the R2 and RMSE in 2011 were 0.89 and 506 kg/ha, respectively, which shows high prediction accuracy. The results showed no distinct overestimation or underestimation, indicating that the dual-stream deep-learning neural network model provided unbiased estimates.





5. Discussion


5.1. Impact of Different Data Sources on Winter Wheat Yield Prediction


Due to the multi-source data (i.e., remote-sensing, weather, and soil property data) being highly correlated with winter wheat yield, ablation analysis [74] can be used to evaluate each data source’s impact on yield prediction performance. Therefore, we performed a series of experiments to establish the yield-prediction model using individual remote-sensing data, weather data, or soil property data. The Inception prediction model was used, and leave-one-out cross-validation was used to assess the model’s accuracy.



Our results showed that remote-sensing data alone achieved the highest prediction accuracy, with a mean R2 of 0.73, an RMSE of 743.91 kg/ha, and a MAPE of 14.4% (Table 3). This was mainly because the multi-temporal remote-sensing reflectance could directly catch the crop’s growth trajectory, simultaneously capturing the evolution of the aboveground foliage and providing essential information for the final grain yield [23]. The weather and soil property data decreased the accuracy compared to the remote-sensing data. Two factors may explain this finding. On the one hand, many regions rely heavily on irrigation, especially in the North China Plain. Therefore, the impact of weather conditions (primarily the amount of precipitation) on winter wheat yield is weaker in these regions than in other areas where irrigation is not widely performed. On the other hand, soil property data only reflects the primary soil conditions and does not account for the widespread use of fertilizers. Fertilization could significantly change the soil nutrient structure, reducing the correlation between soil properties and winter wheat yield. In addition, it is interesting that the soil data alone performed better than the weather data. This shows a strong spatial correlation between soil data and winter wheat yield, consistent with the actual production. It also reflects the rationality of the proposed model, which comprised soil data as an independent static branch. Figure 10 shows the variation in the RMSE of winter wheat yield prediction for each data source from 2001 to 2015. The results showed that the dual-stream deep-learning neural network model achieved the highest prediction accuracy in most years. In drought years (2001–2003), soil data alone could achieve a comparable and relatively high accuracy with the remote-sensing data alone, while the weather data alone had relatively low accuracy in most years. This suggests that soil data can have significantly improved model accuracy in drought conditions.



All the factors in our analysis influenced the final crop yield (e.g., weather conditions, soil nutrients, and crop management practices). They would therefore have a more comprehensive impact on crop growth than any one group of factors, and the remote-sensing data could directly capture most of this effect. Therefore, it is logical that the remote-sensing data contributed more to the yield-prediction performance than the other datasets. Including weather and soil property data provided additional unique information that could further improve the prediction accuracy. This was consistent with several previous studies [18,57].




5.2. Comparison with Traditional Methods


To further evaluate the proposed yield prediction method’s performance, we performed experiments to compare our results with previous methods such as a multiple regression, a support vector machine, and a random forest model (Table 4).



The new dual-stream deep-learning neural network outperformed all three traditional methods. The multiple regression and support vector machines had similar performances (R2 = 0.55), and although the random forest model had the highest accuracy (R2 = 0.62) among the traditional methods, it had a much higher error (both RMSE and MAPE) and a lower R2 than our new model. One reason may be that the predictor variables showed high collinearity and complexity. Therefore, these models could result in severe overfitting (i.e., fitting the training data well but achieving poor prediction results during validation). The random forest model was less sensitive to the collinearity of the input variables and therefore achieved better performance than multiple regression and a support vector machine. In contrast, deep learning could automatically extract, weigh, and fuse informative features from the input variables and was less affected by noise and collinearity in the input data, resulting in the highest performance.




5.3. Comparison with Other Deep-Learning Yield-Prediction Methods


Our results indicated that LSTM and GRU performed better in severe drought conditions. One possible reason is that recurrent neural networks have a higher ability to model short- and long-range dependencies between sequential data, leading to a more robust performance than convolutional neural network models. However, VGG had the worst performance among the seven deep-learning models we discussed. This was mainly because VGG has a less sophisticated structure than the others, which limited its ability to extract representative and robust features of the data. ResNet and DenseNet both adopt a residual connection structure, which has the merits of removing hierarchical features and improving gradient flow simultaneously, thereby improving performance compared with VGG. Unlike the other convolutional neural networks, the Inception-based model used several parallel convolutions at different scales, which improved its ability to extract multi-scale features. However, all convolutional neural networks risk overestimating the yield during years with abnormal conditions. Therefore, if extreme weather conditions exist during the training data periods, recurrent neural networks (especially LSTM) better account for those outlier years; under other circumstances, the Inception-based structure is recommended for yield prediction due to its ability to extract more relevant multi-scale features.



One difference between the present study and the previous studies in the USA relates to land use patterns. Land parcels in the U.S. and many other developed countries tend to be larger than the land parcels in China, with a single planting pattern. Therefore, mixed pixels create fewer problems affecting the model’s performance. China has more fragmented land parcels, and the planting patterns constantly change, resulting in more mixed pixels than in the U.S. This makes accurate crop-yield prediction more challenging in China. The new model proposed in the present study achieved good accuracy, with MAPE = 12.4%, comparable to or better than previous state-of-the-art methods. The model performance would be further improved if remote-sensing data with finer spatial resolution became available, reducing the effect of mixed pixels.




5.4. In-Season Winter Wheat Yield Prediction


Winter wheat is often planted in September or October and harvested in May or June of the following year in China. Early and accurate prediction of winter wheat yield over large areas ahead of the harvest is essential for food security and planning import and export levels. To account for this, we explored how our model might be used for in-season yield prediction in China’s major winter wheat planting area (Figure 11).



Considering that the period after green-up is most important for winter wheat yield [22], we utilized soil property data and only the subset of the remote-sensing and weather data during the green-up period to train and test the yield-prediction model. Figure 11 shows the results of predicting the final yield before harvest based only on this early-season data up to the point at which the prediction is calculated. The model performance was weakest between DOY 41 and DOY 97 (green-up to the booting period), with some fluctuations, and the mean R2 was 0.74. This was probably due to the insufficient information conveyed by the limited remote-sensing and weather data, which limited our model’s ability to characterize the growth status of winter wheat. As the amount of sequential data available increased, the prediction performance improved after DOY 97 (booting period), reaching a maximum R2 of 0.78 at both DOY 137 (heading to flowering) and DOY 161 (from flowering to maturity). Figure 11 also shows that R2 increased rapidly between DOY 97 and DOY 105 (the heading stage) and that both RMSE and MAPE decreased, indicating that the proposed model could obtain a reliable yield-prediction result about two months before the winter wheat harvest.




5.5. Possibility of Establishing a Parcel-Level Crop Yield-Prediction Model


With the development of precision agriculture, accurate parcel-level or field-level crop yield information is in great demand because it would reveal crop growth and yield responses to field management practices and environmental stress [75,76,77]. However, compared with county-level yield prediction, for which remote-sensing data with coarse resolution (e.g., MODIS) would meet the data requirements for the analysis, parcel-level prediction needs data with finer spatial resolution, such as Landsat-8 and Sentinel-2 data or even the harmonized Landsat-8 and Sentinel-2 data to avoid interference from cloud cover.



Researchers have also proposed several parcel-level crop yield predictions [75,76,77]. However, these methods were mainly based on simple regression models, whose accuracy and robustness could be further improved by considering a deep-learning approach. The new model we developed could be easily extended to parcel-level crop yield prediction if parcel-level datasets become available, including crop yield data, high-resolution remote-sensing data, and (based on the benefits demonstrated in this paper) soil data. Other factors that may influence the crop yield at the parcel level should also be accounted for, such as winter wheat varieties and field-management measures (e.g., fertilization and irrigation).



Any parcel-level yield prediction based on deep learning would also require a large quantity of site-specific yield data. However, collecting a large number of representative parcel-level yield measured data to support such an analysis is time-consuming and remains challenging. To address this issue, high accuracy, with less uncertainty of parcel yield from data assimilation, should be considered in the future to provide ground-truthing data for training and testing of the deep-learning models [6].




5.6. Limitations and Future Perspective


It is essential to discuss the uncertainty of our new model to show its limitations, as this discussion could provide vital clues for future studies. Specifically, the model uncertainty could be analyzed from the data and the model levels.



As for the input variables of the deep-learning model, we only included remote-sensing, weather, and soil property data from the data perspective. Other features were not considered, which are also closely related to final crop yield (e.g., soil moisture content, winter wheat varieties, irrigation, and fertilization). Among these data sources, soil moisture content during the growing season is critical for determining the final crop yield [18]. Therefore, future research could introduce remote-sensing data obtained by passive or active microwave sensors to retrieve soil moisture content and provide complementary information that would improve crop yield prediction. Moreover, due to a lack of data under extreme weather conditions, the proposed deep-learning model is less able to accurately predict crop yield responses to extreme climate change, as shown by the decreased accuracy during a drought period (i.e., the arid period from 2001 to 2003). With ongoing data collection to support model training, the deep-learning model would likely become easier to generalize, resulting in a better yield prediction under various meteorological disaster scenarios.



The values of the predictor variables for each county were generated by averaging all the pixel values within the county’s borders, which means that the spatial variation in the input data (especially the remote-sensing data) was not accounted for, leading to a loss of useful information. Therefore, future studies should consider more sophisticated spatial feature extraction methods. From this perspective, two-dimensional convolutional neural networks might be introduced instead of the approach we used due to the superior ability of two-dimensional convolution to extract spatial features from the original pixels. The cropland cover data in this study was obtained from the MODIS land-cover-type product, which does not differentiate among crop types. Although previous studies [52,67] justified the use of this product by noting that it did not significantly decrease the yield-prediction performance, future research should use a winter wheat mask with a finer spatial resolution to reduce estimation errors.



From the modeling perspective, we only considered a few recent convolutional neural networks and recurrent neural network models. More structures could be examined to explore their potential, such as CapsuleNet [78]. In addition, because each growth stage of a crop has a different impact on the final yield, it will be essential to identify and account for the key stages and their interactions with factors such as temperature and precipitation. Hence, a future study could introduce an attention mechanism [79,80] into the yield-prediction model, allowing the model to learn the explicit representations of crop growth cycles to increase the interpretability of the deep-learning models.



Wheat cultivation in China occurs against a background of high variation in winter wheat’s phenological stages, which remains challenging for accurate yield prediction. Despite those challenges, the proposed deep-learning model still obtained promising results, with high suitability for large-scale crop-yield prediction. However, prior studies [81,82] showed that splitting a large study area into smaller agro-climatic zones and establishing a prediction model for each zone could improve the model’s performance. Hence, a future study could also consider building separate yield-prediction models for each agro-climatic zone.



Given that attention mechanisms have been widely used in many remote-sensing classification applications [83,84,85], this method could help to interpret how the deep-learning model makes its decisions. For wheat yield estimation, attention could be added to a recurrent network (e.g., LSTM) to give more information about the importance of each period of the winter wheat’s growth stages. Furthermore, a bi-directional attention structure might be a better choice due to its ability to model the dependencies between two periods in a forward–backward manner, revealing more clues about which period contributes most to the yield estimation. For instance, with the help of an attention mechanism, the deep-learning model could tell that if the temperature is too high during a specific period, the yield will decrease by a predictable amount. Therefore, further research is justified in using an attention mechanism, especially bi-directional attention, to improve the interpretation ability of deep-learning models in yield estimation.





6. Conclusions


In this study, a novel deep-learning model was developed for winter wheat yield prediction based on multi-source data (remote-sensing, weather, and soil properties) in China’s major winter wheat planting areas. We proposed a dual-stream deep-learning neural network based on well-known, previously developed deep-learning structures (VGG, ResNet, DenseNet, Inception, LSTM, and GRU) with non-linear relationships between winter wheat yield and the multi-source predictor indicators. We found that the Inception-based model achieved the highest accuracy, with an R2 of 0.79, an RMSE of 650.21 kg/ha, and a MAPE of 12.4%. The prediction model’s errors were randomly distributed and showed no obvious under- or over-estimation.



We also investigated the influence of the predictor variable on winter wheat yield prediction. The remote-sensing data had a stronger contribution in predicting yields than the weather and soil property data. One possible explanation is that the remotely sensed surface reflectance provides a more comprehensive representation of the crop’s growth and stress situations. The dual-stream deep-learning neural network model outperformed the traditional multivariate regression and machine-learning models by increasing the R2 by 17.0 to 24.1% and decreasing RMSE by 240.6 to 320.8 kg/ha. The dual-stream deep-learning neural network model could also provide an accurate yield prediction about two months before harvesting, with predicted values within 13% of the official reported yield statistics, showing an excellent in-season prediction capability.



Our study demonstrated the advantages of using a deep-learning model for the large-scale, long-term prediction of winter wheat yields across China at a county level. The proposed method, without particular constraints on crop type or region, would be likely to generalize to other crops (e.g., maize, paddy rice) and other similar agricultural planting regions worldwide with minimal effort.







Author Contributions


Conceptualization, J.H. and H.H.; methodology, H.H.; software, X.W.; validation, Q.N., Q.F. and J.L.; formal analysis, H.H.; investigation, Q.N.; resources, J.H.; data curation, J.L.; writing—original draft preparation, H.H.; writing—review and editing, J.H. and X.L.; visualization, Q.F. and X.W.; supervision, X.L.; project administration, J.H.; funding acquisition, J.H. All authors have read and agreed to the published version of the manuscript.




Funding


This research was funded by the National Natural Science Foundation of China (Project No. 41971383 and 42271339).




Data Availability Statement


Not applicable.




Acknowledgments


We would like to express our sincere thanks to the anonymous reviewers.




Conflicts of Interest


The authors declare no conflict of interest.




References


	



Benami, E.; Jin, Z.; Carter, M.R.; Ghosh, A.; Hijmans, R.J.; Hobbs, A.; Kenduiywo, B.; Lobell, D.B. Uniting remote sensing, crop modelling and economics for agricultural risk management. Nat. Rev. Earth Environ. 2021, 2, 140–159. [Google Scholar] [CrossRef]

	



FAO. The future of food and agriculture—Trends and challenges. Annu. Rep. 2017, 296, 1–180. [Google Scholar]

	



Cui, K.; Shoemaker, S.P. A look at food security in China. Nat. Publ. Group 2018, 2, 4. [Google Scholar] [CrossRef] [PubMed]

	



Doraiswamy, P.C.; Moulin, S.; Cook, P.W.; Stern, A. Crop yield assessment from remote sensing. Photogramm. Eng. Remote Sens. 2003, 69, 665–674. [Google Scholar] [CrossRef]

	



Basso, B.; Liu, L. Seasonal crop yield forecast: Methods, applications, and accuracies. Adv. Agron. 2019, 154, 201–255. [Google Scholar]

	



Huang, J.; Gómez-Dans, J.L.; Huang, H.; Ma, H.; Wu, Q.; Lewis, P.E.; Liang, S.; Chen, Z.; Xue, J.; Wu, Y. Assimilation of remote sensing into crop growth models: Current status and perspectives. Agric. For. Meteorol. 2019, 276, 107609. [Google Scholar] [CrossRef]

	



Becker-Reshef, I.; Vermote, E.; Lindeman, M.; Justice, C. A generalized regression-based model for forecasting winter wheat yields in Kansas and Ukraine using MODIS data. Remote Sens. Environ. 2010, 114, 1312–1323. [Google Scholar] [CrossRef]

	



Das, D.K.; Mishra, K.K.; Kalra, N. Assessing growth and yield of wheat using remotely-sensed canopy temperature and spectral indices. Int. J. Remote Sens. 1993, 14, 3081–3092. [Google Scholar] [CrossRef]

	



Shanahan, J.F.; Schepers, J.S.; Francis, D.D.; Varvel, G.E.; Wilhelm, W.W.; Tringe, J.M.; Schlemmer, M.R.; Major, D.J. Use of remote-sensing imagery to estimate corn grain yield. Agron. J. 2001, 93, 583–589. [Google Scholar] [CrossRef]

	



Son, N.T.; Chen, C.F.; Chen, C.R.; Minh, V.Q.; Trung, N.H. A comparative analysis of multitemporal MODIS EVI and NDVI data for large-scale rice yield estimation. Agric. For. Meteorol. 2014, 197, 52–64. [Google Scholar] [CrossRef]

	



López-Lozano, R.; Duveiller, G.; Seguini, L.; Meroni, M.; García-Condado, S.; Hooker, J.; Leo, O.; Baruth, B. Towards regional grain yield forecasting with 1 km-resolution EO biophysical products: Strengths and limitations at pan-European level. Agric. For. Meteorol. 2015, 206, 12–32. [Google Scholar] [CrossRef]

	



Skakun, S.; Franch, B.; Vermote, E.; Roger, J.; Becker-Reshef, I.; Justice, C.; Kussul, N. Early season large-area winter crop mapping using MODIS NDVI data, growing degree days information and a Gaussian mixture model. Remote Sens. Environ. 2017, 195, 244–258. [Google Scholar] [CrossRef]

	



Davis, I.C.; Wilkinson, G.G. Crop yield prediction using multipolarization radar and multitemporal visible/infrared imagery. In Remote Sensing for Agriculture, Ecosystems, and Hydrology Viii; International Society for Optics and Photonics: Bellingham, WA, USA, 2006; Volume 6359, 63590p. [Google Scholar]

	



Lin, W.; Kuo, B. Using the orthogonal projections methods for predicting rice (Oryza sativa L.) yield with canopy reflectance data. Int. J. Remote Sens. 2013, 34, 1428–1448. [Google Scholar] [CrossRef]

	



Liu, L.; Wang, J.; Bao, Y.; Huang, W.; Ma, Z.; Zhao, C. Predicting winter wheat condition, grain yield and protein content using multi-temporal EnviSat-ASAR and Landsat TM satellite images. Int. J. Remote Sens. 2006, 27, 737–753. [Google Scholar] [CrossRef]

	



Kim, N.; Lee, Y. Machine learning approaches to corn yield estimation using satellite images and climate data: A case of Iowa State. J. Korean Soc. Surv. Geod. Photogramm. Cartogr. 2016, 34, 383–390. [Google Scholar] [CrossRef]

	



Chlingaryan, A.; Sukkarieh, S.; Whelan, B. Machine learning approaches for crop yield prediction and nitrogen status estimation in precision agriculture: A review. Comput. Electron. Agric. 2018, 151, 61–69. [Google Scholar] [CrossRef]

	



Cai, Y.; Guan, K.; Lobell, D.; Potgieter, A.B.; Wang, S.; Peng, J.; Xu, T.; Asseng, S.; Zhang, Y.; You, L. Integrating satellite and climate data to predict wheat yield in Australia using machine learning approaches. Agric. For. Meteorol. 2019, 274, 144–159. [Google Scholar] [CrossRef]

	



de Wit, A.J.W.; van Diepen, C.A. Crop model data assimilation with the Ensemble Kalman filter for improving regional crop yield forecasts. Agric. For. Meteorol. 2007, 146, 38–56. [Google Scholar] [CrossRef]

	



Guo, C.; Tang, Y.; Lu, J.; Zhu, Y.; Cao, W.; Cheng, T.; Zhang, L.; Tian, Y. Predicting wheat productivity: Integrating time series of vegetation indices into crop modeling via sequential assimilation. Agric. For. Meteorol. 2019, 272, 69–80. [Google Scholar] [CrossRef]

	



Huang, J.; Tian, L.; Liang, S.; Ma, H.; Becker-Reshef, I.; Huang, Y.; Su, W.; Zhang, X.; Zhu, D.; Wu, W. Improving winter wheat yield estimation by assimilation of the leaf area index from Landsat TM and MODIS data into the WOFOST model. Agric. For. Meteorol. 2015, 204, 106–121. [Google Scholar] [CrossRef]

	



Huang, J.; Ma, H.; Su, W.; Zhang, X.; Huang, Y.; Fan, J.; Wu, W. Jointly Assimilating MODIS LAI and ET Products Into the SWAP Model for Winter Wheat Yield Estimation. IEEE J. Sel. Top. Appl. Earth Obs. Remote Sens. 2015, 8, 4060–4071. [Google Scholar] [CrossRef]

	



Huang, J.; Sedano, F.; Huang, Y.; Ma, H.; Li, X.; Liang, S.; Tian, L.; Zhang, X.; Fan, J.; Wu, W. Assimilating a synthetic Kalman filter leaf area index series into the WOFOST model to improve regional winter wheat yield estimation. Agric. For. Meteorol. 2016, 216, 188–202. [Google Scholar] [CrossRef]

	



Huang, J.; Ma, H.; Sedano, F.; Lewis, P.; Liang, S.; Wu, Q.; Su, W.; Zhang, X.; Zhu, D. Evaluation of regional estimates of winter wheat yield by assimilating three remotely sensed reflectance datasets into the coupled WOFOST—PROSAIL model. Eur. J. Agron. 2019, 102, 1–13. [Google Scholar] [CrossRef]

	



Zhuo, W.; Huang, J.; Li, L.; Zhang, X.; Ma, H.; Gao, X.; Huang, H.; Xu, B.; Xiao, X. Assimilating Soil Moisture Retrieved from Sentinel-1 and Sentinel-2 Data into WOFOST Model to Improve Winter Wheat Yield Estimation. Remote Sens. 2019, 11, 1618. [Google Scholar] [CrossRef]

	



Zhuo, W.; Huang, J.; Xiao, X.; Huang, H.; Bajgain, R.; Wu, X.; Gao, X.; Wang, J.; Li, X.; Wagle, P. Assimilating remote sensing-based VPM GPP into the WOFOST model for improving regional winter wheat yield estimation. Eur. J. Agron. 2022, 139, 126556. [Google Scholar] [CrossRef]

	



Huang, H.; Huang, J.; Li, X.; Zhuo, W.; Wu, Y.; Niu, Q.; Su, W.; Yuan, W. A dataset of winter wheat aboveground biomass in China during 2007–2015 based on data assimilation. Sci. Data 2022, 9, 200. [Google Scholar] [CrossRef]

	



LeCun, Y.; Bengio, Y.; Hinton, G. Deep learning. Nature 2015, 521, 436–444. [Google Scholar] [CrossRef]

	



Krizhevsky, A.; Sutskever, I.; Hinton, G.E. Imagenet classification with deep convolutional neural networks. Adv. Neural Inf. Process. Syst. 2012, 25, 1097–1105. [Google Scholar] [CrossRef]

	



Lin, T.; Goyal, P.; Girshick, R.; He, K.; Dollár, P. Focal loss for dense object detection. In Proceedings of the IEEE International Conference on Computer Vision, Venice, Italy, 22–29 October 2017; pp. 2980–2988. [Google Scholar]

	



Girshick, R. Fast r-cnn. In Proceedings of the IEEE International Conference on Computer Vision, Santiago, Chile, 7–13 December 2015; pp. 1440–1448. [Google Scholar]

	



Long, J.; Shelhamer, E.; Darrell, T. Fully convolutional networks for semantic segmentation. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, Boston, MA, USA, 7–12 June 2015; pp. 3431–3440. [Google Scholar]

	



Szegedy, C.; Liu, W.; Jia, Y.; Sermanet, P.; Reed, S.; Anguelov, D.; Erhan, D.; Vanhoucke, V.; Rabinovich, A. Going deeper with convolutions. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, Boston, MA, USA, 7–12 June 2015; pp. 1–9. [Google Scholar]

	



Jaderberg, M.; Simonyan, K.; Zisserman, A. Spatial transformer networks. In Proceedings of the Advances in Neural Information Processing Systems 28 (NIPS 2015), Montreal, QC, Canada, 7–12 December 2015; pp. 2017–2025. [Google Scholar]

	



He, K.; Zhang, X.; Ren, S.; Sun, J. Deep residual learning for image recognition. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, Las Vegas, NV, USA, 27–30 June 2016; pp. 770–778. [Google Scholar]

	



Huang, G.; Liu, Z.; Van Der Maaten, L.; Weinberger, K.Q. Densely connected convolutional networks. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, Honolulu, HI, USA, 21–26 July 2017; pp. 4700–4708. [Google Scholar]

	



Hochreiter, S.; Schmidhuber, J. LSTM can solve hard long time lag problems. Adv. Neural Inf. Process. Syst. 1997, 9, 473–479. [Google Scholar]

	



Cho, K.; Van Merriënboer, B.; Bahdanau, D.; Bengio, Y. On the properties of neural machine translation: Encoder-decoder approaches. arXiv 2014, arXiv:1409.1259. [Google Scholar]

	



Huang, B.; Zhao, B.; Song, Y. Urban land-use mapping using a deep convolutional neural network with high spatial resolution multispectral remote sensing imagery. Remote Sens. Environ. 2018, 214, 73–86. [Google Scholar] [CrossRef]

	



Li, X.; Geng, H.; Zhang, L.; Peng, S.; Xin, Q.; Huang, J.; Li, X.; Liu, S.; Wang, Y. Improving maize yield prediction at the county level from 2002 to 2015 in China using a novel deep learning approach. Comput. Electron. Agric. 2022, 202, 107356. [Google Scholar] [CrossRef]

	



Zhang, C.; Sargent, I.; Pan, X.; Li, H.; Gardiner, A.; Hare, J.; Atkinson, P.M. An object-based convolutional neural network (OCNN) for urban land use classification. Remote Sens. Environ. 2018, 216, 57–70. [Google Scholar] [CrossRef]

	



Feng, Q.; Yang, J.; Zhu, D.; Liu, J.; Guo, H.; Bayartungalag, B.; Li, B. Integrating multitemporal sentinel-1/2 data for coastal land cover classification using a multibranch convolutional neural network: A case of the yellow river delta. Remote Sens. 2019, 11, 1006. [Google Scholar] [CrossRef]

	



Reichstein, M.; Camps-Valls, G.; Stevens, B.; Jung, M.; Denzler, J.; Carvalhais, N. Deep learning and process understanding for data-driven Earth system science. Nature 2019, 566, 195–204. [Google Scholar] [CrossRef]

	



Zhong, L.; Hu, L.; Zhou, H. Deep learning based multi-temporal crop classification. Remote Sens. Environ. 2019, 221, 430–443. [Google Scholar] [CrossRef]

	



You, J.; Li, X.; Low, M.; Lobell, D.; Ermon, S. Deep Gaussian Process for Crop Yield Prediction Based on Remote Sensing Data. In Proceedings of the AAAI Conference on Artificial Intelligence, San Francisco, CA, USA, 4–9 February 2017; p. 31. [Google Scholar]

	



Cunha, R.L.; Silva, B.; Netto, M.A. A scalable machine learning system for pre-season agriculture yield forecast. In Proceedings of the 2018 IEEE 14th International Conference on e-Science (e-Science), Amsterdam, The Netherlands, 29 October–1 November 2018; IEEE: Piscataway, NJ, USA; pp. 423–430. [Google Scholar]

	



Ma, J.; Nguyen, C.; Lee, K.; Heo, J. Regional-scale rice-yield estimation using stacked auto-encoder with climatic and MODIS data: A case study of South Korea. Int. J. Remote Sens. 2019, 40, 51–71. [Google Scholar] [CrossRef]

	



Yang, Q.; Shi, L.; Han, J.; Zha, Y.; Zhu, P. Deep convolutional neural networks for rice grain yield estimation at the ripening stage using UAV-based remotely sensed images. Field Crop. Res. 2019, 235, 142–153. [Google Scholar] [CrossRef]

	



Lin, T.; Zhong, R.; Wang, Y.; Xu, J.; Jiang, H.; Xu, J.; Ying, Y.; Rodriguez, L.; Ting, K.C.; Li, H. DeepCropNet: A deep spatial-temporal learning framework for county-level corn yield estimation. Environ. Res. Lett. 2020, 15, 34016. [Google Scholar] [CrossRef]

	



Jiang, H.; Hu, H.; Zhong, R.; Xu, J.; Xu, J.; Huang, J.; Wang, S.; Ying, Y.; Lin, T. A deep learning approach to conflating heterogeneous geospatial data for corn yield estimation: A case study of the US Corn Belt at the county level. Glob. Chang. Biol. 2020, 26, 1754–1766. [Google Scholar] [CrossRef]

	



Kuwata, K.; Shibasaki, R. Estimating crop yields with deep learning and remotely sensed data. In Proceedings of the 2015 IEEE International Geoscience and Remote Sensing Symposium (IGARSS), Milan, Italy, 26–31 July 2015; IEEE: Piscataway, NJ, USA; pp. 858–861. [Google Scholar]

	



Wang, A.X.; Tran, C.; Desai, N.; Lobell, D.; Ermon, S. Deep transfer learning for crop yield prediction with remote sensing data. In Proceedings of the 1st ACM SIGCAS Conference on Computing and Sustainable Societies, New York, NY, USA, 20–22 June 2018; pp. 1–5. [Google Scholar]

	



Cao, J.; Zhang, Z.; Tao, F.; Zhang, L.; Luo, Y.; Zhang, J.; Han, J.; Xie, J. Integrating Multi-Source Data for Rice Yield Prediction across China using Machine Learning and Deep Learning Approaches. Agric. For. Meteorol. 2021, 297, 108275. [Google Scholar] [CrossRef]

	



Zhang, L.; Zhang, Z.; Luo, Y.; Cao, J.; Xie, R.; Li, S. Integrating satellite-derived climatic and vegetation indices to predict smallholder maize yield using deep learning. Agric. For. Meteorol. 2021, 311, 108666. [Google Scholar] [CrossRef]

	



Luo, Y.; Zhang, Z.; Cao, J.; Zhang, L.; Zhang, J.; Han, J.; Zhuang, H.; Cheng, F.; Tao, F. Accurately mapping global wheat production system using deep learning algorithms. Int. J. Appl. Earth Obs. 2022, 110, 102823. [Google Scholar] [CrossRef]

	



Tian, H.; Wang, P.; Tansey, K.; Zhang, J.; Zhang, S.; Li, H. An LSTM neural network for improving wheat yield estimates by integrating remote sensing data and meteorological data in the Guanzhong Plain, PR China. Agric. For. Meteorol. 2021, 310, 108629. [Google Scholar] [CrossRef]

	



Johnson, D.M. An assessment of pre-and within-season remotely sensed variables for forecasting corn and soybean yields in the United States. Remote Sens. Environ. 2014, 141, 116–128. [Google Scholar] [CrossRef]

	



Rojas, O. Operational maize yield model development and validation based on remote sensing and agro-meteorological data in Kenya. Int. J. Remote Sens. 2007, 28, 3775–3793. [Google Scholar] [CrossRef]

	



Tao, F.; Zhang, Z.; Xiao, D.; Zhang, S.; Rötter, R.P.; Shi, W.; Liu, Y.; Wang, M.; Liu, F.; Zhang, H. Responses of wheat growth and yield to climate change in different climate zones of China, 1981–2009. Agric. For. Meteorol. 2014, 189, 91–104. [Google Scholar] [CrossRef]

	



Wen, Y.; Li, X.; Mu, H.; Zhong, L.; Chen, H.; Zeng, Y.; Miao, S.; Su, W.; Gong, P.; Li, B.; et al. Mapping corn dynamics using limited but representative samples with adaptive strategies. ISPRS J. Photogramm. 2022, 190, 252–266. [Google Scholar] [CrossRef]

	



Huang, X.; Huang, J.; Li, X.; Shen, Q.; Chen, Z. Early mapping of winter wheat in Henan province of China using time series of Sentinel-2 data. GISci. Remote Sens. 2022, 59, 1534–1549. [Google Scholar] [CrossRef]

	



Franch, B.; Vermote, E.F.; Becker-Reshef, I.; Claverie, M.; Huang, J.; Zhang, J.; Justice, C.; Sobrino, J.A. Improving the timeliness of winter wheat production forecast in the United States of America, Ukraine and China using MODIS data and NCAR Growing Degree Day information. Remote Sens. Environ. 2015, 161, 131–148. [Google Scholar] [CrossRef]

	



He, J.; Yang, K.; Tang, W.; Lu, H.; Qin, J.; Chen, Y.; Li, X. The first high-resolution meteorological forcing dataset for land process studies over China. Sci. Data 2020, 7, 25. [Google Scholar] [CrossRef] [PubMed]

	



Yang, K.; He, J.; Tang, W.; Qin, J.; Cheng, C.C. On downward shortwave and longwave radiations over high altitude regions: Observation and modeling in the Tibetan Plateau. Agric. For. Meteorol. 2010, 150, 38–46. [Google Scholar] [CrossRef]

	



Wang, X.; Huang, J.; Feng, Q.; Yin, D. Winter Wheat Yield Prediction at County Level and Uncertainty Analysis in Main Wheat-Producing Regions of China with Deep Learning Approaches. Remote Sens. 2020, 12, 1744. [Google Scholar] [CrossRef]

	



Hengl, T.; Mendes De Jesus, J.; Heuvelink, G.B.; Ruiperez Gonzalez, M.; Kilibarda, M.; Blagotić, A.; Shangguan, W.; Wright, M.N.; Geng, X.; Bauer-Marschallinger, B. SoilGrids250m: Global gridded soil information based on machine learning. PLoS ONE 2017, 12, e169748. [Google Scholar] [CrossRef]

	



Bolton, D.K.; Friedl, M.A. Forecasting crop yield using remotely sensed vegetation indices and crop phenology metrics. Agric. For. Meteorol. 2013, 173, 74–84. [Google Scholar] [CrossRef]

	



Simonyan, K.; Zisserman, A. Very deep convolutional networks for large-scale image recognition. arXiv 2014, arXiv:1409.1556. [Google Scholar]

	



Srivastava, N.; Hinton, G.; Krizhevsky, A.; Sutskever, I.; Salakhutdinov, R. Dropout: A simple way to prevent neural networks from overfitting. J. Mach. Learn. Res. 2014, 15, 1929–1958. [Google Scholar]

	



Hu, J.; Shen, L.; Sun, G. Squeeze-and-excitation networks. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, Salt Lake City, UT, USA, 18–23 June 2018; pp. 7132–7141. [Google Scholar]

	



He, K.; Zhang, X.; Ren, S.; Sun, J. Delving deep into rectifiers: Surpassing human-level performance on imagenet classification. In Proceedings of the IEEE International Conference on Computer Vision, Santiago, Chile, 7–13 December 2015; pp. 1026–1034. [Google Scholar]

	



Kingma, D.P.; Ba, J. Adam: A method for stochastic optimization. arXiv 2014, arXiv:1412.6980. [Google Scholar]

	



Zhang, J.; Chen, H.; Zhang, Q. Extreme drought in the recent two decades in northern China resulting from Eurasian warming. Clim. Dynam. 2019, 52, 2885–2902. [Google Scholar] [CrossRef]

	



Ren, S.; He, K.; Girshick, R.; Sun, J. Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks. IEEE Trans. Pattern Anal. Mach. Intell. 2017, 39, 1137–1149. [Google Scholar] [CrossRef]

	



Jin, Z.; Azzari, G.; Lobell, D.B. Improving the accuracy of satellite-based high-resolution yield estimation: A test of multiple scalable approaches. Agric. For. Meteorol. 2017, 247, 207–220. [Google Scholar] [CrossRef]

	



Lambert, M.; Traoré, P.C.S.; Blaes, X.; Baret, P.; Defourny, P. Estimating smallholder crops production at village level from Sentinel-2 time series in Mali’s cotton belt. Remote Sens. Environ. 2018, 216, 647–657. [Google Scholar] [CrossRef]

	



Peng, Y.; Li, Y.; Dai, C.; Fang, S.; Gong, Y.; Wu, X.; Zhu, R.; Liu, K. Remote prediction of yield based on LAI estimation in oilseed rape under different planting methods and nitrogen fertilizer applications. Agric. For. Meteorol. 2019, 271, 116–125. [Google Scholar] [CrossRef]

	



Sabour, S.; Frosst, N.; Hinton, G.E. Dynamic routing between capsules. In Proceedings of the Advances in Neural Information Processing Systems 30 (NIPS 2017), Long Beach, CA, USA, 4–9 December 2017; pp. 3856–3866. [Google Scholar]

	



Fu, J.; Zheng, H.; Mei, T. Look closer to see better: Recurrent attention convolutional neural network for fine-grained image recognition. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, Honolulu, HI, USA, 21–26 July 2017; pp. 4438–4446. [Google Scholar]

	



Yang, M.; Tu, W.; Wang, J.; Xu, F.; Chen, X. Attention based LSTM for target dependent sentiment classification. In Proceedings of the AAAI Conference on Artificial Intelligence, San Francisco, CA, USA, 4–9 February 2017; Volume 31. [Google Scholar]

	



Johnson, M.D.; Hsieh, W.W.; Cannon, A.J.; Davidson, A.; Bédard, F. Crop yield forecasting on the Canadian Prairies by remotely sensed vegetation indices and machine learning methods. Agric. For. Meteorol. 2016, 218, 74–84. [Google Scholar] [CrossRef]

	



Lv, Z.; Liu, X.; Cao, W.; Zhu, Y. Climate change impacts on regional winter wheat production in main wheat production regions of China. Agric. For. Meteorol. 2013, 171, 234–248. [Google Scholar] [CrossRef]

	



Xu, J.; Zhu, Y.; Zhong, R.; Lin, Z.; Xu, J.; Jiang, H.; Huang, J.; Li, H.; Lin, T. DeepCropMapping: A multi-temporal deep learning approach with improved spatial generalizability for dynamic corn and soybean mapping. Remote Sens. Environ. 2020, 247, 111946. [Google Scholar] [CrossRef]

	



Xu, J.; Yang, J.; Xiong, X.; Li, H.; Huang, J.; Ting, K.C.; Ying, Y.; Lin, T. Towards interpreting multi-temporal deep learning models in crop mapping. Remote Sens. Environ. 2021, 264, 112599. [Google Scholar] [CrossRef]

	



Cai, W.; Wei, Z. Remote Sensing Image Classification Based on a Cross-Attention Mechanism and Graph Convolution. IEEE Geosci. Remote Sens. Lett. 2020, 19, 8002005. [Google Scholar] [CrossRef]








[image: Remotesensing 14 05280 g001 550] 





Figure 1. The study area of the counties where winter wheat is planted in China. 
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Figure 2. An overview of the proposed crop yield prediction method. (a) Preprocessing for the multi-source data. (b) The dynamic stream comprised the remote-sensing–weather (RS–weather) branch. (c) The static stream comprised the soil branch. (d) The fusion module integrated the dynamic and static streams. (e) Network training. (f) Crop yield prediction and accuracy assessment. 
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Figure 3. Network variants for the RS–weather branch: (a) VGG, (b) ResNet, (c) long short-term memory (LSTM) (d) DenseNet, (e) Dense block, and (f) gated recurrent unit (GRU). 
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Figure 4. The architecture of the RS–weather branch: (a) the RS–weather branch; (b) the Inception module. 
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Figure 5. The architecture of the soil branch. 
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Figure 6. Structure of the data fusion module. 
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Figure 7. Root-mean-square errors (RMSE) of each model from 2001 to 2015. 
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Figure 8. Comparison of predicted average yield and official statistical yield from 2001 to 2015. 
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Figure 9. Statistical and predicted winter wheat yield in 2011. (a) The official statistical yield. (b) The predicted yield. (c) The relative error. 
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Figure 10. Root-mean-square errors (RMSE) of winter wheat yield prediction for each data source from 2001 to 2015. 
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Figure 11. Model performance as a function of the day of year (DOY): (a) R2 and (b) the mean absolute percentage error (MAPE) and root-mean-square error (RMSE). The results represent means from 2001 to 2015. 
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Table 1. Input variables are used in the deep-learning model.
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Data Source

	
Variable Name

	
Units of

Measurement

	
Spatial

Resolution

	
Temporal Resolution

	
Description






	
Remote-sensing data

	
sur_refl_b01

	

	
500 m

	
8 d

	
Surface reflectance band 1 (620–670 nm)




	
sur_refl_b02

	

	
500 m

	
8 d

	
Surface reflectance band 2 (841–876 nm)




	
sur_refl_b03

	

	
500 m

	
8 d

	
Surface reflectance band 3 (459–479 nm)




	
sur_refl_b04

	

	
500 m

	
8 d

	
Surface reflectance band 4 (545–565 nm)




	
sur_refl_b05

	

	
500 m

	
8 d

	
Surface reflectance band 5 (1230–1250 nm)




	
sur_refl_b06

	

	
500 m

	
8 d

	
Surface reflectance band 6 (1628–1652 nm)




	
sur_refl_b07

	

	
500 m

	
8 d

	
Surface reflectance band 7 (2105–2155 nm)




	
LST_Day

	

	
1 km

	
8 d

	
Daytime land surface temperature




	
LST_Night

	

	
1 km

	
8 d

	
Nighttime land surface temperature




	
Weather data

	
temp

	
K

	
0.1

	
daily

	
Instantaneous near-surface (2 m) air temperature




	
pres

	
Pa

	
0.1

	
daily

	
Instantaneous near-surface (2 m) air pressure




	
shum

	
kg kg−1

	
0.1

	
daily

	
Instantaneous near surface (2 m) air specific humidity




	
wind

	
m s−1

	
0.1

	
daily

	
Instantaneous near-surface (10 m) wind speed




	
srad

	
W m−2

	
0.1

	
daily

	
Surface downward shortwave radiation




	
lrad

	
W m−2

	
0.1

	
daily

	
Surface downward longwave radiation




	
prec

	
mm hr−1

	
0.1

	
daily

	
Precipitation rate




	
Soil data

	
BLDFIE

	
kg m−3

	
1 km

	

	
Bulk density (fine earth)




	
CECSOL

	
cmolc kg−1

	
1 km

	

	
Cation exchange capacity of the soil




	
CLYPPT

	
%

	
1 km

	

	
Clay content (0 to 2 µm) mass fraction




	
CRFVOL

	
%

	
1 km

	

	
Coarse fragment volumetric fraction




	
ORCDRC

	
g kg−1

	
1 km

	

	
Soil organic carbon content (fine earth fraction)




	
PHIHOX

	

	
1 km

	

	
pH × 10 in H2O




	
PHIKCL

	

	
1 km

	

	
pH × 10 in KCl




	
SLTPPT

	
%

	
1 km

	

	
Silt content (2 to 50 µm) mass fraction




	

	
SNDPPT

	
%

	
1 km

	

	
Sand content (50 to 2000 µm) mass fraction
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Table 2. Performance of different deep-learning models based on the leave-one-out cross-validation. All methods produced statistically significant results (p < 0.05). The model with the best fit is boldfaced. MAPE, mean absolute percentage error; RMSE, root-mean-square error.
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	Method
	R2
	RMSE (kg/ha)
	MAPE (%)
	ME (kg/ha)





	VGG
	0.76
	692.39
	13.16
	129.55



	ResNet
	0.78
	660.34
	12.18
	55.83



	DenseNet
	0.78
	663.87
	12.60
	79.72



	Inception
	0.79
	650.21
	12.37
	54.21



	LSTM
	0.78
	678.25
	12.95
	17.14



	GRU
	0.76
	704.45
	13.40
	22.13
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Table 3. Performance of each data source for winter wheat yield prediction. The new model developed in this study combined all three datasets, but the analysis in this table examined each dataset separately. All R2 values were statistically significant (p < 0.05). MAPE, mean absolute percentage error; RMSE, root-mean-square error.
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	Dataset
	R2
	RMSE (kg/ha)
	MAPE (%)





	Remote sensing
	0.73
	743.91
	14.43%



	Weather
	0.67
	832.11
	15.93%



	Soil
	0.69
	807.19
	15.13%



	Dual-stream deep-learning neural network model
	0.79
	650.21
	12.37%
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Table 4. Comparison of the present results with three traditional methods. All R2 values were statistically significant (p < 0.05). MAPE, mean absolute percentage error; RMSE, root-mean-square error.
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	Method
	R2
	RMSE (kg/ha)
	MAPE (%)





	Multiple regression
	0.55
	971.04
	19.07%



	Random forest
	0.62
	890.85
	17.67%



	Support vector machine
	0.55
	966.87
	19.66%



	Dual-stream deep-learning neural network model
	0.79
	650.21
	12.37%
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