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Development of a modified model for predicting cabbage yield based
on soil properties using GIS
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Abstract

This study proposes a deep learning algorithm to predict crop yield using GIS (Geographic Information System)
to extract soil properties from Soilgrids and soil suitability class maps. The proposed model modified the structure
of a published CNN-RNN (Convolutional Neural Network-Recurrent Neural Network) based crop yield prediction
model suitable for the domestic crop environment. The existing model has two characteristics. The first is that it
replaces the original yield with the average yield of the year, and the second is that it trains the data of the predicted
year. The new model uses the original field value to ensure accuracy, and the network structure has been improved
so that it can train only with data prior to the year to be predicted. The proposed model predicted the yield per unit
area of autumn cabbage for kimchi by region based on weather, soil, soil suitability classes, and yield data from
1980 to 2020. As a result of computing and predicting data for each of the four years from 2018 to 2021, the error
amount for the test data set was about 10%, enabling accurate yield prediction, especially in regions with a large
proportion of total yield. In addition, both the proposed model and the existing model show that the error gradually
decreases as the number of years of training data increases, resulting in improved general-purpose performance
as the number of training data increases.
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Fig. 1. Soil organic carbon stock map from Soilgrids.org
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Fig. 2. Soil suitability class from Korean Soil Information System
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Fig. 3. Average yield of field grown autumn cabbage,

South Korea from 1980 to 2021(Unit : kg per 10 acre)
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Fig. 4. Average corn yield in Corn Belt, USA from 1980 to
2018 (Unit : bushels per acre)
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yield and training data

Sort Variable Cor
Soilgrids phh20 mean 60-100cm 0.384
soil suitability possible area 0.379
Soilgrids phh20 mean 100-200cm 0.330
Soilgrids silt mean_60-100cm 0.313
weather 3" week of August vapor pressure | 0.308
weather | 4" week of December vapor pressure | 0.307
weather 2" week of January vapor pressure | 0.307
weather 1* week of February vapor pressure | 0.302
weather | 1 week of September vapor pressure | 0.300
weather 4" week of July vapor pressure 0.300

Table 2. Cor index and p-value of negatively correlated

yield and training data

Sort Variable Cor
Soilgrids cec_mean_(-5cm -0.409
Soilgrids ocs_mean (0-5cm -0.397
Soilgrids ocs_mean_5-15cm -0.397
Soilgrids ocs mean_15-30cm -0.397
Soilgrids ocs_mean_30-60cm -0.397
Soilgrids ocs_mean_60-100cm -0.397
Soilgrids ocs_mean_100-200cm -0.397
Soilgrids cec_mean_5-15cm -0.393
Soilgrids nitrogen_mean_5-15cm -0.346
Soilgrids cec_mean_15-30cm -0.330
Soilgrids soc_mean_15-30cm -0.324
Soilgrids cec_mean_30-60cm -0.313
Soilgrids cec_mean_60-100cm -0.311
Soilgrids ocd mean 0-5cm -0.304
Soilgrids soc_mean_5-15cm -0.302

Fig. 5. Structure of Proposed Model
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Table 3. Structure of W-CNN to extract features of
weather information (FS, NF, S, and Padding are kernel

size, number of filters, stride, and padding, respectively)

W-CNN
Input size 52x1
Layer name FS | NF | S Padding
Convl 3 16 1 valid
Conv2 3 16 1 valid
Average pooling 2 2 - 1 valid
Conv3 3 32 1 valid
Conv4 3 32 1 valid
Average pooling 2 2 - 1 valid
Convs 3 64 1 valid
Conv6 3 64 1 valid
Average pooling 2 2 - 1 valid
Conv7 3
Fully-connected 64
Fully-connected 32
Fully-connected 16
Output size lox1

Table 4. Structure of S-CNN to extract characteristics

of Soilgrids
S-CNN
Input size 6x1
Layer name FS | NF S Padding

Convl 3 16 1 valid
Conv2 3 32 1 valid
Average pooling 2 2 - 2 valid

Output size 16x1

Table 5. Structure of AD-CNN to extract characteristics

of soil suitability classes

AD-CNN
Input size 5x1
Layer name FS | NF S | Padding
Convl 3 16 1 valid
Conv2 3 16 1 valid
Fully-connected 4
Output size 4x1
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Table 6. Comparison of Test and Prediction Error(Unit: kg)

Base model Proposed model
Year Ground Truth . .
Test Prediction Test Prediction
2018 10547.00 1573.42(14.92%) 1136.74(10.78%) 1597.72(15.15%) 752.24(7.13%)
2019 9663.69 1724.32(17.84%) 986.39(10.21%) 1560.64(16.15%) 1091.64(11.30%)
2020 9670.37 1385.18(14.32%) 1126.98(11.65%) 848.4(8.77%) 1000.62(10.35%)
2021 8598.28 1317.50(15.32%) 1631.56(18.98%) 698.12(8.12%) 2222.61(25.85%)
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