

RECOMMENDATION OF CROP AND FERTILIZER SYSTEM USING MACHINE LEARNING
ABSTRACT

Machine learning (ML) can make use of agricultural data related to crop yield under varying Crop based nutrient levels, and climatic fluctuations to suggest appropriate crops or supplementary nutrients to achieve the highest possible production. The aim of this study was to evaluate the efficacy of five distinct ML models for a dataset sourced from the Kaggle repository to generate practical recommendations for crop selection or determination of required nutrient(s) in a given site. The datasets contain information on NPK, Crop based pH, and three climatic variables: temperature, rainfall, and humidity. The models namely Support vector machine, XGBoost, Random forest, KNN, and Decision Tree were trained using yields of individual data sets of 11 agricultural and 10 horticultural crops, as well as combined yield of both agri-horticultural crops. The results strongly suggest to evaluate individual data sets separately for each crop category rather than using combined the data sets of both categories for better predictions. Comparing the five ML models, the XGBoost demonstrated the highest level of accuracy. The precision rates of XGBoost for recommending agricultural crops, horticultural crops, and a combination of both were 99.09 % (AUC 1.0), 99.3 % (AUC 1.0), and 98.51 % (AUC 0.99), respectively. This non-intrusive method for generating crop recommendations in diverse environmental conditions holds the potential to provide valuable insights for the development of a user-friendly AI cloud-based interface. Such an interface would enable rapid decision-making for optimal fertilizer applications and the selection of suitable crops for cultivation at specific sites.
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CHAPTER 1
1.1  INTRODUCTION

The economy of South Asia heavily relies on agriculture [1], which plays a vital role in ensuring both human survival and economic growth [2,3]. For over 13,000 years, people have been relying on it as their primary source of sustenance, and it remains the main food source for the world's population [4]. According to a projection, the current global population of 7.8 billion is projected to increase to 9.8 billion by 2050 [5], among them over 800 million individuals still lack sufficient access to food, and approximately 10 % of food production is lost due to factors such as pests, diseases, and adverse weather conditions [6]. These circumstances resulted in food insecurity, one of the biggest challenges that humanity is currently confronting in the 21st century [7]. To meet the growing global demand for food and ensure food security, it is crucial to adopt advanced agricultural practices and innovative technologies in farming.

The agricultural production heavily relies on local weather and climate conditions, as well as the occurrence and duration of extreme weather events [8,9], when making decisions about crop management. Inadequate availability of soil nutrients can have a negative impact on the biochemical and physiological performance of plants, ultimately resulting in reduced crop yields [10]. Maintaining soil productivity over the long term requires a balanced use of both organic and inorganic fertilizers, particularly in cases where the organic matter content is relatively low [11]. The fertility of the soil, growth of crops, and sustainable yield are all influenced by the kind and amount of fertilizers used, whether they are organic, inorganic, or a mixture of both. It is essential to regulate soil fertility in a logical manner and supplement any lacking nutrients through external fertilization to achieve a fruitful crop harvest, as suggested by sources [10,12].

Farmers often fail to consider the suitability of a site for a particular crop, leading to the planting of crops in unsuitable areas that resulted in the loss of productivity [9]. Hence, there is a need for an effective and highly precise system to suggest which crops to plant. The utilization of advanced technologies or automated farming techniques can be beneficial in addressing concerns related to environmental sustainability, soil optimization, and the collection and analysis of multiple heterogeneous variables. The potential to enhance crop cultivation methods based on available resources, adaptability to specific environments, and increased productivity is a significant area of interest. Having an accurate and efficient approach to crop management is essential in guaranteeing sustainable production and food security.

In recent years, there has been significant growth in predicting crop yields [[13], [14], [15], [16], [17]], identifying crop types [18,19], crop diseases identification [10,[20], [21], [22], [23], [24]], crop health assessment [[25], [26], [27]] through the application of ML and deep convolutional neural networks. An intelligent system called AgroConsultant was created by Doshi [28] to help farmers make informed decisions about which crop to cultivate based on their current environmental conditions such as soil type, thickness, pH, rainfall, and temperature. Waikar [29] used various ML algorithms such as Support vector machine (SVM), AdaBoost, Bagged tree, Artificial neural network (ANN), and Naïve Bayes to forecast crop yield based on soil types, soil properties and rainfall. Supervised ML algorithms, such as RF and SVM, were employed by Dubois [30] to develop models for predicting soil water potential in potato farming. Likewise ML algorithms were used by Ahmed and Hossain [31] to forecast wheat yield and multilayer perceptron (MLP), decision table, JRip algorithms (IoT framework) were employed by Gutiérrez [32] to suggest crop strategies techniques. Rajak [33] also used a soil database collected from farms and a dataset from a soil testing laboratory to recommend a crop based on site-specific parameters using SVM and ANN as machine learning models. The recent suggest that the advanced development of ML approaches can easily handle big data and precisely predict several cropping strategies, reducing the driving force of food security. Recent studies suggest that the advanced development of machine learning techniques is necessary to effectively manage large amounts of data and precisely predict various agricultural methods.
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Despite the progress in the ML in predicting cropping strategies in smart farming, there are some pitfalls in model training of the data where necessary parameters were not taken into consideration. In previous studies [28,[34], [35], [36]], recommendations for crop selection have often utilized a combination of horticultural and agricultural crops for training models, rather than focusing solely on individual crop categories. Some research has concentrated on predicting crop yield by examining specific soil properties such as soil type, depth, pH, and topsoil thickness [28,37], while others have solely analyzed soil NPK levels and pH [38]. In actuality, several interconnected and interdependent elements work in conjunction to dictate the crop's output. In order to accurately predict crop growth under specific weather conditions, it is essential to gather a wide range of data from different fields and geographic regions. This is because the nutrient and abiotic needs of crops vary depending on the type of crop and its location. Additionally, it remains uncertain how the combination of soil NPK content, soil pH, and climatic factors would impact the precision, accuracy, recall, and F1 score when using a single crop category of either agricultural or horticultural crops or combination of both. To address this, the present study employed a vast public dataset that considers the soil pH, external application of NPK fertilizer, and environmental factors such as rainfall, temperature, and humidity on a broad spectrum of crops. The data collected from a wide geographical region of India were sourced from Kaggle repository to evaluate the efficacy of ML algorithms in making efficient crop recommendations and to suggest the complementary correction measures to maximize the yield. This approach can be applied for various types of crops and regions having the similar environmental conditions.
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The main architecture of semantic segmentation algorithms consists of two parts, an encoder network (compression path) followed by a decoder network (expansion path). The encoder part is responsible for feature extractions from the input image using the aforementioned CNN architectures, like VGGnet and ResNet, without the fully connected layers. On the other hand, the decoder does the reverse of the encoder using convolution and up-sampling operations to generate an image of the same size as the input image with masks to define each crop type. The state-of-the-art semantic segmentation techniques for crop types classification from UAV imagery are highlighted in this section.

During the last years, several efficient image segmentation techniques were proposed to classify crop types, and still evolving more and more with the advance of CNN architectures. The authors from the reviewed papers adopted different CNN-based image segmentation algorithms. J. Long et al. [63] proposed the first CNN-based image segmentation technique called Fully Convolutional Network (FCN), that uses convolution and deconvolution layers to produce semantic mask of each class in the input image. However, FCN architecture has some limitations due to the max-pooling layers that reduce spatial resolution, which could lead to lose some valuable information about different crops or plants [123]. Thus, more sophisticated algorithms were proposed over the past few years, including U-Net [90], SegNet [6], DeepLab [17], which are providing good results for crop classification. Table  3 summarizes the available CNN-based algorithms in various studies that target pixel-based crop classification from UAV imagery.

Several studies have already presented the potential of various segmentation architectures for various crop classification. The authors in [21, 118] adopted two semantic segmentation algorithms (SegNet and FCN) for rice crop identification from RGB images acquired through UAV platform. As shown in Table 3, the performance of SegNet was slightly outperformed FCN achieving good results. However, the adopted procedure in [21] for data collection and transmission to the on-ground server for processing task could cause some problems, including loss of data during wireless transmission in the case of bad 4G connectivity, which is the case in many rural areas. Moreover, in [102], the authors compared FCN and SegNet algorithms with their improved SegNet version for sunflower crop classification from UAV imagery achieving an overall accuracy, between two studied fields, of 78%, 79%, and 81.95%, respectively, on RGB images, while achieving 77.45%, 78.25%, and 80.5% on RGB+NIR imagery. Also, they fused RGB and FNIR bands to improve the classification performance achieving better results of 81.55%, 82.65%, and 86.55% using FCN, SegNet, improved SegNet, respectively, while keeping real-time crop classification of 83 frame per second for the proposed approach. The authors used a combination of three approaches, including skip connection, Convolutional Conditional Random Field (ConvCRF), and deep-wise separable convolutions, to improve SegNet performance. To solve the vanishing problem, the skip connection was implemented. The ConvCRF is used to reduce processing complexity and minimize the noise in sunflower lodging. They also used deep-wise separable convolutions instead of generic convolution procedures to boost model speed while reducing computational power.

Bah et al. [8], proposed CRowNet architecture that combines the characteristics of SegNet and Hough transform (HoughCNet) to detect and highlight crop rows from UAV imagery. The proposed technique shows a clear advantage over the other applied techniques achieving an F1-Score of 90.39% and 82.5% for sugar beet classification, while FCN and SegNet achieve only 32.15% and 72%, respectively (Table 3). In [27], the authors focused on fig crop segmentation from UAV-based RGB images, where they developed a Deep Convolutional Encoder-Decoder Network inspired from SegNet architecture. The encoder part employed a shallow CNN architecture with seven learnable layers, four of which are convolution layers and the other three are pooling layers. The decoder, on the other hand, has three upsampling and three pooling layers. Because there are only two classes, the softmax function was replaced with a sigmoid function to estimate the probability of each pixel’s class. Because of its simplicity, the proposed SegNet version may reach faster processing rates. Moreover, they achieved slightly better classification performance than SegNet-Basic achieving an overall accuracy of 93.84% and 93.82%, respectively.

Other studies adopted U-Net as the main architecture to classify different crops from UAV imagery [23, 52, 53, 112]. As shown in Table  3, Wu et al. [112] achieved good results using Faster R-CNN algorithm to detect apple trees from UAV imagery. Moreover, they adopted U-Net architecture, as a semantic segmentation algorithm, to classify each pixel of the detected trees inside the generated bounding boxes achieving an overall accuracy of 97.1%. However, the adopted process is very costly in terms of time and computation power. Another example of using U-Net architecture is the one proposed by Kattenborn et al. [52], where they adopted it to predict plant species accurately from high-resolution UAV-based RGB images. They fed a (128

128) image to a U-Net architecture to identify different types of trees. The input image is passed through a series of (3

3) convolutional and (2

2) max-pooling layers to extract relevant features. The resulting feature maps are then fed to the encoder part that consists of (2

2) up-convolution (also called transposed convolution) and (3

3) convolutional layers along with the concatenation operation. Unlike SegNet, the whole feature maps are transferred from the encoder part to the decoder part in the U-Net architecture making use of the concatenation concept. However, this increases the size of the model and necessitates more memory. The concatenation concept represents the main benefit of U-Net architecture by giving it the ability to localize the targeted object, which is in our case the crop type. Its principal purpose is to conserve information that might otherwise be lost as the convolution blocks shrink the input image. As shown in Figure 5, the output of U-Net architecture produces pixel-based maps that classify each pixel that represents the targeted type of trees.

DeepLabv3+ was adopted in [74] and [25] to identify Mauritia flexuosa and different Amazonian palms, respectively, from UAV RGB images. Fuentes-Pacheco et al. [27] proposed an end-to-end Deep Convolutional Encoder-Decoder Network, which can accurately perform semantic segmentation of fig plant from UAV imagery. Also, they compared their model with another state-of-the-art semantic segmentation network (SegNet). The experimental results showed that their proposed approach provides slightly better performance than SegNet architecture achieving an overall accuracy of 93.84% against 93.82% of SegNet (Table  3). In [57], the authors developed Fully Convolutional Regression Networks and Multi-Task Learning (FCRN-MTL) to detect citrus trees from UAV imagery, where they achieved an overall accuracy of 98.8% for full-grown trees classification. However, they achieved only an overall accuracy of 56.6% for tree seedlings classification, which could be due to its small size from high altitude. Some studies adopted instance segmentation algorithm called Mask R-CNN [66, 81] which is an extended version of Faster R-CNN algorithm combined with FCN algorithm producing a pixel mask for each bounding box locating each pixel that belong to the object.

Other approaches based on CNN were also proposed in the literatures, such as the work of Rebetez et al. [85], where they proposed a hybrid architecture that combines deep CNN with an RGB histogram (HistNN) to classify different crops distributed in small parcels. They were able to classify 22 crop types efficiently from RGB images acquired through UAV platform achieving F1-scores of around 84% and 87%, respectively; using CNN and HistNN separately. However, by combining CNN and HistNN, they were able to achieve better results with an F1-score of 90%. Also, the authors in [109] applied LeNet architecture to identify corn crops from UAV imagery. In [18], the authors applied CNN-based algorithm and transfer learning to identify some strategic crop types in Rwanda. They used a pretrained VGG-16 network, without the dense layers, for feature extraction followed by one-layer neural network, dropout, and Softmax layers to classify each of the crop types. They achieved remarkable results of 96% and 90% on the classification of bananas and maize crops, respectively. However, their approach seems to have some limitations to classify intercropping such as legumes achieving only an F1-Score of 49%, which affect the overall accuracy decreasing it to 86%. The classification accuracy reduction could be affected by the diversity of legumes types in the images.

1.2 Data

The dataset utilized in this research was sourced from the Kaggle repository [39], which was collected over a period of time by the Indian Chamber of Food and Agriculture [40]. It comprises a total of 2100 data points, encompassing 11 agricultural crops and 10 horticulture crops grown under variables for NPK fertilizer, soil pH, and climatic factors such as rainfall, temperature, and humidity. The scientific names of both agricultural and horticultural crops are reported in the supplementary file (S1). The dataset shows the mean values of externally applied N, P, and K fertilizers for agricultural crops were 56, 52.11, and 31.64 kg/hector, respectively, and corresponding environmental conditions such as 24.89 °C± 4.02 °C temperature, 64.20 ± 24.10 % relative humidity (RH), 6.67 ± 0.85 pH, and 90.90 ± 61.64 mm rainfall. On the other hand, horticultural crops were found to have received an average of 47.52 kg/hector of N fertilizer, 53.29 kg/hector of P fertilizer, and 69.09 kg/hector of K fertilizer. For horticultural crops, the temperature recorded was 26.19 °C± 5.83 °C, RH was 81.82 ± 14.8 %, pH was 6.31 ± 0.57, and rainfall was 112.67 ± 43.47 mm. In order to evaluate the efficacy of the models, the crops were divided into three distinct categories: agricultural crops (AC), horticultural crops (HC), and a combination of agri-horticultural crops terming them hereafter as AC-model, HC-model and mixed crop model (Co) respectively. This dataset possesses a unique quality as it encompasses diverse geographical conditions and a wide range of crops, thereby exhibiting the potential to be utilized in various regions across the world having similar environmental conditions.

2.2. Prediction of crop using ML techniques

The study aimed to predict the selection of crops based on several factors, including NPK fertilizer, soil pH, and climatic factors, using regression algorithms (Fig. 1). To accomplish this objective, five machine learning algorithms were utilized including SVM, random forest (RF), eXtreme gradient boosting (XGBoost), K-nearest neighbors (KNN), and decision tree (DT).
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1.3 Decision tree
A decision tree is a method for categorizing crops based on attribute-value tests related to factors like NPK fertilizer, soil pH, and climate. These tests are used to create the tree, starting with a training set of data points, each with attribute values and a corresponding crop category. The choice of which attribute to test is based on its ability to differentiate between crop categories, and this process is recursive, leading to various tree sizes. Pruning can be applied to prevent overfitting and improve the tree's classification performance in terms of portability and generalization. GridSearchCV was used to fine-tuning and finding the optimal hyperparameters for the decision tree model. Specifically, max features = 'auto', the best estimator, ccp alpha = 0.001, criterion = 'entropy', random state = 2, and max depth = 5 were employed in the training of the decision tree model.

1.4 eXtreme gradient boosting
XGBoost is widely regarded as an advancement in machine learning algorithms, owing to its integration of a gradient-boosted decision tree. This feature endows the model with superior flexibility, speed, and performance compared to other models. Decision tree ensembles are built using numerous decision tree models. It separates data based on features is akin to that of a tree model. With each iteration of the model fitting process, additional trees are incorporated to address and correct any prediction errors made by previous models. Each sample is allocated to a cluster of leaves in a tree that indicates a numerical weight based on the values of its input variables.

In order to enhance the performance of the XGBoost model, we utilized several hyperparameters. The hyperparameters for the model were configured as follows: the learning rate was set to 0.1, max depth to 17, n estimators to 200, subsample rate was set to 0.5, gamma value was set to 0, and the seed was set to 50. The hyperparameters were tuned to ensure the best possible performance of the XGBoost model, taking into account factors such as speed, accuracy, and flexibility.
1.5 Support vector machine
The SVM is a classification method that effectively reduces model complexity while accurately fitting the training data. The approach operates by identifying linear hyperplanes that maximize the distance between two sides or edges of several hyperplanes, thereby minimizing the likelihood of generalization errors [41]. Reducing the number of support vectors (data point closest to the hyperplane), helps to simplify the model and reduce overfitting. By doing so, the hyperplane becomes less dependent on these support vectors, which increases the potential for generalization.

To build an ideal separation plane from the starting data in a high-dimensional feature space, SVM employs an appropriate kernel function. In this study, we used a complexity constant of C = 5, to determine the tolerance for misclassification. A high value of C may lead to overfitting issues, while a moderate value may result in overgeneralization. Furthermore, in this study, we utilized a gamma value of 0.1 and a kernel of 'rbf'. The 'rbf' kernel function denotes the radial basis function, a widely employed technique in SVM to transform the data into a higher-dimensional space. The utilization of SVM enables the efficient identification of non-linear correlations among the features, thereby augmenting its precision and efficacy.

1.6 Random forest
The random forest (RF) offers a distinct advantage over other ML models by effectively reducing generalization error. This Classifier, an ensemble learning method, is utilized to classify data by generating a forest consisting of a varying number of trees and subsequently averaging the predictions of each individual decision trees. Unlike basic DT algorithms, which are rule-based and rely solely on rules for predicting data sets, RF classifiers employ a different approach by randomly partitioning the functions instead of utilizing the Gini index or gaining weight to estimate the root-node. Each individual tree generates a prediction, and the ultimate outcome is determined by the class with the highest number of votes.

A criterion refers to a mathematical function that is utilized to evaluate the quality of a split. The entropy criterion is unique to trees, whereas the Gini criterion supports the Gini impurity. In this study, the RF model was tuned with the following parameters: a maximum depth of 6, maximum features of 5, minimum samples split of 4, random state of 0, and n estimator of 15.

1.8 K-nearest neighbors
The K-nearest neighbors’ approach is a commonly used method for identifying the k number of training samples in a given training set that exhibits the highest degree of similarity to a target object [42]. Once identified, the approach assigns the dominant category to the target object by leveraging the category of the K training samples. When making a classification decision, the approach takes into account solely the category of the sample or samples that exhibit the closest proximity. The KNN approach is only applicable to a relatively limited set of neighboring samples for making category decisions, and it is not well-suited for handling high-dimensional data. In this study, the Minkowski distance formula was selected to compute the distance between neighboring data points. This particular formula has been demonstrated to exhibit superior accuracy compared to other distance metrics. The model was configured with a value of k = 3, indicating that the classification decisions were made based on the three nearest neighbors.
1.9 Training, testing and performance evaluation

The use of imbalanced data poses a major challenge in training and testing ML models as biased models tend to produce inaccurate predictions for the minority class. To address this issue, we employed an under-sampling strategy. In order to forecast the optimal cropping strategies, machine learning algorithms were utilized. The training dataset consisted of 70 % of the available data, while the remaining 30 % was reserved for testing purposes. Effective model performance evaluation cannot be achieved solely by using accuracy. To assess the performance of the classifier models, additional model assessment metrics were generated in addition to accuracies, such as recall, specificity, precision, F1-score, and AUC based on [10,43]. AUC is the most efficient indicator for quantifying predictive power and was used to compare the accuracy of predictions.
CHAPTER 2
LITERATURE SURVEY

1. S.W. Wang, W.K. Lee, Y. Son

An assessment of climate change impacts and adaptation in South Asian agriculture

Int. J. Clim. Chang. Strateg. Manag., 9 (2017), pp. 517-534, 10.1108/IJCCSM-05-2016-0069
                Besides its impact on crop yields and production, climate change also affects the natural resources, primarily land and water that are fundamental to agricultural production. Water availability is expected to decline due to climate change, while agricultural water consumption is predicted to increase by 19% in 2050 (UN-Water 2013). For instance, growing reliance of Indian farmers on groundwater to cope with climate-induced drought has led to a rapid decline in the groundwater table, and it may worsen further due to increased climatic variability in future (Fishman 2018). In South Asia (SA), it is predicted that the annual average maximum temperature may increase by 1.4–1.8 °C in 2030 and 2.1–2.6 °C in 2050, and thus, heat-stressed areas in the region could increase by 12% in 2030 and 21% in 2050 (Tesfaye et al. 2017). Projections claim that almost half of the Indo-Gangetic Plains (IGP), the major food basket of the South Asian region, may become inappropriate for wheat production by 2050 as a result of heat stress (Ortiz et al. 2008). Even a relatively modest warming of 1.5–2 °C in SA can severely impact the availability and stability of water resources due to increased monsoon variability and glacial meltwater, thereby threatening the future agricultural productions (Vinke et al. 2017). With its impact on agricultural production and natural resources, climate change will bring greater fluctuation in crop production, food supplies, and market prices and will aggravate the situation of food insecurity and poverty in South Asian countries, which adversely affects the livelihoods of millions of people in the region (Schmidhuber and Tubiello 2007; Bandara and Cai 2014; Shankar et al. 2015; Wang et al. 2017; Aryal et al. 2019b). It is projected that food price changes between 2000 and 2050 are 2.5 times higher for major food crops (e.g., rice, wheat, maize, and soybean) and 1.5 times for livestock products (i.e., beef, pork, lamb, and poultry) with climate change (Nelson et al. 2009). Therefore, in the absence of adaptation measures to climate change, South Asia could lose an equivalent of 1.8% of its annual gross domestic product (GDP) by 2050 and 8.8% by 2100 (Ahmed and Suphachalasai 2014). The average total economic losses are projected to be 9.4% for Bangladesh, 6.6% for Bhutan, 8.7% for India, 12.6% for the Maldives, 9.9% for Nepal, and 6.5% for Sri Lanka. Since agriculture provides livelihood to over 70% of the people, employs almost 60% of the labor force, and contributes 22% of the regional gross domestic product (GDP) in SA (Wang et al. 2017), these losses of GDP will have major consequences in agriculture-dependent communities in the region (Ahmed and Suphachalasai 2014). Therefore, improved understanding of impacts of climate change in agriculture and the adaptation practices to cope with these impacts are essential to enhance the sustainability of agriculture and to design the policies that reduce poor farmers’ vulnerability to climate change in SA.
2. K.K. Verma, X.P. Song, A. Joshi, D.D. Tian, V.D. Rajput, M. Singh, J. Arora, T. Minkina, Y.R. Li

Recent trends in nano-fertilizers for sustainable agriculture under climate change for global food security
· Nano-fertilizers (NFs) significantly improve soil quality and plant growth performance and enhance crop production with quality fruits/grains. The management of macro-micronutrients is a big task globally, as it relies predominantly on synthetic chemical fertilizers which may not be environmentally friendly for human beings and may be expensive for farmers. NFs may enhance nutrient uptake and plant production by regulating the availability of fertilizers in the rhizosphere; extend stress resistance by improving nutritional capacity; and increase plant defense mechanisms. They may also substitute for synthetic fertilizers for sustainable agriculture, being found more suitable for stimulation of plant development. They are associated with mitigating environmental stresses and enhancing tolerance abilities under adverse atmospheric eco-variables. Recent trends in NFs explored relevant agri-technology to fill the gaps and assure long-term beneficial agriculture strategies to safeguard food security globally. Accordingly, nanoparticles are emerging as a cutting-edge agri-technology for agri-improvement in the near future. Interestingly, they do confer stress resistance capabilities to crop plants. The effective and appropriate mechanisms are revealed in this article to update researchers widely.
3 X. Liu, Y. Xu, S. Sun, X. Zhao, P. Wu, Y. Wang

What is the potential to improve food security by restructuring crops in Northwest China?
Exploring the potential of crop type adjustment to improve regional food security, ecological security and net economic benefits is significant for agricultural water management, green production and sustainable development in drylands. Previous studies on the optimization of crop type were mostly concentrated within the region, without considering the impact of interregional food trade on the adjustment of regional crop type. It is difficult to give full play to the advantages of crop type optimization in improving regional food security. This paper introduces the virtual water trade theory into the optimization model of crop type. By quantifying the water footprint, carbon footprint, crop calories and net economic benefits of food crops in Northwest China and Central Asia. On the basis of fully considering farmers' planting willingness in Northwest China and food trade with Central Asian, the relative and absolute comparative advantage index is used as the optimization coefficient of the model. The food security and ecological security of the region, the blue water use efficiency, the green water ratio and the net food efficiency of the provinces (districts) in the region were used as objective functions to construct an open-ended crop type optimization model to optimize the crop type in the region. The results showed that the use of the constructed open crop type optimization model to guide regional food crop type adjustment increased the calories and grey water footprint provided by regional crops by 7.5% and −6.6%, respectively. The provinces in the region have seen varying degrees of improvement in the benefits of blue water use and net economic benefits, particularly in Gansu Province, which have increased by 51.0% and 53.5%, respectively. Due to the effect of crop type adjustment on the regional green water footprint and carbon footprint targets is less than satisfactory. On this basis, effective suggested measures to improve the efficiency of crop green water use and reduce the carbon footprint were proposed. In this study, the combination of relevant measures and grain crop type adjustment can give full play to the role of grain crop type adjustment in alleviating regional water resources and ecological pressure, improving food security, ecological security and sustainable grain production. It is expected to ensure global food security and promote green production and sustainable development of crops.
























