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ABSTRACT 

In recent days, the crop yield prediction is a major area of research, where the information about the suitable crop to 

cultivate will be very much useful for the farmers to cultivate. The crop yield prediction in agricultural helps the farmers to 

know how much yield they can expect from the cultivation. It also helps in minimizing the loss to the farmers when 

unfavorable condition occurs. The proposed work is to predict the yield of the crop based on the suitable crop parameters 

like Temperature Min, Temperature Max, Humidity, Wind speed, Pressure using neural network model. In this research 

paper, crop yields predictions were established using Feed Forward Neural Network and Recurrent Neural Network model 

which predict the crop yield. The performances of neural network models were evaluated using the metrics like Root Mean 

Square Error (RMSE) and Loss. 

1. INTRODUCTION 

Agricultural is the backbone of Indian economy. Every farmer is interested in knowing the yield of crop that he could expect 

during the harvest period, since agricultural is more reliable on weather condition, yield prediction is an important aspect for them. 

There are number of reasons for the loss of the crop, some of the most important factors is that the crops, fertilizers and crop 

productivity not properly known to the farmers. The crop yield with forecast of climate change will be more helpful for the farmers 

in cultivation. The major challenge of crop prediction is climatic change, weather decided the crops yield. When rainfall or 

humidity is weak, it is sometimes difficult to predict the crops on time and resolving food security problems to predict crop yields 

before harvest the crops. The yield prediction could be more beneficial and extremely challenging factor in the crop productivity. 

Thus, crop yield prediction needed to analyze the varies climatic parameters, to estimate the production of crop yields profits or 

loss. The main goal of crop yield prediction is achieving high agricultural crop productivity. The Evolution of many prediction 

model, make the techniques improve and increases their effectiveness. The yield prediction is achieved with the flexible 

methodology of artificial neural networks (ANNs) using feed forward and recurrent neural network. 

EXISTING SYSTEM 

Shruti Kulkarni in the paper Predictive Analysis to improve Crop Yield using a Neural Network Model discussed about the rice 

yield variability from season to season is harmful to the farmer’s profits and livelihoods. Improving farmer’s ability to predict crop 

productivity under different climatic conditions will help farmers and other stakeholders make important agronomic and crop 

selection decisions. Neural network can be used to predict rice production and investigate factors affecting the production of rice 

crops for different districts of Maharashtra State India. The parameters considered were precipitation, minimum temperature, 

average temperature, maximum temperature and reference crop evapotranspiration, area, production and yield for the Kharif 

season (June to November) for the years 1998 to 2002. The dataset was processed using WEKA tool. Author used Artificial Neural 

Networks to forecast rice crop yields for the state of Maharashtra, India and evaluate the efficiency of the Artificial Neural network  

 

DISADVANTAGES 

PROPOSED SYSTEM 

To implement this project we are using agriculture production dataset and then training above 3 neural networks algorithms on that 

dataset and building neural network model, we can apply new test data on that model to predict crop yield will be HIGH or LESS. 

In test data we will have values of location, current year, and agriculture land area and then neural model will predict production. 

 

ADVANTAGES 

curacy is Very high. 

2. LITERATURE SURVEY 

 

2.1 S. Li, S. Peng, W. Chen, and X. Lu, ‘‘INCOME: Practical land monitoring in precision agriculture with sensor networks,’’ 

Comput. Commun., vol. 36, no. 4, pp. 459–467, Feb. 2013. 

The advent of Wireless Sensor Networks (WSNs) spurred a new direction of research in agricultural and farming domain. 10 In 

recent times, WSNs are widely applied in various agricultural applications. In this paper, we review the potential WSN 11 

applications, and the specific issues and challenges associated with deploying WSNs for improved farming. To focus on the 12 

specific requirements, the devices, sensors and communication techniques associated with WSNs in agricultural applications are 

13 analyzed comprehensively. We present various case studies to thoroughly explore the existing solutions proposed in the 
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literature 14 in various categories according to their design and implementation related parameters. In this regard, the WSN 

deployments for 15 various farming applications in the Indian as well as global scenario are surveyed. We highlight the prospects 

and problems of 16 these solutions, while identifying the factors for improvement and future directions of work using the new age 

technologies. 

Modern day farming demands increased production of food to accommodate the large global population. Towards this goal, 22 

new technologies and solutions [1]–[12] are being applied in this domain to provide an optimal alternative to gather and process 23 

information [13], [14] to enhance productivity. Moreover, the alarming climate change and scarcity of water [15]–[20] demand 24 

new and improved methods for modern agricultural fields. Consequently, the need for automation and intelligent decision making 

25 is becoming more important to accomplish this mission [21]–[24]. In this regard, technologies such as ubiquitous computing 26 

[25], wireless ad-hoc and sensor networks [23], [26]–[39], Radio Frequency Identifier (RFID) [40], cloud computing [7], [41], 27 

[42], Internet of Things (IoT) [43], [44], satellite monitoring [45], remote sensing [46]–[48], context-aware computing [45] are 28 

becoming increasingly popular.  

[2]

 

X.Frencis Jensy, V.P.SumathiJanani Shiva Shri, “An exploratory Data 

2.2 A. D. Jones, F. M. Ngure, G. Pelto, and S. L. Young, ‘‘What are we assessing when we measure food security? A compendium 

and review of current metrics,’’ Adv. Nutrition, vol. 4, no. 5, pp. 481–505, 2013. 

The appropriate measurement of food security is critical for targeting food and economic aid; supporting early famine warning and 

global monitoring systems; evaluating nutrition, health, and development programs; and informing government policy across many 

sectors. This important work is complicated by the multiple approaches and tools for assessing food security. In response, we have 

prepared a compendium and review of food security assessment tools in which we review issues of terminology, measurement, and 

validation. We begin by describing the evolving definition of food security and use this discussion to frame a review of the current 

landscape of measurement tools available for assessing food security. We critically assess the purpose/s of these tools, the domains 

of food security assessed by each, the conceptualizations of food security that underpin each metric, as well as the approaches that 

have been used to validate these metrics. Specifically, we describe measurement tools that 1) provide national-level estimates of 

food security, 2) inform global monitoring and early warning systems, 3) assess household food access and acquisition, and 4) 

measure food consumption and utilization. After describing a number of outstanding measurement challenges that might be 

addressed in future research, we conclude by offering suggestions to guide the selection of appropriate food security metrics.  

2.3 G. E. O. Ogutu, W. H. P. Franssen, I. Supit, P. Omondi, and R. W. Hutjes, ‘‘Probabilistic maize yield prediction over East 

Africa using dynamic ensemble seasonal climate forecasts,’’ Agricult. Forest Meteorol., vols. 250–251, pp. 243–261, Mar. 2018 

We tested the usefulness of seasonal climate predictions for impacts prediction in eastern Africa. In regions where these seasonal 

predictions showed skill we tested if the skill also translated into maize yield forecasting skills. Using European Centre for 

Medium-Range Weather Forecasts (ECMWF) system-4 ensemble seasonal climate hindcasts for the period 1981â€ “2010â€ ¯at 

different initialization dates before sowing, we generated a 15-member ensemble of yield predictions using the World Food 

Studies (WOFOST) crop model implemented for water-limited maize production and single season simulation. Maize yield 

predictions are validated against reference yield simulations using the WATCH Forcing Data ERA-Interim (WFDEI), focusing on 

the dominant sowing dates in the northern region (July), equatorial region (March-April) and in the southern region (December). 

These reference yields show good anomaly correlations compared to the official FAO and national reported statistics, but the 

average reference yield values are lower than those reported in Kenya and Ethiopia, but slightly higher in Tanzania.We use the 

ensemble mean, interannual variability, mean errors, Ranked Probability Skill Score (RPSS) and Relative Operating Curve skill 

Score (ROCSS) to assess regions of useful probabilistic prediction. Annual yield anomalies are predictable 2-months before 

sowing in most of the regions. Difference in interannual variability between the reference and predicted yields range from Â±40%, 

but higher interannual variability in predicted yield dominates. Anomaly correlations between the reference and predicted yields 

are largely positive and range from +0.3 to +0.6. The ROCSS illustrate good pre-season probabilistic prediction of above-normal 

and below-normal yields with at least 2-months lead time. From the sample sowing dates considered, we concluded that, there is 

potential to use dynamical seasonal climate forecasts with a process based crop simulation model WOFOST to predict anomalous 

water-limited maize yields.. 

2.4 M. E. Holzman, F. Carmona, R. Rivas, and R. Niclòs, ‘‘Early assessment of crop yield from remotely sensed water stress and 

solar radiation data,’’ ISPRS J. Photogramm. Remote Sens., vol. 145, pp. 297–308, Nov. 2018. 

Soil moisture (SM) available for evapotranspiration is crucial for food security, given the significant interannual yield variability 

of rainfed crops in large agricultural regions. Also, incoming solar radiation (Rs) influences the photosynthetic rate of vegetated 

surfaces and can affect productivity. The aim of this work is to evaluate the ability of crop water stress and Rs remotely sensed 

data to forecast yield at regional scale. Temperature Vegetation Dryness Index (TVDI) was computed as an indicator of crop water 

stress and soil moisture availability. TVDI during critical growth stage of crops was calculated from MODIS products: 

MODIS/AQUA 8-day composite LST at 1 km and 16-day composite vegetation index at 1 km. Rs data were obtained from Clouds 

and the Earth's Radiant Energy System (CERES). The relationship between TVDI, Rs and yield of wheat, corn and soybean was 

analyzed. High R2 values (0.55-0.82, depending on crop and region) were found in different agro-climatic regions of Argentine 

Pampas. Validation results showed the suitability of the model RMSE = 330-1300 kg ha-1, Relative Error = 13-34%. However, 

results were significantly improved considering the most important factor affecting yield. Rs proved to be important for winter 

crops in humid areas, where incoming radiation can be a limiting factor. In semi-arid regions, soils with low water retention 

capacity and summer crops, crop water stress showed the best results. Overall, results reflected that the proposed approach is 

suitable for crop yield forecasting at regional scale several weeks previous to harvest. 

2.5 A. Singh, B. Ganapathysubramanian, A. K. Singh, and S. Sarkar, ‘‘Machine learning for high-throughput stress phenotyping in 
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plants,’’ Trends Plant Sci., vol. 21, no. 2, pp. 110–124, 2016. 

Advances in automated and high-throughput imaging technologies have resulted in a deluge of high-resolution images and sensor 

data of plants. However, extracting patterns and features from this large corpus of data requires the use of machine learning (ML) 

tools to enable data assimilation and feature identification for stress phenotyping. Four stages of the decision cycle in plant stress 

phenol typing and plant breeding activities where different ML approaches can be deployed are (i) identification, (ii) classification, 

(iii) quantification, and (iv) prediction (ICQP). We provide here a comprehensive overview and user-friendly taxonomy of ML 

tools to enable the plant community to correctly and easily apply the appropriate ML tools and best-practice guidelines for various 

biotic and a biotic stress traits. 

 

3. MODULES: 

 

Upload Loan Dataset: 

 

Crop Dataset is very useful in our system for prediction of more accurate result. Using the Crop Dataset the system will 

automatically predict which crop yields it should predict crop yield will be HIGH or LESS. System will accept crop yield data as 

an input.  

 

Data Pre-processing: 

 

In Data cleaning the system detect and correct corrupt or inaccurate records from database and refers to identifying incomplete, 

incorrect, inaccurate or irrelevant parts of the data and then replacing, modifying or detecting the dirty or coarse data. In Data 

processing the system converts data from a given form to a much more usable and desired form i.e. makes it more meaningful and 

informative. Post processing procedures usually include various pruning routines, rule quality processing, and rule filtering, rule 

combination, model combination, or even knowledge integration. All these procedures provide a kind of symbolic filter for noisy, 

imprecise, or non-user- friendly knowledge derived by an inductive algorithm 

 

Determine the training and testing: 

 

Data Typically , Here the system separate a dataset into a training set and testing set ,most of the data use for training ,and a 

smaller portions of data is use for testing. After a system has been processed by using the training set, it makes the prediction 

against the test set. 

 

Apply Algorithms: 

 

In this we are using RNN and Feed forward and LSTM algorithms to predict accuracy. It is a non-probabilistic supervised machine 

learning approaches used for classification. It assigns a new data member to one of two possible classes. It defines a hyper plane 

that separates n-dimensional data into two classes. 

 

Prediction:  

 

Crop Yield Prediction is defined as the percentage of correct predictions for the test data. It can be calculated easily by dividing the 

number of correct predictions by the number of total predictions. 

 

SYSTEM ARCHITECTURE: 

 

 
 

4. UML DIAGRAMS 

 

The three major elements of UML are 
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1. The UML’s basic building blocks 

2. The rules that dictate how those building blocks may be put together 

3. Some common mechanism that applies throughout the UML. 

 

1. C

LASS DIAGRAM 

 

In software engineering, a class diagram in the Unified Modeling Language (UML) is a type of static structure diagram that 

describes the structure of a system by showing the system's classes, their attributes, operations (or methods), and the relationships 

among the classes. It explains which class contains information. 

 
 

2.  

 

Use Case Diagram 

 

 

Start

Upload Agriculture Dataset

Run RNN algorithm

Run LSTM Algorithm

Stop

SYSTEM.

Pre-process dataset

Run feed forward neural network

Accuracy comparison graph

Predict Disease using test data

User

Top 6 crop yield graph

 
 

 
User System

Start 

Upload Agriculture Dataset

Run RNN algorithm

Run LSTM Algorithm

Run feed forward neural network

STOP

Predict Disease using test data

Pre-process dataset

Accuracy comparison graph

Top 6 crop yield graph

Squence Diagram 
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5.OUTPUT SCREENS 

 

 
In above test data in last column there is no production values and neural network will predict production will be high or less. In 

above dataset we have area name, crop name, year and area size. 

 

 
In above screen click on ‘Upload Agriculture Dataset’ button to upload dataset 

 

 
In above screen selecting and uploading ‘dataset’ folder which contains agriculture and rainfall dataset and then click on ‘Select 

Folder’ button to load dataset and to get below screen 
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In above screen dataset loaded and above dataset contains missing values and string values and neural network will not accept 

missing or string values so we need to pre-process above dataset to replace missing and string values with numeric data. So click 

on ‘Pre-process Dataset’ button to get below screen 

 
In above screen all dataset converted to numeric values and now dataset is ready and now click on ‘Run RNN Algorithm’ button to 

build RNN model on loaded dataset 

 

 
In above screen RNN model generate with accuracy as 58% and now click on ‘Run LSTM Algorithm’ button to build LSTM 

model 
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In above screen LSTM model generated with accuracy 78% and now click on ‘Run Feed Forward Neural Network’ button to build 

feed forward model 

 
In above screen feed forward model generated with accuracy 62% and now click ‘Accuracy Comparison Graph’ button to get 

below graph 

 

 
In above graph x-axis represents algorithm name and y-axis represents accuracy of those algorithms and in all algorithms LSTM 

giving better prediction accuracy and now click on ‘Predict Disease using Test Data’ button to upload test data and then neural 

network will give below prediction result. 
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In above screen selecting and uploading ‘testData.csv’ and then click on ‘Open’ button to get below result 

 
In above screen in square brackets we have test values from dataset which converted to numeric format and after square bracket we 

can see prediction result as HIGH or LESS. Based on given agriculture input neural network will give prediction result. Now click 

on ‘Top 6 Crop Yield Graph’ button to get below graph 

 

 
In above graph x-axis represents state names and y-axis represents rainfall, rice, coconut, sugarcane and various top6 crops in other 

states. First graph is for state vs. rainfalls; state vs. rice, state vs. coconut, state vs. sugarcane and top6 various crops in different 

states.  

 

6. CONCLUSION  

 

The work to predict the yield of the crop based on the suitable crop parameters like Temperature Min, Temperature Max, 

Humidity, Wind speed, Pressure using neural network model like Feed forward Neural Network and Recurrent Neural Network. 

The performance of neural network model was evaluated using the metrics like Root Mean Square Error (RMSE) and Loss. 

Comparing the FNN and RNN based on loss of error RNN has low error rate at the same it is better for crop yield prediction. This 

makes the farmers to take decision right for right crop to cultivate the agriculture sector. The future study can be made to enhance 

the type of diseases that affect the crop and also suggesting to use a type of pesticide in order to overcome the diseases 
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