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1. Introduction 

About 60 percent of people in India are directly or indirectly associated with 

agriculture. It is a big challenge faced by any government to provide sufficient food 

supply to the people, especially in areas with the continuing expansion of population and 

shrinkage in agricultural land. In the last few decades, the focus has been on increasing 

food grain production to attain self-sufficiency. But unfortunately, oilseed production did 

not fulfill the demand of the ever-increasing population. So, to achieve self-sufficiency in 

oilseed production, one should know about the response of the oilseed crops to existing 

and changing environmental conditions. Oilseed crops represent one of the major groups 

of crops and play an imperative role in India’s agricultural and industrial financial system 

in India. Rapeseed-mustard is the second most important edible oilseed after groundnut 

sharing 27.8% of the oilseed economy in India (Mandal et al., 2006). 

Crop yield is affected by extreme weather events and climatic variability. It is 

desirable to develop accurate and dynamic crop yield prediction models to overcome 

considering the challenge of food security at the domestic and international levels. 

Accurate information about the history of weather variables and crop yield is useful for 

making decisions related to agricultural risk management and future predictions. An 

accurate and timely prediction of crop production with a longer lead time can be very 

useful, depending on the scale of applications. It allows an agricultural producer to take 

more informed in-season corrective crop management and financial decision. The 

government policymaker can take actions such as stocking food supply and strategic 

resource mobilization in the most insecure areas. Many agricultural industries 

increasingly rely on crop market outlooks and yield prediction for their decision-making.  

Conventionally, the crop yield estimation is based on nationwide crop-cutting 

experiments (CCE), these results are aggregated at various administrative units, but these 

estimates come after the harvest. Crop-cutting experiments are laborious, time-

consuming, and require more accuracy. Therefore it is important to devise a methodology 

for crop yield prediction at multi-stage before crop harvest. This will be helpful for taking 

informed decisions for planners and resource managers. Mainly empirical statistical 

models and crop simulation models have been used for crop yield prediction (Bocca and 
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Rodrigues, 2016). Several researchers developed several prediction models based on 

statistical techniques by time series data. However, time series data is often full of non-

linearity and irregularity. Several machine-learning modern techniques has been used, 

such as Artificial Neural Network (ANN), Support Vector Machine (SVM), and Random 

Forest (RF), to overcome the problems of predicting non-linearity and non-stationary 

time series dataset. R statistical software was used to develop prediction models and 

compare the results of these techniques to determine the best one among them. Modern 

machine learning techniques are based on climatic variables and crop yield data with 

limitations in quantifying the absolute changes in crop biophysical parameters and crop 

yield losses. In contrast, crop simulation models used soil, plant, and climatic variables to 

monitor crop growth and estimate yields at regional scales. Comparing the theory of crop 

model and statistical models, crop models require more detailed data on crop growth, soil 

parameters, and management factors (Lobell and Field, 2007; Xiong et al., 2007; Zhang 

et al., 2008), but in favor statistical models doesn’t need field and management data 

(Lobell and Burke, 2010). Song et al. (2011) recommended that the optimal combination 

of different empirical crop yield prediction models is a more reliable approach to 

overdrawing the limitation of individual approaches at regional scales. 

Keeping these research gaps in mind following objectives of the research were 

formulated: 

1. To calibrate and validate crop simulation model for mustard crop at experimental 

farm and farmer’s fields and evaluate it for mustard yield prediction 

2. To develop and evaluate machine learning models for mustard yield prediction. 

3. To design and demonstrate a yield prediction methodology by optimal 

combination of models. 

In this study, mustard yield prediction was accomplished using a crop-simulation 

model in conjunction with various machine-learning techniques. First, the InfoCrop-

mustard model was tested on an experimental research farm as well as on farmer 

fields, and a multi-stage mustard prediction was done for IARI, New Delhi. Second, 

variable selection and extraction along with ANN, SVM, and RF approaches was 
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used for mustard yield prediction for IARI, New Delhi and five major mustard 

growing zones of Rajasthan. The R statistical software version 3.1.3 was used to 

create the best prediction model. To determine the best models for mustard yield 

prediction for study areas, different model accuracy parameters were used to compare 

the models. Finally, a variance-based optimum combination approach was used to 

predict mustard crop yield for study areas. 
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2. Review of Literature 

The oilseed plays an important role in the economy of a nation. Oilseed crops 

represent one of the major groups of crops and play an imperative role in India’s 

agricultural and industrial financial system. Rapeseed-mustard is the second most 

important edible oilseed after groundnut sharing 27.8% of the oilseed economy in India 

(Pradhan et al. 2014). The area occupies by rapeseed and mustard is approximately 6.02 

million hectares, with a production of 7.98 million tones (DES, 2018). The decision 

regarding planting Rabi season crops depends upon the previous crop harvesting time. 

The growth and development of mustard crop is highly sensitive to weather variables by 

changing the microenvironmental conditions (Goyal et al., 2018). Weather is an 

important uncontrollable factor influencing crop growth and development. Mustard is 

mainly grown in the North-West part of India, semi-arid to sub-tropic regions having 

well-defined wet and dry winter seasons. Mustard is the most important oilseed crop 

grown in the Rabi season in the North-West part of India, and it is largely grown in 

Punjab, Haryana, Uttar Pradesh, Bihar, and Rajasthan State. The ideal climate type 

required for the mustard crop is semi-arid and sub-tropical, with a distinct wet season and 

a dry winter season. In India, mustard is sown mainly during the first week of October 

however it is often shifted to the first week of November. Mustard seed yield in different 

geographical areas are highly related to the spatial variability of weather. Weather is 

dynamic, continuous, and multi-dimensional. These unfavorable properties make weather 

prediction a formidable and challenging task for meteorologists. For effective weather 

prediction modeling, we required computer models, agro-meteorological observatories, 

and knowledge of patterns and trends of weather variables through historical records. 

Mainly two kinds of methods are used widely for weather prediction: empirical approach 

and dynamical approach; empirical models, are generally used for efficient local-scale 

weather prediction. Many prediction systems combine empirical dynamic approaches for 

large-scale weather prediction, whereas remote sensing data can effectively be used for 

large-scale weather prediction. Remote sensing has limitations in quantifying the absolute 

changes in crop biophysical parameters and crop yield losses. 
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Statistical and crop models are two important tools for detecting the change in 

observed yield with predicted yield. Crop models can integrate the knowledge of crop 

physiology, soil science, agronomy, and meteorology into the models, representing a set 

of mathematical equations to describe physical, physiological, and chemical processes to 

simulate crop growth. Comparing the theory of crop model and statistical models, crop 

models require more detailed data on crop growth, soil parameters, and management 

factors (Lobell and Field, 2007; Xiong et al., 2007; Zhang et al., 2008), but in favor 

statistical models doesn’t need field and management data (Lobell and Burke, 2010). The 

variation in crop yields from location to location and year to year is due to the change in 

crop growth and development influenced by a change in weather spatially and secularly, 

making yield estimation a baffling process. The prediction of yield differs spatially and 

temporally depending on the objectives, such as the yield estimation for a research field, 

farm, village, or district, and that for a week, month, or longer before harvest. For the 

prediction of yield on the regional scale, the Directorate of Economics and Statistics of 

the Ministry of Agriculture follows traditional survey techniques such as crop-cutting 

experiments. 

The results related to different aspects of delay in sowing, crop yield prediction by 

a weather-based statistical model, crop simulation model, and their optimal combination 

obtained by earlier workers at the global level for different crops under different 

treatments were reviewed and presented in the following sub-headings. 

1) Effect of dates of sowing  

Exact sowing time is one of the most important factors which directly plays a key role 

in crop yield improvement. Mustard cultivars have variable optimum sowing time; this 

provides the flexibility of mustard crops for adjusting in multiple cropping systems 

around the year. Moreover, sowing time in the case of mustard crops does have variable 

crop response. Thus, optimizing the sowing time for a mustard cultivar will help in 

exploiting the maximum yield potential of the cultivar. We have further discussed the 

various parameters get affected by sowing time. 
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1.1) Growth and development 

The thermal environment of the cultivar gets affected by a change in sowing time 

which ultimately affects the growth and development of the cultivar, leading to a change 

in life cycle completion (Adak et al., 2011a). The plant's early completion of the life 

cycle due to delayed sowing is because of higher temperature at the latter part of plant 

growth, which leads to forced maturity. Similarly, compared to early and regular sowing, 

late-sown crops accrued 9-20 percent lower GDD over the entire crop duration period 

(Adak et al., 2011b). The heat needed to achieve any phenological event in mustard crops 

differed from cultivar to cultivar, and its accumulation decreased as sowing was 

postponed (Chand et al., 1995). With delayed sowing, Das et al. (2009) observed longer 

vegetative and shorter reproductive stages in mustard. The vegetative stage of a late-sown 

crop was subjected to lower temperatures and less solar radiation, necessitating a longer 

period to accumulate a given number of growing degree days. With each delay in sowing, 

the overall crop length decreased. Temperature increases in the second half of February 

damaged the productivity of late-planted mustard crops (Ghosh and Chatterjee, 1988). 

Each crop requires a particular number of growing degree days for the vegetative to 

reproductive phase. Due to the prevalence of higher temperatures and longer sunshine 

hours during the post-sowing season, early sowing (1st October) absorbed required 

growing degree days in relatively less time (Kanth et al., 2000). 

Weerakoon and Somaratne (2011) used ten mustard accessions (AC 501, 515, 

580, 790, 1099, 1814, 2122, 5088, 7788, and 8831) in a study at Nagollagma, Sri Lanka, 

to determine the relationship between growth and yield during two growing seasons 

Maha (October to March-receives North eastern showers) and Yala (April to September-

receives South western showers). During the Maha season, they obtained the highest 

yield from three mustard accessions (AC 580, 5088, and 7788), and AC 7788 produced 

the highest yield in the Yala season, demonstrating adaptability to seasonal variations. In 

B. rapa, delayed sowing increased the maturity phase (Liyong et al., 2007; Jun et al., 

2007). The crop growth rate was found to be higher for normal sowing and lower for 

delayed sowing for all species. In any given crop growth season, crop growth and 

development rates are a function of energy receipt and thermal regime (Neogi et al., 

2005). The higher crop growth rate associated with timely sowing was primarily due to a 
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high leaf area index, which accumulated dry matter at a faster rate per unit leaf area per 

unit time, resulting in a decrease in dry matter with delay in sowing (Thurling, 1974). 

Early sown crops in B. napus (Robertson et al., 2002; Poureisa and Nabipour (2007) and 

B. juncea (Nanda et al., 1996). had a longer period of pod filling. Singh et al. (2002) 

stated that a crop's yielding potential is based on a greater proportion of biomass and 

yield being invested in variation in their edaphic and environmental conditions, which 

was accomplished by changing sowing dates. According to Pradhan et al. (2014), the 

vegetative period increased with sowing delay (49 days in early sowing, 62 days in 

normal sowing, and 66 days in late sowing), while the reproductive phase decreased with 

sowing delay (90 days in early sowing, 80 days in normal sowing and 58 days in late 

sowing). 

1.2) Leaf area index (LAI) 

The leaf area index (LAI) is a relevant parameter for leaf growth and 

development. The LAI is calculated as a ratio of the total one-sided leaf cover area to the 

ground cover area. LAI is crucial to subsequent crop growth, absorbed fractional PAR, 

biomass, and seed yield production of crops. Hence, LAI is the most important 

biophysical parameter used in crop yield prediction models (Krishnan et al., 2016), and 

climatic models (Waring and Landsberg, 2011). LAI is the highly sensitive input 

parameter in crop simulation models like Info-Crop. Thus, the accurate measurement of 

LAI is necessary for better crop vigor monitoring and use in modeling purposes and 

overall crop management practices (Wallach et al., 2001; Schirrmann et al., 2015). 

Alteration in the leaf area of a crop canopy may modify crop productivity, photosynthesis 

rate, and harvest index to a larger extent. The crop environment can be modified by 

sowing the crop on different dates anticipating reduced seed yield. Pradhan et al. (2014) 

reported a significant interaction between the date of sowing and cultivars concerning 

LAI and seed yield while working on mustard at ICAR-IARI, New Delhi. Allen and 

Morgan (1972) used oilseed rape as an experiment crop and found that higher LAI during 

the flowering period resulted to attain more seed yield, which was positively influenced 

by several pods/plant and the seeds/pod. Umburanas et al. (2019) worked on soybean 

crops in Parana State, Brazil, and concluded that the value of LAI reduced from 5.78 to 

3.88 for late sowing. The mean temperature at the reproductive phase of mustard was 
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increased due to delay in sowing irrespective of cultivars, resulting in reduced LAI 

(Kumar et. al., 2017). Panda et al. (2004) experimented on two mustard cultivars with 

three different dates of sowing and noticed a significant reduction in LAI under delay in 

sowing for New Delhi conditions. There was a significant reduction in the peak value of 

LAI from 6.14 to 4.27 with a delay in the sowing of winter maize at Odhisa (Kar and 

Kumar, 2015). Several researchers studied the mustard crop and found the same results 

for reduction in LAI under delayed sowing in India (Singh and Singh, 2002; Kumar et. 

al., 2000; Kurmi, 2002).  

1.3) Seed yield 

The yield of a crop varies with different cultivars and environmental conditions. It 

is a necessity to analyze the seed yield for different environmental conditions to 

overcome the losses. Delay in sowing for the Rabi season crop was mainly responsible 

for diminishing the crop’s vegetative phase, advanced reproductive phase, and reduced 

seed yield and above-ground biomass (Thurling and Das, 1980). Tomar (1997) 

experimented on mustard at Tikamgarh and noted a significant reduction in seed yield for 

a late sown crop. Dhoble et al. (1997) worked in the Prabhani district of Maharashtra 

emphasized that the 1074 kg/ha seed yield was obtained for 18th October sowing as 

compared to 436 kg/ha for17th November sowing. An experiment on the mustard crop at 

Navsari china (Patel et al., 1994) revealed that late sowing is responsible for seed yield 

reduction. Surekha and Reddy (1996) showed the performance of the mustard cultivar at 

Rajendranagar, Hyderabad, and reported that the 5th October sown crop had a higher 

yield than the 5th November sown crop. Pal et al. (1996) at Hissar, Gare et al. (1996) at 

Rahuri, Tuteja et al. (1996) at Raipur found similar results for mustard crops at different 

locations. There were nearly 40% losses in seed yield for different mustard cultivars if 

delayed in sowing time by one month from mid of October (Lallu et al., 2010). Different 

dates of sowing led to changes in the thermal environment of the experimental field 

resulting from variations in seed and growth parameters (Adak et. al., 2011a). Singh et al. 

(2001) revealed that there was about a 25% reduction in the seed yield of Indian mustard 

with delay in sowing. Pradhan et al. (2014) observed the significant interaction between 

the date of sowing and cultivars concerning seed yield of mustard and concluded that 

significant reduction in mustard seed yield (about 45%) in late sowing compared to early 



   9 
 

and normal sowing for all three cultivars at semi-arid environmental condition. Gupta et 

al. (2017) experimented at Jammu and found a significant reduction (about 42%) in 

mustard seed yield with delayed planting. A similar type of results was obtained by Roy 

et al. (2005) for the mustard crop, Kumar et al. (2008) for the soybean crop, and Prakash 

et al. (2010) for the cotton crop. Kar and Kumar (2015) noted 4.6 to 11.7% reduction in 

seed yield in delayed sowing of winter maize at Bhubaneswar, Odisha. 

1.4) Biomass production 

Since grain yield is highly dependent on photosynthesis partitioning towards 

grain filling after anthesis, studies on biomass development and partitioning are of 

greater importance to crop management. According to Thurling (1974), Brassica 

campestris accumulates about 85 percent of the total dry matter before anthesis, while 

Brassica napus accumulate just 50 percent. In a mustard crop, Rao (1992) found that 12 

to 17 percent of dry matter production was accumulated before flowering and the rest 

after flowering under Delhi conditions. In a study conducted in Varanasi in 1982-83, 

Krishnamurthy and Bhatnagar (1998) found that dry matter (DM) increased with a 

positive correlation between DM and LAI at flowering and final DM development and 

that CGR increased until flower cessation and then dropped. Studies on Brassica juncea 

and Brassica napus revealed that when the crop was subjected to moderate temperature 

stress (28/150C) for a short period of 6 days to 7 days, dry matter production was 

unaffected, while when the crop was exposed to high-temperature stress (35/150C), dry 

matter production was significantly reduced. In a study conducted by Kar and 

Chakravarty (2001) on sandy loam soils in Delhi during the years 1993-94 and 1994-95, 

they found a 6 and 22% reduction in biomass production in Brassica crops sown in the 

first and third weeks of November, respectively, as compared to crops sown in the third 

week of October (cv. B.O.54 and Pusa Bold). Giri (2001) found that the October sown 

crop produced more dry matter (cv. Pusa Jaikisan) than the November sown crop in a 

field experiment conducted in Delhi. Singh et al., (2002) found the highest biomass 

allocation in leaves (59%), followed by stems and roots at the first flower appearance in 

semi-arid Haryana. Stems had the highest biomass at the start of seed filling, followed by 

leaves, roots, and siliquae, while at the end of seed filling and maturity, stems had the 

highest biomass allocation (43 to 59 percent), followed by siliquae (32 to 63 percent), 
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and leaves (9.5 to 2%). Due to the delay in sowing, Dastidar and Patra (2004) observed a 

small delay in flowering and maturity. The biological yield could increase as the number 

of pods grows. Kar and Kumar (2015) revealed that 9.6 to 17.6% reduction in above-

ground biomass in the delayed sowing of winter maize at Bhubaneswar, Odisha. 

1.5) Radiation use efficiency 

In plant growth determination, solar radiation is the key factor. According to 

Monteith (1994) relation between the solar radiation utilized by the crop and its biomass 

production rate is called radiation use efficiency. Radiation use efficiency is stated as the 

quantity of dry biomass above the ground or total dry matter produced per unit 

intercepted photosynthetically active solar radiation. The quality and intensity of 

intercepted radiation by the crop, control the growth, development, and yield. Out of the 

total solar radiation, nearly 50 percent of the solar radiation falls in the infrared region, 41 

percent in the visible region, and 9 percent in the ultraviolet region Kahle et al. (2003). 

Solar radiation is an important component of photosynthesis, an energy source utilized 

for metabolic activities. The capability of interception of incoming radiation and 

conversion into biomass determined the crop growth in the field conditions (Gifford et al. 

1984). Long et al. (2006) found that photosynthesis and yield potential, could be 

enhanced by up to 50 percent through effective light utilization. The important 

impression of double cropping on the resources specifies the variance between storable 

resources like water and non-storable resources like radiation. Carriglia et al., (2004) 

observed that Water use efficiency (WUE) and radiation use efficiency (RUE) was 

thoroughly linked. Variation in biomass accumulation was observed due to differences in 

radiation interception, which primarily depends primarily on LAI (Lindquist et al., 2005). 

Effective conversion of solar radiation interception and efficiency of plant leaf in the 

conversion of intercepted light into dry matter affects the plant biomass production. 

Absorption of incoming photosynthetically active radiations is significantly related to 

cropping geometry and LAI (Plenet et al., 2000). Muchow et al. (1993) found that 

underneath optimum circumstances of water availability, the radiation use efficiency 

(RUE) rests almost persistent during most of the plant growth cycle and demonstrates no 

effects due to local atmospheric conditions. Factors such as air temperature, vapor 

pressure deficit, and water stress are the most common elements which affect the RUE. 
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However, crop productivity is not entirely dependent on resource capture during the 

growing season but also on resource use efficiency (Azam-Ali et al., 1994; Yang et al., 

2004). 

Pradhan et al. (2014) found a significant reduction of about 32 and 26% in 

radiation use efficiency in delayed sowing mustard crops compared with early and 

normal sowing, respectively. It may be due to the sharper reduction in above-ground 

biomass than the corresponding decrease in intercepted PAR. Kar and Kumar (2015) 

experimented on winter maize and reported that the peak IPAR was higher (89.3%) in the 

first sown crop, which might be attributed to higher biomass, LAI, and crop height for all 

cultivars. They also reported a significant reduction in radiation use efficiency with the 

peak value of 1.97, 1.85, and 1.60 g MJ-1 for the first, second and third sowing, 

respectively. 

1.6) Water productivity 

Water Productivity (WUE) is defined as a ratio of economic yield (seed or grain) 

or biomass production concerning crop evapotranspiration. In simple words, it is the 

amount of crop yield produced per unit of water uptake. Water deficit is one of the most 

significant abiotic stresses for crops, affecting growth, development, and yield 

(Micheletto et al., 2007). The weather variable during different phenological stages also 

changed by changing sowing dates for the crop. Since weather variables play an 

important role in crop evapotranspiration hence, crop evapotranspiration is affected by 

the delay in sowing. Pradhan et al. (2014) experimented on the mustard crop at IARI, a 

New Delhi research farm, and found that there was about a 15% significant reduction in 

evapotranspiration. He also concluded that the water use efficiency for delayed sowing 

was significantly (p < 0.05) lower than that of early and normal sowing crops. A 

significant gain in crop water productivity was found for the fields sown the earliest 

(maximal WUE around 3.5 kg-m-3) compared to those sown the latest (minimal WUE 

around 1.5 kg-m-3). 

1.7) Oil content  

The seed oil content varied under different environmental conditions which can 

modify by different sowing dates. Kumar et al. (2008) reported that a certain ambient 
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temperature should be required for oil accumulation in an oilseed crop. The delay in 

sowing reduced seed yield and oil content in rapeseed (Pritchard et al. 2000; Ozer, 2003). 

Turhan et al. (2011) worked on two different rapeseed cultivars in Turkey and reported a 

2.5% reduction in oil content with a delay in sowing. The mustard seed oil content 

showed a significantly drastic reduction with delayed sowing in the semi-arid condition 

in India (Adak et. al., 2011b; Sharma et. al., 2006). Several studies reported that delayed 

sowing is responsible for rising crop canopy temperature at the time of oil accumulation 

resulting in decreased oil content in mustard. Robertson et al. (2004) did an experiment 

on canola in Australia and reported that every 1°C increase in temperature above the 

normal date of sowing during flowering and grain filling reduced the oil percentage by 

1.7. Tobe et al. (2013) revealed that normally sown canola had a significantly higher 

percentage of oil content than delay sown crop. Response of rapeseed oil content to 

changes in sowing date showed significant results; the mustard sowing on 30th September 

had the highest oil content (40.9%) compared to the 30th October sowing crop (37.7%) 

(Kumar et. al., 2008). Nazeri et al. (2018) reported that seed oil content had a drastic 

variation of about 4% in the late-sown crop for canola cultivars in Iran. 

1.8) Harvest index (HI) 

Panda et al. (2004) suggested that each delay date in sowing after 16th October 

decreased the harvest index. Lallu et al. (2010) observed that November sowing caused a 

significant reduction in HI (17.9%) as compared to October sowing (22.9 %). Afroz et al. 

(2011) recorded significantly higher HI with 10th November sowing (31.4%) as compared 

to 20th November (30.4%) and 30th November (29..4%) sowings. Kumari et al. (2012) 

observed that 10th October sowing resulted in significantly higher HI (22.9%) over 20th 

October sowing (22.2%) and 30th October (21.7%) sowing. Patel (2013), in a field 

experiment at Tikamgarh, Madhya Pradesh revealed that the 20th October sown crop 

exhibited a significantly higher harvest index (%) compared to the 4th November and 19th 

November sown crops. 

2) Crop yield prediction 

The variation in crop yields from location to location as well as year to year is due 

to the change in crop growth and development influenced by a change in weather 
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spatially and secularly. It makes yield estimation/prediction a challenging task. The crop 

yield prediction and estimate are generally two different things. The prediction and final 

estimates depend on the timing of the release. The crop yield prediction is the art of 

predicting crop yields and production before the harvest occurs, typically a couple of 

weeks/months in advance. Prediction can be made before the harvest of the entire crop, 

whereas estimates are made after the crop harvest (Bouman, 1995). It is more important 

to consider the effect of the weather and climate in a prediction approach.  

 From the agricultural point of view, crop yield prediction is an important aspect of 

giving precise, scientific sound, and independent prediction of crop yield and production 

to make informed decisions by growers and to make timely import and export 

decisions by planners and resource managers (Horie et al., 1992). There are various 

generic prediction methods, and some of them can be applied to crop yield prediction as 

well (Petr, 1991). Using a proper prediction method and getting reliable results with the 

same dataset depends on the vision of the predicter. No standard prediction methods 

available in the literature (Makridadis et al., 1998; Armstrong, 2001). 

 Presently, the crop forecasting activity was operationalized in the Ministry of 

Agriculture by establishing a center, Mahalanobis National Crop Forecast Centre 

(MNCFC) in April 2012. MNCFC provides crop production forecasts for 8 major crops 

through FASAL (Forecasting Agricultural output using Space, Agro-meteorology, and 

Land-based observations) program at national/state/district level. FASAL project is 

operational under the Ministry of Agriculture and Farmers Welfare, Govt. of India in 

collaboration with the Space Application Centre (SAC), Institute of Economic Growth 

(IEG) and India Meteorological Department (IMD). Under the FASAL scheme, IMD in a 

joint effort with Agromet Field units (AMFU) situated at distinctive State Agricultural 

Universities (SAUs), ICAR research institutes, and IITs, develops operational yield 

estimates for the Kharif and Rabi seasons utilizing statistical models. FASAL approach 

integrates inputs from various sources (Singh et al., 2017). It involves the econometric 

models based on time series data at the early stage of crop growth, agromet models 

during the mid-crop growth, and remote sensing based on forecasts after flowering and 

the pre-harvest stage of crop growth. An outline of FASAL model had been shown in 

Figure 2.1. 

https://www.frontiersin.org/articles/10.3389/fpls.2019.00621/full#B22
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Figure 2.1: Forecasting agricultural output using apace, agro-meteorology, and aand-

based observations (FASAL) program 

Crop yield prediction methods can be classified into two broad categories: 

subjective and objective. The subjective approach is used traditionally by sample survey 

methods such as crop-cutting experiments conducted in India by the Directorate of 

Economics and Statistics of the Ministry of Agriculture. This method is time-consuming 

and labor-intensive. In contrast, objective methods rely upon the “models” which 

describe the plant environment interactions in quantitative terms. In general, there are 

mainly two approaches, empirical statistical models and crop simulation models to 

predict crop yield used by researchers considering the variability of weather and climate 

(Bocca and Rodrigues, 2016). 

2.1) Empirical crop models 

Traditionally empirical/regression statistical crop models had been developed to 

predict the nature of crop biometric parameters, economic yield, and above-ground 

biomass with the help of several factors such as agro meteorological or weather 

parameters, soil properties, and long-term time or technology trend data. Empirical 

statistical models are simple and require fewer input data and time than crop simulation 

models. It is a simple regression technique in which average weighting coefficients are 

used statistically to make crop weather-based models statistical models (Lobell and 
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Burke 2010; Shi et al. 2013). A long series of historical weather and yield data is required 

to develop a weighting coefficient to calibrate and validate the model. The empirical 

statistical model has limited applicability in space and time due to heterogeneity in 

weather parameters and soil properties of that particular place. The empirical approach 

doesn't have an explanatory nature or see the effect of a particular input parameter on the 

resulting output but is a very practical approach to assessing crop yield. Most agro-

meteorological models do not respond well to extreme conditions weather. Prediction of 

crop yield using weather and management inputs into a statistical regression is relatively 

conventional and used in several research programs of crop yield prediction (NASS, 

2006; Lobell et al., 2009). Empirical models can give many insights into past crop yields 

and historical effects and can be utilized to guide the other types of models (Lobell et al., 

2011). 

 Fisher (1924) and Hendricks and Scholl (1943) have done pioneer work to 

develop a crop weather relationship model that requires a small number of weather 

parameters over a crop season. Fisher hypothesized that weather variables show a 

specific trend and don’t show abrupt changes within a week. Afterward, Hendricks and 

Scholl (1943) modified Fisher's method by considering the joint effect of weather 

variables. This existing model was again modified by Agrawal et al. (1986), including 

weight variables instead of individual weather variables. Crop–weather model was 

developed for turmeric yield prediction in Coimbatore district, Tamil Nadu, India with a 

coefficient of determination of 0.89 (Kandiannan et al., 2002). Statistical models used for 

groundnut and ragi in coastal Karnataka based on weather and yield data by Rajegowda 

et al. (2014). Kumari and Kumar (2014) used an ordinal logistic model based on weather 

data, predicting wheat (Triticum aestivum L.) yield in Kanpur district of Uttar Pradesh. 

The time-series data of temperature and yield were used to assess the impact of climate 

change on mustard crop in Haryana. (Shabnam et al., 2013). Lobell et al. (2013) used 

statistical models to determine the effects of increases in temperature on maize yield in 

the USA. Kazmi and Rasul, (2012) did a study on agro-meteorological wheat yield 

prediction in the rain-fed Potohar region of Pakistan. Verma (2015) did the pre-harvest 

yield prediction of mustard crop at the zonal level in Haryana through linear mixed 

models. Garde et al. (2015) used stepwise multiple linear regression techniques for pre-
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harvest wheat crop yield prediction for Varanasi district of eastern Uttar Pradesh. 

Agrawal et al. (2001) developed a weather based crop yield prediction model for wheat 

and rice in Madhya Pradesh by considering the effect of weather on crop yield. Dutta et 

al. (2001) developed a meteorological model for rice crops with 82% coefficient of 

correlation for 10 districts of Bihar and predict the crop yield. Pandey et al. (2015) 

developed a statistical model for rice crop in the eastern Uttar Pradesh region and also 

noticed the effect of single weather variables or a combination of them on crop yield. 

According to them, sunshine (hour) played a more important role in prediction than wind 

velocity and rainfall, whereas the joint effect of rainfall and wind velocity was more 

crucial than other combinations. Singh et al. (2014) predicted rice and wheat seed yield 

through a weather-based yield prediction model for the Uttar Pradesh region with good 

model accuracy in crop yield prediction. Giri et al. (2017) developed a regression 

equation for 6 districts of Madhya Pradesh for wheat and rice yield prediction with <10% 

standard deviation. Vashisth et al. (2014) used a weather-based statistical model for 

multistage crop yield prediction of wheat crop at 45 and 25 days before harvesting with 

10.7% and 7% percentage deviation, respectively. Gupta et al. (2018) developed a 

statistical crop yield prediction model for mustard for six districts of western Uttar 

Pradesh with R2 values ranging between 0.26 to 0.87. 

Statistical modeling methods based on machine-learning algorithms can provide 

alternatives to traditional regression approaches and overcome some of their limitations. 

These machine-learning techniques belong to the class of algorithmic approaches, which 

assume the data mechanism as a ‘black box’ or ‘gray box’. Machine-learning techniques 

have been used increasingly in recent years as niche-based classification modeling tools 

for predicting species habitat suitability in response to climate change (Lawler et. al., 

2006; Olden et. al., 2008). Researchers are using data-driven models to get accurate 

predictions by using the available data (Xing et al., 2018; Hund et al., 2018). In a data-

driven model, Machine Learning (ML) algorithms play a major role in achieving better 

accuracy (Liu et al., 2017). This technique suffers an overfitting problem due to 

correlation in independent variables (Verma et al. 2016). So it is most important to 

overcome this problem by use of variable selection methods (e.g. stepwise multiple linear 

regression (SMLR), least absolute shrinkage and selection operator (LASSO), or elastic 
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net (ENET) method) or variable extraction method (e.g. principal component analysis) 

before developing a crop weather model (Das et al. 2017). 

More recently, machine learning techniques such as artificial neural networks, 

support vector machines, and random forest have been applied with variable selection 

and variable extraction techniques for crop yield prediction. The use of the most 

important variables, which play more than 90% role in model development is called 

variable selection, whereas variable extraction creates new variables by taking all 

possible combinations of factors. Variable selection techniques are generally used to 

remove correlated input parameters in domains where there are many features and 

comparatively few samples. Whereas variable extraction aims to crate heterogeneity in 

the number of input variables by creating a new variable from the innovative data set and 

characterizing it into a lower dimensional space (Kumar et. al., 2020). 

Feature selection may be done as forwarding selection, backward selection, and a 

combination of both. Stepwise regression is a combination of the forward and backward 

selection techniques so that after each step in which a variable was added, all candidate 

variables in the model are checked to see if their significance has been reduced below the 

specified tolerance level. Step-wise multiple linear regression is an automated iterative 

procedure of regression is followed by the elimination of explanatory variables which 

have the weakest correlation. Zhang (2016) introduced variable selection with the 

stepwise regression technique as the best subset approach due to various information 

criteria. The most important technique for variable extraction is Principal component 

analysis (PCA) which removes homogeneity in variables and creates uncorrelated 

variables (known as Principal component (PC)). This method entails dimensionality 

reduction by principal component analysis (PCA) resulting in the most relevant 

components called 'PCs'. The linear regression is performed between the variable of 

interest (biophysical parameter) and PCs. The first few PC(s) can explain maximum 

variability in explanatory variables which are used as explanatory variables in the model 

and model parameters are easily estimated with reasonable accuracy. Azfar et al (2015) 

developed the model using principal component analysis of weekly data on weather 

variables for developing a rapeseed and mustard yield prediction model for Faizabad 

district of UP. Yield prediction were done for three subsequent years 2009-10 to 2011-12. 
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He reported that the model with six weather variables (maximum and minimum 

temperature, Morning and evening relative humidity, wind velocity, and sunshine hour) 

was most appropriate for providing yield prediction one and half months before the 

harvest. Annu et al. (2017) developed a wheat weather-based model in conjunction with 

MLR as a variable extraction technique. 

A salient feature of machine learning models is that they treat the output (crop 

yield) as an implicit function of the input variables (genotypes and weather components), 

which could be a highly non-linear and complex mathematical function. 

2.2) Yield prediction using artificial neural network (ANN) 

In the recent scenario of prediction of yield and weather prediction, artificial 

neural network (ANN) getting a great deal of attention. Complex problems are solved by 

this method even if the quality of data is less or lacks precision in data. There are 

numerous introductory works on ANNs have been done by many workers. Cheng and 

Titterington (1994) have done a well-detailed study of neural network models vis-a-vis 

traditional statistical models. They have shown that some statistical methods including 

regression, principal component analysis, density function, and statistical image analysis 

can be given neural network expressions. Warner and Mishra (1996) reviewed the 

relevant literature on neural networks, clarified the learning algorithm, and made a 

comparison between regression and neural network models in terms of notations, 

terminologies, and implementation. Zhang et al. (1998) gave the overall summary of the 

work in ANN, providing the procedures for neural network modeling and the general 

paradigm of the ANNs, especially those used for prediction. The comparative 

performance of neural networks is studied with traditional statistical methods, and most 

of the studies concluded with a better performance of ANN over the traditional method. 

Gaudart et al. (2004), for determining the quality in prediction and robustness of the 

deviation of multilayer perceptron to linear regression, showed relative performance of 

Multilayer perceptron (MLP) was found better than linear regression. ANNs, data-driven, 

and self-adaptive methods are working based on prior assumptions of the model. Based 

on examples, subtle functional relationships among the data are captured even if the 

underlying relationships are unknown or hard to describe. ANNs can identify and learn 
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correlated patterns between input data sets and corresponding target values through 

training. After training, ANNs can be used to predict the outcome of new independent 

input data and have great capacity in predictive modeling, i.e. all the characters relating 

to the unknown condition are uploaded to the trained ANNs, and then the prediction of 

yield may be possible.  

An artificial neural network (ANN) by its name itself says it is a network of 

artificial neurons that follows the concept of function as in human brain neurons. The 

structure of an artificial neural network consists of several layers of processing units 

/neurons/ nodes (Haykin, 2001). Modeling with ANN involves two important tasks, 

namely, topology and learning algorithm of a network. The first task topology of 

networks comprises (a) fixing the number of layers, (b) the number of neurons present for 

each layer, (c) the node function for each neuron, (d) feedback or feed-forward method, 

and (e) the pattern of connection between the neurons through layers. All these alterations 

should be considered for improved performance of the system. The learning phase deals 

with weight adjustments as well as threshold values (Hagan and Menhaj, 1994). Usually, 

the data is divided into three non-overlapping sets: the so-called training, validation, and 

testing set. The training set, consisting larger portion of data, is used to teach the network 

to get the desired target function. Then the validation set is used to decide when to stop 

the training process, to avoid overfitting, a situation where the network memorizes the 

training data rather than learning the law that governs them. The testing data set, which is 

exposed to the unseen data, is used to measure the performance of the trained network by 

mean square error (MSE) or root mean square error (RMSE) or normalized root mean 

square error (nRMSE). Neural Network architectures were developed by using 

Levenberg Marquardt (LM) Algorithm (Ranganathan, 2004; Hao and Wilamowski 2011) 

as a training algorithm for weight matrix. 

Due to the high variability in yield from year to year, there is a need to provide a 

reliable yield prediction, which will be helpful in decision-making as well as future 

planning. Various studies exist in the literature for predicting crop yield with linear and 

non-linear techniques but the prominent ones among linear are Regression and 

Autoregressive Integrated Moving Average (ARIMA) Model and for non-linear, 
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Artificial Neural Network (ANN) architecture (Agrawal et al., 1986; Zhang, 1998; 

Sharma et. al., 2012; Kumari, et. al., 2013 and Kumari, et. al., 2014a). 

ANN has many distinguishing features that make it attractive to a researcher. It is in 

contrast to many traditional techniques for time series predictions, such as Regression 

and ARIMA, which assume that the existing relationships in the problem under study are 

generated from linear processes and might be inappropriate for most real-world problems 

that are non-linear. Therefore, there is a need to solve non-linear, time-variant problems, 

such as in agriculture and other fields, which are uncertain in their behavior and change 

with time. ANNs are known to provide competitive results to various traditional time 

series models such as ARIMA model (George et. al., 2001; Ho et. al., 2002; Mishra and 

Singh, 2013; Meena et. al., 2016). Kumari et al (2016) evaluated the performance of 

Artificial Neural Network (ANN) by comparing it with Multiple Linear Regression 

(MLR) and Autoregressive Integrated Moving Average (ARIMA) for predicting the 

yield of pigeon pea for Varanasi region of Uttar Pradesh using 27 years of data (1985-86 

to 2011-12). The performance of the model was assessed by root mean squared error 

(RMSE). As compared to both linear models, ANN was found to be best suitable model 

having the lowest RMSE with predicted yield during the year 2012-13 for Varanasi 

region. Emamgholizadeh et. al., (2015) used two methods, namely an artificial neural 

network (ANN) and multiple regression model (MLR) for estimating the seed yield of 

sesame from readily measurable plant characters (e.g., flowering time of 100% (days), the 

plant height (cm), the capsule number per plant, the 1000-seed weight (g) and the seed 

number per capsule). The accuracy of neural network model and multiple linear 

regression models are validated with field data, seed yield prediction of sesamum 

indicated that the prediction accuracy of ANN was better with the coefficient of 

determination, root means the square error of 0.91 and 0.34 t/ha respectively, while 

MLR model showed R2 and RMSE value of 0.78 and 0.346 t/ha respectively. Laxmi and 

Kumar (2011) did yield prediction for rice, wheat, and sugarcane by utilizing different 

learning algorithms using neural networks by multilayer perceptron architecture. For the 

development of ANN model, weather indices such as maximum and minimum 

temperatures, rainfall, and morning relative humidity were considered as input variables, 

whereas district-level crop yield was taken into consideration as a dependent or output 
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variable. The conjugate gradient descent algorithm used for learning in multiple 

perceptions was found to be more accurate in most cases for the yield prediction. From 

these findings, the study of ANN authenticates good potential for accurate prediction of 

yield. Das et al. (2018) performed PCA on 42 weather indices for a developed weather-

based rice model using the ANN technique on the west coast of India. He reported that 

the range of RMSE and nRMSE during validation was superior in PCA-ANN as 

compared to ANN. 

2.3) Yield prediction using support vector machine (SVM) 

Support Vector Machine (SVMs) is a kernel-based, nonparametric, supervised 

machine learning technique used for the prediction and classification of samples in two 

disjoint clusters (Pal, 2009). The prediction accuracy of SVMs depends on model input 

variable and kernel types because it is nonparametric (eg: linear, polynomial, radial-based 

function, and sigmoid) (Ustuner et al., 2015). It is an idea for a set of correlated 

superintended learning techniques that show patterns and rate data being used for 

regression analysis and classification. It can use two possible class forms making the 

nonprobabilistic binary linear classifier the prediction for each input (Collobert et. al., 

2001). Vapnik (1998) first develop a technique that can be used for prediction by support 

vector machines (SVMs) with good accuracy. SVM generates a hyperplane or more than 

one hyperplane in a high or infinite dimensional space, which is utilized for regression, 

classification, or other tasks. The SVM techniques are used for extensive applications in 

in the prediction of crops and weather along with long-time series data analysis. SVM 

method was used to overcome the overfitting problem in the input dataset. Different 

weather variables such as daily maximum and minimum temperature, precipitation, 

bright sunshine hour, maximum and minimum relative humidity along with long-term 

seed yield data are required for crop yield prediction (Athani and Tajeshwar, 2017). 

Gandhi et al. (2016) evaluated SVM model and predicted the rice crop yield with 78.76% 

accuracy by applying SMO classifier using the WEKA tool for 27 districts of 

Maharashtra state, India. Balakrishnan and Muthukumarasamy (2016) compared SVM 

and Naive Bayes techniques for the prediction of different crops in Thanjavur district, 

Tamil Nadu. They reported that the accuracy of SVM and Naive Bayes techniques for 

rice paddy were 90.5% and 86.3%; 87.6% and 84.9% for cotton; 88.5% and 85.6%for 
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Sugarcane; 89.3% and 85.4%for groundnut; 86.7% and 82.4% for black gram, 

respectively. These results clearly showed that the SVMs approach was a better 

prediction option than the Naive Bayes approach. Su et al. (2017) developed a SVM-

based Open Crop Model (SBOCM) to predict the growing stages of rice and seed yield at 

a regional level. Karimi et al. (2008) used a fivefold cross-validated support vector 

technique with aerial hyperspectral data to predict the biophysical parameters and yield of 

corn. They found more accurate prediction results by SVM technique over the stepwise 

regression technique. Were et al. (2015) did the relative evaluation of support vector 

regression, artificial neural networks, and random forests for soil organic carbon 

prediction. They found that the model accuracy assessment parameters favored the 

prediction by SVM among all other techniques at the unvisited locations. Dey et al., 

(2017) predicted the rice yield (Aus, Aman, and Boro rice) by different models such as; 

Multiple Linear Regression, SVM, Adaptive Boosting, and Modified Nonlinear 

Regression. They concluded that the Modified Non-linear Regression model predicted 

the rice yield in a better way than the other three predefined models, except for predicting 

Aman Rice, where the support vector machine had more accuracy in prediction. Palanivel 

and Surianarayanan (2019) reviewed several types of machine learning techniques such 

as linear regression, artificial neural networks, and Support Vector Machines and found 

that SVM based prediction models are found to be more suitable for crop yield 

prediction. SVM theory is a bit intimidating, particularly because the more efficient SVM 

variants often incorporate difficult-to-understand concepts for a non-expert user. This 

limits effective cross-disciplinary applications of SVMs. The importance of crop 

prediction is highly needed for agriculture and the economy. Numbers of studies were 

done using SVM for classification purposes but very few studies on crop yield prediction 

used variables selection and extraction by SMLR and PCA, respectively. 

2.4) Yield prediction using random forest (RF) 

Random forest is a most popular and powerful supervised machine learning 

algorithm capable of performing both classification and regression tasks (Breiman, 2001). 

Random forest is used for classification purposes for categorical variables, but apart from 

that, it is used as a regression technique for continuous variables. Random Forest operates 

by constructing a multitude of decision trees at training time and outputting the class that 
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is the mode of the classes (classification) or mean prediction (regression) of the 

individual trees. More number of decision trees in a forest are needed to develop a robust 

prediction model. Several homogeneous units of decision trees had been developed to 

improve the model's performance by splitting each tree variable known as nodes based on 

the nature of input variables. These variables used to split the data are considered 

important explanatory variables. The random forest technique avoids overfitting in the 

training dataset and is based on boots trapping. The predicted value of a continuous 

response is the mean fitted response from all the individual trees that resulted from each 

bootstrapped sample. The key advantage of the random forest technique is it can 

investigate non-linear and hierarchical relationships between the predictors and the 

response using an ensemble learning approach. In the case of Random Forest, the training 

parameters that needed specification were: (i) the number of trees to grow the forest 

(ntree), (ii) the number of randomly selected predictor variables at each node (mtry), and 

(iii) the minimal number of observations at the terminal nodes of the trees (node 

size).The default value of ntree =500 and mtry=M/3 for regression problems, where M is 

the number of features for prediction. Gromping, (2009) reported that RF regression 

technique provides a more accurate result for highly correlated input variables. 

Tulbure et al. (2012) used random forest regression to identify important variables 

for switching grass yields across the USA. They identified nitrogen fertilizer, cultivar, 

rainfall, stand age, and soil silt levels as the most influential of 22 predictor variables. 

The variables identified by random forests were then used to build better models of 

switch grass yield. Fukuda et al. (2013) demonstrated Random Forest models to predict 

the maximum and mean value of mango fruit yield under different irrigated and rainfed 

conditions. Everingham et al. (2016) used the random forest technique for sugarcane 

yield prediction by using 10 years of weather data. They reported that the accuracy of 

sugarcane yield prediction varies from 86.4% to 95.5% in September in the year before 

harvest and January in the year of harvest. Jeong et al. (2016) used Random forest and 

compared it with multiple linear regressions for wheat, maize, and potato tuber. They 

reported that wheat yield prediction at a global scale had nRMSE values of 16 and 33 for 

prediction done by Random forest and multiple linear regressions, respectively. Random 

forest performed better than MLR in all measures of model performance for US maize 
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yield predictions for 30 years with RMSE of 1.13 tons/ha, which is 16.7% of the average 

observed yield. The result obtained by RF showed more accuracy in the prediction of 

potato tuber compared with the MLR technique. Random forest have been used as a 

classification tool rather than a regression tool for predicting ecosystem or crop 

productivity (Vincenzi et. al., 2011). Less literature is available for applications of RF 

regression in the fields of crop science. 

3) Crop simulation models 

Crop simulation models (CSM) are an alternative approach to studying the crop 

ecosystem. Crop simulation models are extensively used to understand the influence of 

meteorological parameters, soil properties, crop genotype, and crop management 

practices on various agricultural applications. Dynamic mechanistic crop models are 

process based and they utilize established physiological processes to mimic the influence 

of environmental conditions on the growth and yield of crops. 

The explosion of information in different agricultural science disciplines 

necessitated a system modeling approach to understand the interaction between different 

components of a system and the overall response of the system. System modeling was 

initially popular in engineering science but originated in the 1960s in agricultural science 

with the pioneering work of physicist, C. T. de Wit of Wageningen University. The work 

of modelers at Wageningen University continually evolved and led to the development of 

many models like MACROS, SUCROS, BACROS, etc. Another pioneer was a chemical 

engineer, W. G. Duncan, who published on modeling canopy photosynthesis (Duncan et 

al., 1967). Jones et al. (2017) reviewed the brief history of agricultural system modeling. 

Global wheat shortage in the USA during 1972 caused a major boost in studies of 

agricultural system modeling for predicting regional crop production with the help of 

remote sensing to understand the behavior of international trade. It led to the 

development of CERES model for wheat and maize (Ritchie and Otter, 1984; Jones and 

Kiniry, 1986). Likewise, the pioneer efforts of Duncan, Ritchie, and others have 

progressed and supported the extensively used DSSAT group of crop models through 

collaborative efforts among the University of Florida, University of Hawaii, Michigan 

State University, the International Fertilizer Development Institute, Washington State 
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University, and others (IBSNAT, 1984; Tsuji et al., 1998; Uehara and Tsuji, 1998; Jones 

et al., 2003; Hoogenboom et al., 2012). Australia during the 1990s, guided the 

development of a cropping system model ‘APSIM’ group model, which is one of the 

most widely used crop models in the world (McCown et al., 1996; Keating et al., 2003). 

The Systems Analysis of Rice Production (SARP) project in 1984 guided the 

development of the extensively used rice model ORYZA (Penning de Vries et al., 1991; 

Bouman et al., 2001). The workers from India also contributed to developing of these 

models through a collaborative project between IBSNAT and SARP. Apart from this, 

indigenous efforts of India started with the development of a wheat crop model 

developed by the IARI and SAC and further developed as WTGROWS (Aggarwal et al., 

1994). Subsequent efforts by Aggarwal and his colleagues at IARI led to the development 

of a generic model for annual crops in a tropical environment called InfoCrop (Aggarwal 

et al., 2006b). Many crop models of differing complexity are now available for major 

food crops; some are listed in Table 2.1. Among them, the most widely used models are 

DSSAT, APSIM, EPIC, WOFOST, AQUACROP, and STICS. 

Table 2.1: List of published crop models 

Crop Model Name Reference 

Alfalfa APSIM Fick (1981) 

Barley CERES-Barley Ritchie et al. (1989) 

Chickpea CHIKPGRO Singh and Virmani (1996) 

Cotton ELCOMOD Marani and Baker (1981) 

  GOSSYM Baker et al. (1985) 

  KUTIN Mutsaers (1984) 

  COTCROP Brown et al. (1985) 

  COTTAM Jackson et al. (1988) 

  COTCO2 Wall et al. (1994) 

Bean BEANGRO Hoogenboom et al. (1994) 
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Maize CORNF Stapper and Arkin (1980) 

  CERES-Maize Jones and Kiniry (1986) 

  GAPS Buttler (1989) 

Peanut PNUTGRO Boote et al. (1989) 

Pearl Millet CERES-Millet Ritchie and Alagarswamy (1989) 

  RESCAP Monteith et al. (1989) 

  BAJRAWAT Rao et al. (1999) 

Potato POTATO Ng and Loomis (1984) 

  SIMPOTATO Hodges et al. (1992) 

Rapeseed BRASSICA Rao (1992) 

 Rice CERES-Rice Ritchie et al. (1986) 

  ORYZA-1 Kropff et al. (1994) 

Sorghum SORGF Arkin et al. (1976) 

  CERES-Sorghum Alagarswamy and Ritchie (1989) 

  RESCAP Monteith et al. (1989) 

  SORKAM Rosenthal et al. (1989) 

Soybean SOYMOD Curry et al. (1975) 

  GKYCIM Acock et al. (1983) 

  SOYGRO Wilkerson et al. (1983) 

Sugarcane AUSCANE Jones et al. (1989) 

Wheat ARCWHEAT1 Weir et al. (1984) 

  WINTER WHEAT Baker et al. (1985) 

  CERES-Wheat Ritchie et al. (1985) 

  SWHEAT Van Keulen and Seligman (1987) 
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  AFRCWHEAT2 Porter (1993) 

  ShootGro 2.0 Wilhelm et al. (1993) 

  WTGROWS Aggarwal et al. (1994) 

  MODWht3 Rickman et al. (1996) 

  SIRIUS Jamieson et al. (1998) 

General BACROS De Wit (1978) 

  INFOCROP Aggarwal et al.(2006b) 

  SUCROS Van Keulen et al. (1982) 

  LINTUL Spitters, (1987) 

  MACROS Penning de Vries et al. (1989) 

  WOFOST Van Diepen et al. (1989) 

  EPIC Williams et al. (1989) 

  CropSyst Stockle et al. (1991) 

  WOFOST 6.0 Hijmans et al. (1994) 

 

A brief timeline history of selected key events and drivers that influenced the 

development of agricultural system models had been shown in fig 2.2. 

The model must be calibrated before its use i.e., model output has to be compared 

with independent observation datasets. Models are frequently validated with all or some 

of the data used for model development or calibration (Jones et al., 2001), whereas 

independent data, is not used in model development (McCarl, 1984). While validating the 

crop models, in most cases comparison of simulated yield with observed yield from 

short-term field experiments is a standard procedure. Aggarwal et al. (1994) validated 

WTGROWS under potential production environments and found that the model 

simulated wheat yield accurately at most places with no point outside ±1 standard 

deviation and an R2 value of 0.74. 
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Fig 2.2 Brief timeline history of agricultural system models  

Todorovic et al. (2009) compared the performance of AquaCrop, WOFOST, and 

CropSyst models for simulating the growth of sunflowers under different water regimes 

in Mediterranean environments. The reason for choosing these three models is that they 

differ in the level of complexity describing crop development, main growth modules 

driving the biomass simulation, and the number of input parameters. The mechanism of 

stimulation of biomass in AquaCrop is exclusively water driven while CropSyst is based 

on both water and radiation-driven module and WOFOST uses the carbon-driven 

approach for dry matter production. They found that the estimation of the phenological 

stage was almost similar for all models because of the utilization of the same heat unit 

concept. During development, CropSyst over-predicted LAI development, whereas; 

WOFOST provided convincing results before anthesis. Maximum LAI at anthesis is also 

over-predicted by CropSyst, whereas WOFOST under-predicted LAI by 2%. However, 
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senescence followed the measured LAI trend in all models. All the models 

underestimated the yield under severe water stress conditions. Simulation of biomass 

growth by WOFOST was better than the other two models under rain-fed and deficit 

irrigation because the latter involves the simpler physiological sub-model accounting 

impact of water stress on biomass growth and its partitioning to yield. Simulation of 

water use efficiency (WUE) was better with CropSyst than other models under a limited 

water supply. 

Battisti et al. (2017) studied the performance of five soybean models (FAO – 

Agroecological Zone; AQUACROP; DSSAT CSM–CROPGRO–Soybean; APSIM 

Soybean; and MONICA) under both rainfed and irrigated condition in Southern Brazil. 

DSSAT and APSIM were found to be better estimators of phenology because they 

accounted for the effect of water stress and nitrogen limitation on crop development rate 

besides thermal time and photoperiod. Under the rainfed condition, APSIM and DSSAT 

simulated a more drastic reduction in LAI due to water deficit during the middle to end of 

the crop cycle, while MONICA had a less drastic reduction. 

Akinseye et al. (2017) compared the performance of DSSAT, APSIM, and 

Samara crop models for West African sorghum cultivars. Simulated phenology and 

morphology organs during calibration and validation were within the close range of 

measured values with the evaluation of model error statistics (RMSE and R2). Except for 

the highly sensitive variety (IS15401), APSIM and Samara estimates indicate the lowest 

value of RMSE (< 7 days) against the observed values for phenology events (flowering 

and maturity) compared to DSSAT model. The grain yield and biomass prediction were 

less accurate for calibration and validation. The predictions using APSIM were found to 

be closest to the observed followed by DSSAT and Samara models, respectively. Based 

on detailed field observations, this study showed that crop models captured well the 

phenology and leaf development of the photoperiod sensitive (PPS) varieties of West 

Africa but failed to estimate accurate partitioning of assimilates during grain filling. 

APSIM and SAMARA are more mechanistic crop models. They have a higher sensitivity 

to the adjustment of key parameters, notably the specific leaf area for APSIM in low PPS 

varieties. At the same time, SAMARA shows a higher response to parameter changes for 

high PPS varieties. 
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Jin et al. (2016) evaluated the algorithms that determine the impacts of heat and 

drought stress on maize in 16 major maize models by incorporating these algorithms into 

a standard model, APSIM, and running an ensemble of simulations. Different drought 

algorithms (i.e., a function of soil water content, soil water supply to demand ratio, and 

actual to potential transpiration ratio) simulated considerably different patterns of water 

shortage over the growing season but predicted similar decreases in annual yield. Using 

the selected combination of algorithms, the simulations showed that maize yield 

reduction was more sensitive to drought stress than to heat stress for the US Midwest 

since the 1980s, and this pattern will continue under future scenarios; the influence of 

excessive heat will become increasingly prominent by the late 21st century. 

Eitzinger et al. 2004 compared the performance of CERES, WOFOST, and 

SWAP models in simulating soil water content during the growing season in Austria 

under different soils (chernozem, sandy chernozem, and fluvisol) with a 2 m profile 

depth. CERES and SWAP simulated the grain yield of barley and wheat better as 

compared to WOFOST. All three models simulated soil water content in the profile with 

similar results. The root means square error (RMSE) range of soil water content was 

0.71–4.67% for barley and 2.32–6.77% for wheat, depending on the model and soil type. 

None of the models simulated total soil water content in the profile significantly better, 

but there was a general tendency for the models to overestimate soil water depletion. 

CERES and SWAP mimicked the soil water content dynamics well in the top 0.3 m of 

the soil. The study showed that the multiple layer approach models (SWAP or CERES) 

are more sophisticated estimation methods for root growth and soil water extraction. 

The results of the WOFOST model did not reflect real conditions, probably 

because it considers all rooted soil to be homogeneous in terms of soil water content. 

Inaccuracies caused by applying this assumption to soils with irregular drying and 

wetting cycles with various amounts of water have also been found by others, for 

example, Van den Berg and Driessen (2002). 
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3.1) InfoCrop model  

InfoCrop is a web-based crop simulation model developed to understand the 

impact of various input parameters on specific output parameters. It is designed to 

simulate the effect of weather variables, soil properties, field management practices, and 

specific pests and diseases on crop growth and biophysical parameters and their 

associated environment (Aggarwal et al., 2006b). This model is based on developmental 

stage-dependent crop-specific functions, dry matter available for crop growth is 

partitioned into roots, leaves, stems, and storage organs. Roots get the priority for 

allocation and get increased in case the crop experiences water or nitrogen stress. The 

remaining dry matter is allocated to the above-ground shoot from which a fraction is 

allocated to leaves and stems. The balanced dry matter is automatically allocated to the 

storage organ. The number of storage organs and grain filling rate is not directly 

influenced by water stress, as it influences the effect of water stress on dry matter 

production. The programming language of the InfoCrop model is Fortran Simulation 

Translator (FST) (FST/FSE; Graduate School of Production Ecology, Wageningen, The 

Netherlands; Van Kraalingen, 1995). Another version (user interface) had been written 

for Info Crop to accelerate its applications in agricultural research and development for 

people that are not familiar with the programming language. InfoCrop was developed for 

13 crops including Mustard. Crop models in InfoCrop are sensitive to weather, soil, 

varietal parameters, and agronomic management practices. A basic representation of 

InfoCrop has been shown in Fig 2.3. 

A detailed study of the InfoCrop model is required for the interactive 

understanding of input variables on crop plants which plays a critical role in the planning 

and execution of farm decisions such as the selection of cultivars and soil and water 

management practices (Krishnan et al. 2016). The web-based InfoCrop mustard model is 

easy to understand. Scientific understanding and policy/decision support were two broad 

purposes that guided the development of agricultural system models. The sensitivity 

analysis of the InfoCrop model makes us understand the importance of the input 

variable's accuracy to develop a robust model. Kumar et al. (2017) analyzed the different 

combinations of weather parameters for the sensitivity analysis of mustard cultivars 

through the InfoCrop model at Haryana. They reported that variation in maximum 
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temperature and minimum temperature by -1 to 1ºC, rainfall by 10 to 20%, and CO2 

between 415 to 490 ppm respond to the positive impact on biophysical parameters and 

seed yield. Krishnan and Aggarwal (2018) analyzed the global sensitivity of the InfoCrop 

model for different soil properties. They used the 10 soil parameters and reported that 

nitrate content, soil organic carbon, and soil ammonium were the most sensitive variables 

under the ideal condition (without stress). Apart from that initial soil moisture plays a 

butterfly effect in water stress conditions. 

 

Fig 2.3 Key inputs and outputs of web-based crop simulation model (InfoCrop) 

Kumar et al. (2015) calibrated and validated InfoCrop for different rice cultivars 

at Kumarganj, Faizabad (U.P.). The model accuracy parameters (MAE, MBE, and 

RMSE) were calculated with 10% variations for the simulated value of phonological 

stages, leaf area index, above-ground biomass, and rice seed yield. In Gujarat, the 

InfoCrop model was calibrated and validated for maize crops in Rabi (Choudhary et al., 

2014a) and Kharif seasons (Choudhary et al., 2014b). They reported that InfoCrop 

underestimates leaf area index whereas, overestimates above-ground biomass and seed 

yield with a 15% error. Akula (2003) compared the WTGROWS and InfoCrop model for 

wheat with two years of experimental data at Anand, Gujarat. They reported the 

underestimated results and noticed that WTGROWS model (4537±874 kg ha-1) 

performed better than the InfoCrop model (4296±918 kg ha-1) for wheat grain yield, 

while the actual grain yield was (4608±620 kg ha-1). In the Anand and Panchmahal 
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districts of Gujarat, the simulated grain yield was 2.4 times higher than the observed 

grain yield by InfoCrop model (Akula et. al., 2005b). Several other researchers 

successfully adapted, calibrated, and validated the InfoCrop simulation model for 

different crops in different regions rice (Aggarwal et al., 2006b), wheat (Aggarwal et al., 

2006b), potato (Singh et al., 2005), cotton (Hebbar et al., 2008), and coconut (Kumar et 

al., 2008). 

Boomiraj et al. (2010) calibrated the InfoCrop model at Delhi and simulated it in 

different mustard-growing regions of the country such as: (eg; Hissar, Ludhiana, Kanpur, 

Sriganganagar, Delhi, Gwalior, Pantnagar, Akola, and Varanasi) with the use of field 

experimental data sets collected from All India Coordinated Research Projects. They 

revealed that the observed and simulated values in different locations vary from 0.25 to 

2.87 t ha−1 and 0.26 to 3.14 t ha−1 for seed yield, 0.29 to 7.05 t ha−1 0.28 to 7.22 t ha−1 for 

above-ground biomass, respectively. InfoCrop has been successfully adapted, calibrated, 

and validated in the Delhi region for mustard by Adak et al. (2009) and reported that the 

model overestimated about 45% of the seed yield and biomass with RMSE value of 3.14. 

Results obtained by simulation of crop growth parameters like leaf area index (LAI), 

biomass, and seed yield showed that the model needs further refinement. Keerthi et al. 

(2017) calibrate and validate mustard InfoCrop model in an experimental field and 

reported that the RMSE value 157 and 1364 for simulated seed yield (kg/ha) and biomass 

(kg/ha), respectively. Gill et al (2016) simulated mustard crop phenology, biophysical 

parameters, and seed yield by InfoCrop model under different temperature scenarios at 

Punjab Agricultural University Ludhiana, Punjab. They found a linear reduction in seed 

yield and biomass by raising the maximum and minimum air temperature. Only limited 

studies have been done to calibrate and validate InfoCrop on the experimental field as 

well as farmers' field experimented data. 

4) Optimal combination of predicted models 

Bates and Granger first proposed the optimal combination theory in 1969. They 

used plug-in weights in the optimal solution based on the estimated variance-covariance 

matrix with a major emphasis on improving the accuracy of yield prediction. The need 

for optimal combination is to obtain diversified results because many models developed 
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for yield prediction have similar accuracy, so it is difficult to identify the best prediction 

model among them. The covariance of two predicted results was used in the combination 

method to get the better predicted property with the least root mean square error. An 

optimal combination on a weight basis is used to minimize the expected loss of the 

combined prediction techniques. The larger weights were responsible for better 

prediction and reduction in error. This optimized method of weighting is more realistic 

and further improves prediction accuracy. Generally, the prediction combinations 

technique has been successfully used in various fields like Gross National Product, 

currency market, volatility and exchange rates, inflation, interest rates, money supply, 

stock returns, meteorological data, city populations, etc.  

The traditional approach for the optimal combination was a weighted geometric 

average. But it was modified by Cheng et al. (1994) and renamed the induced ordered 

weighted geometric average (IOWGA) approach. Song et al. (2011) combined the 

predicted energy consumption results by induced ordered weighted geometric average 

(IOWGA) operator and resulted that the mean average percent error of the combination 

model was 0.0198, which was smaller than a single model prediction in China. Lajevardy 

et al. (2015) guided the electricity price used for the induced ordered weighted geometric 

average combination model. Pandey et al. (1992) combined the ARIMA model and 

remote sensing-based technique to improve the accuracy of wheat yield estimated at 

Hissar, Haryana. They reported that the optimal combination reduced the RMSE and 

percent deviation compared to both individual approaches. There needs to be more 

optimal combination literature based on agriculture crop yield prediction. 
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3. Materials and Methods 

 In order to achieve the objectives of the present study, an experiment was 

conducted for mustard crop during Rabi 2016-17 and 2017-18 at the research farm of 

ICAR-Indian Agricultural Research Institute (IARI), New Delhi. The long term weather 

data was collected by India Meteorological Department (IMD) and National Climate 

Data Center (NCDC) while mustard yield data was collected from Directorate of 

Economics & Statistics (DES) and state agricultural department for Delhi and major 

mustard growing region of Rajasthan. The details of the materials and methods adopted 

during investigation have been presented in this chapter. 

3.1 Experimental farm study 

3.1.1 Study area/location 

 A field experiment was conducted at the experimental farm (Main Block 4C) of 

the Division of Agricultural Physics of Indian Agricultural Research Institute, New 

Delhi, located at 28o64’23’’ North latitude and 77o15’27’’ East longitude with an altitude 

of 228.6 meters above mean sea level. 

3.1.1.2 Climate  

  The climate of New Delhi is sub-tropical and semi-arid with warm and dry 

summers and cold winters coming under the ‘Trans-Gangetic Plains’ agro-climatic 

zone. The hottest months (May and June) during summer have daily mean maximum 

temperature remains in the range of 40-460C most of the days while temperature 

decreases from September onwards. The all-time record of the highest daily maximum 

temperature (46.8oC) was recorded on 29th May, 1998. In January daily mean minimum 

temperature ranged around 5°C to 7.5°C, it is the coldest month in the winter season. 

The all-time lowest daily minimum temperature (-1.4oC) was recorded on 9th January, 

2006. Annual mean rainfall is around 710 mm and the wettest months are July and 

August. Maximum rainfall around 80 percent of the annual rainfall is received from 

July to September during the south-west monsoon period (expected date of arrival of 

monsoon at Delhi is 29th June). The rest amount is received through “Western 

Disturbances” during winter months (December to February) and some local 

https://en.wikipedia.org/wiki/India_Meteorological_Department
https://blog.eduonix.com/bigdata-and-hadoop/hadoop-project-on-ncdc-national-climate-data-center-noaa-dataset/
https://blog.eduonix.com/bigdata-and-hadoop/hadoop-project-on-ncdc-national-climate-data-center-noaa-dataset/
https://eands.dacnet.nic.in/PDF/TelDir.pdf
https://eands.dacnet.nic.in/PDF/TelDir.pdf
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convections during pre-monsoon months (March-June). However, air remains dry 

during most of the year. The monthly mean relative humidity ranged between 35% 

(June) and 94% (December). Monthly mean wind velocity varies from 3.5 km/hr in 

October to 4.4 km/hr in April. Air remains dry during most part of a year. Pan 

evaporation varied between 3.5 to 13.5 mm day-1 and reference evapotranspiration 

varies from 9-15 mm day-1. 

3.1.1.3 Soil properties 

 The sandy loam texture of soil was present at the top layer of the experimental 

site. Whereas, 15-90 cm soil was sandy clay-loam. Physio-chemical properties of soil at 

experimental site were determined before initiating the experiment and the values are 

presented in Table 3.1. It showed that the soil was little alkaline, deficient in organic 

carbon and available nitrogen and medium in phosphorus and potassium content. The 

bulk density is 1.57, 1.60, 1.63 and 1.71 Mg m-3 for different depths such as 0-15 cm, 

15-30 cm, 30-60 cm 60-90cm, respectively. The electrical conductivity (EC) varied 

from 0.46 dS m-1 for the 0-15 cm layer to 0.25 dS m-1 for the 60-90 cm layer. The mean 

value of field capacity (FC) and permanent wilting point (PWP) for 90 cm soil depth 

was 220 mm and 70 mm, respectively. 

Table 3.1: Physiochemical properties of soil at experimental site 

Depth 

(cm) 
PH 

EC 

(dS m-1) 

SOC 

(g kg-1) 

Particle size distribution 
Bulk 

Density 

(mg m-3) 

Saturated 

hydraulic 

conductivity 

(cm hr-1) 

Soil 

texture 
Sandy 

(%) 

Silt 

(%) 

Clay 

(%) 

0-15 7.1 0.46 4.2 65.0 16.7 19.1 1.57 1.01 SL 

15-30 7.2 0.24 2.2 65.4 10.8 24.9 1.60 0.82 SCL 

30-60 7.4 0.24 1.6 63.83 10.0 26.2 1.63 0.71 SCL 

60-90 7.5 0.25 1.4 59.53 10.1 30.2 1.71 0.49 SCL 
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3.1.2 Experimented Crop 

 Three mustard cultivars (Brassica juncea (L.) Czern. & Coss.) such as Pusa 

Tarak (P. Tarak), RH-406 and Girraj were sown during the Rabi season of 2016-17 and 

2017-18. The specific characteristics of these cultivars have been described below. 

3.1.2.1 Pusa Tarak 

This cultivar was developed in 2009 for the National Capital Region of Delhi. It 

has a short-duration cultivar that requires about 121 days to attain maturity. The average 

seed yield of Pusa Tarak is 1920 kg ha-1. It is a high test-weighted mustard cultivar (6.00 

g/ 1000 seeds) with about 40.0 % oil content. This variety is suitable for multiple 

cropping systems. 

3.1.2.2 RH-406 

 This cultivar was released in 2013 and notified at a national level for timely sown 

rainfed conditions of Haryana, Punjab, Delhi and parts of Rajasthan. It is a bold-seeded, 

high-yielding cultivar with high oil content. It matures in 145 days and the seeds contain 

42% oil.  

3.1.2.3 Girraj 

 This cultivar is also known as DRMRIJ-31. This cultivar was released in 2013 

and is mainly recommended for Delhi-NCR, Haryana, Punjab and some parts of 

Rajasthan. It is a bold-seeded, high-yielding cultivar with high oil content that matures 

between 137-153 days. The seed yield varies between 2225-2750 kg ha-1 with 39 to 

42.6% oil content. 

3.1.3 Experiment details  

 The outlay of the field experiment site followed split plot design, in which each 

plot was of 5x4 m2 size with adequate margins for bunds and irrigation channels (Figure 

3.1). The soil of the location is deep to very deep and sandy loam textured throughout 

the profile. Three Mustard cultivars (cv. Pusa Tarak, RH-406 and Girraj) were raised 

during the Rabi season of 2016-2017 and 2017-18 in split-plot design with a date of 

sowing as the main plot treatment and cultivars are sub plot treatment. The field was 

prepared following the usual pre-sowing operations like disking and leveling. 
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Treatments 

 All three cultivars were sown at three different dates of sowing: D1: Timely 

sown (10th Oct 2016), D2: Late sown (25th Oct 2016) and D3: Very late sown (10th Nov 

2016) during Rabi season 2016-17 and D1: Timely sown (12th Oct 2017), D2: Late sown 

(26th Oct 2017) and D3: Very late sown (11th Nov 2017) during 2017-18. Manual sowing 

with the help of hand-held seed drill was done keeping the recommended row-to-row 

spacing of 45cm and plant-to-plant spacing of 10 cm. The rainfall received during the 

entire crop growing period was 119.7 mm during 2016-17 and 13.4 mm for the 2017-18 

year. A good amount of rainfall (39.1mm) was received at 40th SMW in 2016-17, which 

met the pre-sowing irrigation requirement. The irrigation treatments were applied at 41 

and 80 DAS for the first sown crop, 26, 65 and 112 DAS for the second sown crop and 

50 and 90 DAS for the third sown crop during 2016-17. During 2017-18, irrigation 

treatments were applied at 30, 72 and 113 DAS for a timely sown crop, 58 and 99 DAS 

for a late sown crop and 43 and 84 DAS for a very late sown crop. NPK nutrients were 

applied as per recommended dose of fertilizers for mustard crop (80 kg N: 40 kg P2O5 : 

40 kg K2O). 50% of N, with 100% of P2O5 and K2O were applied at the time of sowing 

and remaining 50 % of nitrogen was applied after first irrigation at 30 days after sowing. 

The recommended cultural practices of weeding and plant protection measures were 

followed. Laborers were employed to harvest the crop after complete drying. The 

mustard field experiential during Rabi 2016-17 and 2017-18 at the research farm of 

ICAR-IARI are shown in Plate 3.1 and 3.2. 

3.1.4 Field observation and measurements 

 Periodic observations at 15 days intervals on different parameters such as soil 

moisture at different depth, leaf area index (LAI), radiation interception, plant height 

and biomass were measured in each treatment during the crop-growth period. Final 

biomass, seed-yield and yield attributes were recorded after the harvest. Daily weather 

data of maximum and minimum temperature, rainfall, morning and evening relative 

humidity, bright sunshine hours, wind speed and pan evaporation were acquired from 

the adjacent agromet class-A observatory of IARI during the crop growing period. 
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Fig 3.1 Layout of experimental field ICAR-IARI, New Delhi during Rabi 2016-17 and 

2017-18 

 
Size of each plot: 4m X 5m 

 

Cultivars:  V1: Pusa Tarak, V2: Girraj, V3: RH-406 
 

Sowing time: D1: Timely sown, D2:  Late sown, D3: Very late sown 



 
 

Plate 3.1 Experiential field of mustard crop at ICAR-IARI, New Delhi field during Rabi 2016-

17 
 

 

 
 

 

 

Plate 3.2 Experiential field of mustard crop at ICAR-IARI, New Delhi field during Rabi 

2017-18 



39 
 

3.1.4.1 Soil moisture 

3.1.4.1.1 Initial soil moisture 

 Initial profile soil moisture on the day of sowing of the crop at various soil profile 

sections viz., 0-15, 15-30, 30-45, 45-60, 60-75 and 75-90 cm was measured by 

gravimetric method. In this method, soil sample at different depths was collected in 

aluminum bins, weighed and placed in the hot air oven and allowed to dry at 105oC for at 

least 24 hrs. The weight of dried soil sample was taken and the moisture content on mass 

basis was calculated using the following formula: 

𝑆𝑀𝐶 (%) =
(𝑀𝑤−𝑀𝑑)

𝑀𝑑
∗ 100       ------------------ (1) 

Where, SMC is soil moisture content in %, Mw is weight of non-dried soil samples and 

Md is the sample weight of the dried soil sample. 

3.1.4.1.2 Profile soil moisture 

 Gravimetric method was used to measure soil moisture for upper 15 cm soil. 

Neutron Moisture Meter (NMM) (CPN-503 DR Hydroprobe, Campbell Pacific Nuclear 

International Inc. USA) was used to measure profile soil moisture at the different depths 

of 15-30, 30-45, 45-60, 60-75 and 75-90. Aluminum tubes of 1.5 m length were fitted in 

the center of each treatment plot to measure profile soil moisture at different depths. In 

each treatment first standard counts were recorded by keeping the probe in the air, and 

then counts per minute at every soil depth were noted. Count ratio i.e., ratio of counts per 

minute at a given depth to standard count, was computed. The soil moisture content was 

calculated using the calibration equation between gravimetric soil moisture and count 

ratio. This calibration equation was developed for the same field by Thomas (2013). The 

calibration equation is given below: 

𝑆𝑀𝐶 (%) =
(

𝐶𝑎
𝐶𝑠

−0.1512)

6.5066
       -------------------- (2) 

 Where, SMC is soil moisture content in percent, Ca is NMM count per minute at a 

specific soil depth and Cs is the NMM standard count per minute. The Ca/Cs is the count 

ratio. Profile soil moisture content calculated by addition of soil moisture of each depth 

up to 90 cm. 
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3.1.4.2 Leaf area index (LAI)  

 Now a days, there are numerous direct (destructive) and indirect (non-destructive) 

techniques available to estimate LAI. The direct methods like computation of the leaf 

area of plant canopy required subsamples of leaves and LAI is related to dry biomass 

specific leaf area (SLA). LAI is determined by multiplying SLA with total biomass 

(Jonckheere et al., 2004). Direct measurement of LAI is more accurate than the indirect 

method but it is expensive, time consuming, labour-intensive and difficult to apply in 

large area scale. Thus, the indirect methods of LAI estimation are more popular. The 

optical instrument plant canopy analyzer is largely used for measuring the LAI non-

destructively (Liu, Pattey and Admiral, 2013). LAI were measurements by Plant Canopy 

Analyzer (LI-COR, USA) at 15 days intervals during crop growing period. The principle 

of Plant Canopy Analyzer is based on “fish-eye” measurement of diffuse radiation 

interception by measurement of gap fraction at five zenith angles (0–13, 16-28, 32–43, 

47–58, 61–74°) simultaneously. The LAI measurement by plant canopy analyzer based 

on light intercepted by plant canopy and foliage density. The measured gap fractions are 

then inverted to get the effective LAI and the instrument was set to take four below and 

one above-canopy measurements to estimate the LAI. Five LAI readings were recorded 

in each plot and removed two outfit values. The average of the reaming three values 

represents each plot LAI. 

3.1.4.3 Photosynthetically active radiation (PAR) 

 Line Quantum Sensor (LI-191, LI-COR) was used with an integrator (LI- 250A, 

LI-COR) for measuring the incident and intercepted photosynthetically active radiation 

(PAR) by a mustard canopy. PAR measurements were taken above the canopy with the 

sensor facing sky to account for incident radiation (Io) received and the sensor looking 

downwards for reflected radiation (Ir) from the canopy. Reading was also taken below the 

canopy keeping the sensor just above the soil but across the rows with the sensor looking 

upwards for the transmitted radiation (It) through the canopy and with the sensor looking 

downwards for radiation reflected (Ie) from the soil. Three sets of measurements were 

recorded in each plot and averaged. The above measurements were taken regularly 

(within a week) on clear days between 11:30 and 12:00 hours IST when disturbances due 
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to leaf shading and solar angle were minimal. These measurements were used to derive 

fraction intercepted PAR (fIPAR) as given in formula: 

𝑓𝐼𝑃𝐴𝑅 =
(𝐼0−𝐼𝑡)

𝐼𝑜
        ------------------ (3) 

 Values for fIPAR for each day after sowing were interpolated between actual 

measurements by linear interpolation throughout the crop season. Global solar radiation 

(MJ m-2) was computed from daily bright sunshine hours by using Angstrom coefficients 

(a=0.32, b=0.46). Computed global solar radiation was multiplied with a factor of 0.48 to 

calculate daily incident PAR. Daily intercepted PAR was computed by multiplying daily 

incoming PAR values with corresponding daily fIPAR values. The daily IPAR was 

accumulated corresponding to the crop growth period to calculate total IPAR (TIPAR). 

3.1.4.4 Crop phenology 

 Phenological stages of the crop were identified visually through regular visit to 

the field and their dates were recorded. The main phenological stages of mustard were: 

emergence, Seedling emergence, rosette initiation, first flowering, 50 % flowering, pod 

formation, seed development and physiological maturity. 

3.1.4.5 Plant height  

 Randomly five mustard plants were selected and measured their height with the 

help of scale at regular intervals (within a week). Afterward, an average was computed to 

have a representative plant height of that plot. 

3.1.4.6 Above-ground biomass  

 Three plant samples of 50 cm row length were cut just above the soil surface for 

measuring above-ground biomass. The plant samples are dried in the shade and later 

dried in an oven at 65°C for 72 hours until constant weight. The weight of dried plant 

samples was measured using an electric balance. Average above-ground biomass in g m-2 

was calculated and converted in to kg ha-1. 

3.1.4.7 Seed yield, above-ground biomass at harvest and harvest index  

The seed yield and biomass of all three mustard cultivars sown on three different 

dates were measured after the harvest of the crops. The 1 m2 area has been identified and 



42 
 

cut just above the ground surface at the harvesting time. The weight of dried plant 

samples from the identified area showed the biomass at the harvest time. Crop seed yield 

was measured after the thrashing of a sampled area with spring balance after drying the 

crop for 5-7 days under bright sunshine. The seed weight was measured after threshing. 

Finally, the average seed yield in g m-2 was calculated and converted into kg/ha. Seed 

yield and thousand-seed weight measured after thrashing and winnowing by a small 

mechanical thrasher. Harvest index (HI) was calculated as: 

𝐻𝐼(%) =
𝑆𝑒𝑒𝑑 𝑦𝑖𝑒𝑙𝑑

𝑇𝑜𝑡𝑎𝑙 𝑏𝑖𝑜𝑚𝑎𝑠𝑠
∗ 100       --------------------- (4) 

3.1.4.8 Oil content  

 Indian mustard is an oilseed crop, so it is most needed to estimate oil content. 

Nuclear Magnetic Resonance (NMR) Method is a non-destructive method for oil 

estimation. Hence we used low-resolution pulsed H1NMR (model no- PC20 

Brukermade, frequency 20MHz) for seed oil estimation of each plot in the Nuclear 

Research Laboratory, ICAR IARI. For this purpose, 10g of dry and clean seeds from each 

plot were kept for drying at 105°C in the oven and then kept in a desicator till 

measurement was taken. About 2-3g desiccated seeds were inserted into the NMR and 

the signal was recorded. Oil content (percent) was determined using a standard 

calibration curve. Since the sensitivity of the NMR instrument depends on any change in 

instrumental components, air temperature and relative humidity, the instrument was 

calibrated before taking reading each time. The equation of NMR calibration curve with 

oil content is given as follows:  

𝑂𝑖𝑙 𝑐𝑜𝑛𝑡𝑒𝑛𝑡(%) =
(𝑆𝑖𝑔𝑛𝑎𝑙 + 𝑖𝑛𝑡𝑒𝑟𝑐𝑒𝑝𝑡)

(𝑊𝑒𝑖𝑔ℎ𝑡 𝑜𝑓 𝑠𝑒𝑒𝑑𝑠 ×𝑠𝑙𝑜𝑝𝑒)
 𝑋 100   ------------------ (5) 

Y=1.3156×X-0.0727 (R
2

=0.99)    ------------------ (6) 

 

Where, X is the seed weight in grams; and Y is the percent oil content  
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3.1.5 Computation from field observation 

 Different thermal indices, radiation use efficiency and water productivity were 

calculated from temperature, soil moisture and radiation, respectively. The detailed 

description has been shown below: 

3.1.5.1 Thermal indices 

 Different thermal indices were calculated at physiological maturity under different 

conservation practices along with conventional practice as given by the equations in 

table 3.2. 

Table 3.2: Calculation for different heat indices 

Sl.no. Indices Computation Reference 

1 Growing degree days(GDD) =∑{{(Tmax+Tmin)/2}-Tb} (Iwata,1984) 

2 Helio thermal units(HTD) =∑(DD× SSH) (Rajput,1980) 

3 Photo thermal units(PTU) =∑(DD× Day length) (Major et al.,1975) 

5 Heat use efficiency(HUE) =Yield/GDD (Haider et al., 2003) 

6 Photo thermal index(PTI) GDD/Growing day (Haider et al., 2003) 

Where Tmax is the maximum air temperature during the crop period; Tmin is the 

minimum air temperature during the crop period; DD is the degree days and SSH is the 

bright sunshine hours. 

3.1.5.2 Seasonal evapotranspiration (ET) and water productivity (WP) 

 Consumptive use of water (Evapotranspiration) from each plot was computed by 

field water balance equation) for mustard crop 2016-17 and 2017-18 (Lenka et al., 

2008; Bandyopadhyay et al., 2010 b) as given below:  

𝐸𝑇 = (𝑅 + 𝐼 + 𝐶𝑅) − (𝑟 + 𝑑 + ∆𝑆)      ------------------ (7) 

 Where, ET is crop evapotranspiration in mm, R is rainfall in mm, I amount of 

irrigated water applied on each plot in mm, 𝐶𝑅 is the upper capillary rise of groundwater 

in mm, r is the runoff in mm, d is the deep percolation in mm and ∆S is the storage of 

soil moisture within soil profile in mm.  
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 There are some assumptions to calculate ET by field water balance equation. 

Upper capillary rise assumed to zero due to low level of ground water table. Runoff 

water amount is negligible due to presence of bund at each experimental plot. Deep 

percolation is also assumed to be zero because there is no water saturation condition in 

the field. The amount of rainfall, irrigation and soil moisture storage are required to 

measure seasonal evapotranspiration. Thus we can simplify the equation 7 into equation 

8. 

𝐸𝑇 = (𝑅 + 𝐼) − ∆𝑆        ------------------ (8) 

 Water productivity is calculated with the help of seasonal evapotranspiration. It is 

the ratio of crop production with respect to evapotranspiration. The crop production 

may be in terms of seed yield or biomass. The measured unit of water productivity is 

g/m2/mm. Water productivity in terms of seed yield (WPy) and biomass (WPb) has been 

shown below: 

𝑊𝑃𝑦 =  
𝑆𝑒𝑒𝑑 𝑌𝑖𝑒𝑙𝑑

𝐶𝑟𝑜𝑝 𝑤𝑎𝑡𝑒𝑟 𝑢𝑠𝑒
       ------------------ (9) 

𝑊𝑃𝑏 =
𝐹𝑖𝑛𝑎𝑙 𝑎𝑏𝑜𝑣𝑒 𝑔𝑟𝑜𝑢𝑛𝑑 𝐵𝑖𝑜𝑚𝑎𝑠𝑠

𝐶𝑟𝑜𝑝 𝑤𝑎𝑡𝑒𝑟 𝑢𝑠𝑒
      ------------------ (10) 

3.1.5.3 Radiation use efficiency (RUE) 

 Radiation use efficiency (RUE) is defined as the amount of seed yield and 

biomass production using each unit of intercepted photosynthetically active radiation 

(IPAR). The measuring unit of RUE is g MJ-1. RUE in terms of seed yield (RUEy) and 

biomass (RUEb) of the crop were estimated using the following equation: 

𝑅𝑈𝐸𝑦 =  
𝑆𝑒𝑒𝑑 𝑌𝑖𝑒𝑙𝑑

𝑇𝐼𝑃𝐴𝑅
        ------------------ (11) 

𝑅𝑈𝐸𝑏 =
𝐹𝑖𝑛𝑎𝑙 𝑎𝑏𝑜𝑣𝑒 𝑔𝑟𝑜𝑢𝑛𝑑 𝐵𝑖𝑜𝑚𝑎𝑠𝑠

𝑇𝐼𝑃𝐴𝑅
      ------------------ (12) 

Where, TIPAR is daily accumulated IPAR during the crop growing period. 

 

 



45 
 

3. 2 Crop yield prediction by InfoCrop model at experimental and farmer’s fields 

3.2.1 Model structure description 

 InfoCrop is a generic model which simulates the effect of genotype, weather, 

agronomic management, water, nitrogen, carbon and pests on the growth, development 

and yield of the crop in tropical agro-environments (Aggarwal et al., 1994). The 

InfoCrop-wheat v2.1 was used in this study. The source code was provided by the model 

developer from CESCRA, ICAR-IARI. The model was written in Fortran Simulation 

Translator (FST) language (Van Kraalingen et al., 1995). The compiler FST Win 4.2 was 

used to compile the program. The basic structure of InfoCrop involving growth and 

development processes follows the structure of MACROS (Penning de Vries et al., 

1989). The details on the structure of the model and processes accounted by the model 

can be found in Aggarwal et al. (2004). InfoCrop is a production level 4 model, a 

relational diagram illustrates a flow of information and materials among the state 

variables of different sub-models given in Figure 3.2. The rates, quantities and auxiliary 

variables are represented as valves, rectangles and circles, respectively. Solid line show a 

flow of materials and dashed lines show a flow of information. 

In the model, the phenology of the crop is calculated based on thermal time 

accumulated during three phases viz., sowing to seedling emergence, seedling emergence 

to 50 % flowering and 50 % flowering to physiological maturity. The photo-period and 

water stress modify the accumulated thermal time. During sowing to seedling emergence, 

water stress delays emergence in many crop plants. The thermal time can be increased 

depending upon the available water fraction in the surface soil layer. During vegetative 

and reproductive stages, rate of development is modulated by water and nitrogen stress 

dependent temporary function, MAXSTD (Aggarwal et al. 2006a). 

In the initial stage of development (when LAI is less than 0.75), leaf growth rate 

is mainly influenced by temperature and moderated by nitrogen stress and not by water 

stress. Thereafter, growth rate in LAI (RLAI) is calculated based on initial LAI (LAII), 

leaf area growth rate (GLAI), death rate of LAI (DLAI) and net loss of LAI due to pests 

(LALOSS) and transplanting (Aggarwal et al. 2004). 
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Figure 3.2: The relational (Forrester) diagram of InfoCrop-mustard model describing 

interrelationship and response among different soil and physiological 

processes 

  

𝑅𝐿𝐴𝐼 = 𝐿𝐴𝐼𝐼 + 𝐺𝐿𝐴𝐼 − 𝐷𝐿𝐴𝐼 − 𝐿𝐴𝐼 ∗ (1 − 𝑃𝐿𝑇𝑅) − 𝐿𝐴𝐿𝑂𝑆𝑆  ------------------ (13) 

Simulation of senescence (DLAI) is based on several empirical constants relating 

to shading, ageing, nitrogen mobilization, temperature, water stress and death due to pests 

and diseases. The water and nitrogen stress accelerates senescence depending upon its 

severity. 

InfoCrop utilizes the radiation use efficiency (RUE) based approach for dry 

matter production. Maximum RUE (RUEMAX) is input in the model as a function of 

crop/cultivar. The RUEMAX of plant is affected by abiotic (temperature, CO2, nitrogen 

stress and water stress) and biotic factors. Delay in sowing reduces RUE almost in 

proportion to severity.  
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Based on developmental stage-dependent crop-specific functions, dry matter 

available for crop growth is partitioned into roots, leaves, stems and storage organ. Roots 

get the priority for allocation and get increased in case the crop experiences water or 

nitrogen stress. The remaining dry matter is allocated to above-ground shoot from which 

a fraction is allocated to leaves and stems. The balanced dry matter is automatically 

allocated to the storage organ. The number of storage organ and grain filling rate is not 

directly influenced by water stress, as it influences the effect of water stress on dry matter 

production. Source-sink balance is considered in determining grain yield. The formation 

of storage organ occurs during the crop-specific period only. The number of storage 

organ form during this period is calculated by a crop-specific factor that relates the grain 

number per unit growth and is limited by a maximum number of grains that can be 

attained by a crop in given environmental conditions. Once the number of grains 

determined, they are filled up with a rate dependent upon temperature driven potential 

grain filling rate and level of dry matter available for growth. The growth of the storage 

organ stops under three conditions: (1) Sink limitation- when weight of storage organ 

attains the potential grain weight or (2) Source limitation- if there is no dry matter 

available, or (3) crop attains thermal time driven physiological maturity. 

InfoCrop accounts for crop production under water-limited conditions with soil 

water balance and the effect of water stress factors on crop growth and phenology. It 

considered the soil depth into three layers of variable thickness. The rate of change in soil 

water (dW) at any given day for all layers is calculated by the following equation: 

𝑑𝑊 = 𝐼𝑟𝑟𝑖𝑔𝑎𝑡𝑖𝑜𝑛 + 𝑅𝑎𝑖𝑛𝑓𝑎𝑙𝑙 + 𝐶𝑎𝑝𝑖𝑙𝑙𝑎𝑟𝑦 𝑅𝑖𝑠𝑒 − 𝐸𝑣𝑎𝑝𝑜𝑡𝑟𝑎𝑛𝑠𝑝𝑖𝑟𝑎𝑡𝑖𝑜𝑛 −

𝐼𝑛𝑡𝑒𝑟𝑐𝑒𝑝𝑡𝑖𝑜𝑛 − 𝑃𝑒𝑟𝑐𝑜𝑙𝑎𝑡𝑖𝑜𝑛 − 𝐷𝑟𝑎𝑖𝑛𝑎𝑔𝑒 − 𝑅𝑢𝑛𝑜𝑓𝑓    -------- (14) 

 

Redistribution of water in the soil is simulated by the tipping bucket approach with a time 

step of one day. The water stress factor is calculated as: 

Water stress factor =  
Actual water uptake

Potential transpiration
     ------------------ (15) 
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The value of water stress factor ranges from zero (maximum water stress) under 

depleted soil water conditions to one (no water stress) when actual water uptake is equal 

to potential transpiration. 

The rate of nitrogen uptake by a plant is determined by its developmental stage, 

nitrogen demand, availability of soil nitrogen, actual transpiration, rooting depth and soil 

water status. Nitrogen demand for different plant parts viz., root, stem, leaves and storage 

organs, are calculated separately depending upon rate of growth and maximum N 

concentration they can accumulate. Distribution of net nitrogen taken from soil to 

different plant parts are determined by their relative demands. Actual crop N uptake by 

different plant organs is the minimum of allocation of N and soil N availability. The 

actual N content of different organs is calculated by integrating their relative rate of 

change. The latter is the balance of the N partitioned to the organs, N transferred to the 

SO, and N lost in senescent tissues and due to transplanting and pests.  

Nitrogen stress is based on the potential and actual levels of N in different plant 

parts, analogous to actual/potential transpiration ratio used for determining water stress 

factor. It also decreases transpiration and raises canopy temperature accelerating 

phenological development. Between water and nitrogen stresses, the one that is more 

severe affects the rate of crop development. Radiation use efficiency decreases as 

nitrogen concentration decrease from an optimal level. N stress also affects the 

partitioning of dry matter and senescence as with water stress. 

 The genotype of a crop in InfoCrop is characterized by the thermal time required 

to attain a phenological stage, factors for leaf/canopy development, factors for light 

assimilation and source-sink balance of a mustard default variety (Table 3.3).  

3.2.2 Model initialization, parameterization and evaluation 

 Models differ in level of complexity describing crop development, main growth 

modules driving the biomass simulation, yield formation and in the number of input 

parameters. Inputs consist of weather data, crop and soil characteristics, and management 

practices that define the environment in which the crop will develop. The list of input 

parameters required by the InfoCrop-mustard model is given in annexure-I.   
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Table 3.3: Varietal characteristics required by InfoCrop-mustard model 

Parameter Unit Typical value for 

mustard variety 

Base temperature for sowing to germination °C 5 

Thermal time for sowing to germination °C days 110 

Base temperature for germination to 50% flowering °C 5 

Thermal time for germination to 50% flowering °C days 840 

Base temperature for 50% flowering to physiological 

maturity 

°C 5 

Thermal time for 50% flowering to maturity °C days 1150 

Optimal temperature for development °C 24 

Maximum temperature for development °C 40 

Sensitivity to photoperiod (between 0.5 and 1.5) Scale 1 

Relative growth rate of leaf area (an indicator of early 

vigour) 

(°C d)−1 0.008 

Specific leaf area Ha leaf 

kg −1 leaf 

0.0022 

Extinction coefficient of leaves at flowering  0.6 

Radiation use efficiency g Mj−1 3.62 

Root extension growth rate mm day−1 35 

Index of greenness of leaves (between 0.8 and 1.2) Scale 1 

Sensitivity to flooding (between 1.0 and 1.2) Scale 1 

Index of storage organs formation: Slope of the 

relationship between storage organs number m−2 and dry 

matter accumulated during their formation stage 

Number kg 

dry matter−1 

3000000 

Potential weight of the storage organs mg storage 

organ−1 

8 

Nitrogen content of storage organs % 0.039 

Sensitivity of storage organs setting to low temperatures Scale 1 

Sensitivity of storage organs setting to high temperatures Scale 1 
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Parameterization of model has to be done before running the model for setting up 

the growing environment of a crop/variety. The parameters are calibrated to suit the 

model for local conditions. A variety grown in a simulation model has to be calibrated 

through the specification of cultivar specific genetic coefficients. InfoCrop-mustard 

model was parameterized and calibrated for the three different mustard cultivars in sandy 

loam soil under semi-arid conditions. The details of the varietal genetic coefficients 

(TTGERM, TTVG, TTGF, SLAVAR, RGRPOT, KDFMAX, POTGWT, RUE) used for 

calibrating the model are discussed in the next chapter. Default value for other genetic 

coefficients was used as given in InfoCrop model. The model was calibrated for the first 

sown cultivar during 2016-17. Model was calibrated for days to emergence, days to 50 % 

flowering, days to physiological maturity, growth profile of LAI, maximum LAI, 

biomass and seed yield. 

The field experimental data taken under different thermal environments (created 

through crop sown under different date of sowing) for three different mustard cultivars 

during the Rabi season 2016-17 and 2017-18 were used to validate the model outputs. 

3.2.3 Farmer’s fields study 

3.2.3.1 Study area 

 The study was conducted for the farmers’ fields situated in the Sitara and 

Mukundpura village of Bharatpur district, Rajasthan, India. The GPS position (latitude 

and longitude) was recorded at the center of every selected field and their pictorial 

position are shown in plate 3.3 with the help of google earth pro. According to ICAR 

classification, Bharatpur district comes under “Flood prone eastern plain” agroclimatic 

zone. Mainly rainfall received from south-west monsoon in the summer, but western 

disturbances also bring some rainfall during winter. Mustard is a major crop of Rabi 

season for this area. 

3.2.3.2 Soil  

 The soil of the farmer’s field area is non-calcareous, alkaline and yellow to dark 

brown in color. Soil texture varied from sandy-loam to clay loam. The clay content is 

more than 50 percent in these areas. The detailed description of soil physical properties at 

Kumher, Bharatpur district, is shown in table 3.4.  



 

 

 
 

Plate 3.3 Study area of the farmers’ fields in the Mukundpura and Sitara village near 

KVK Kumher, Bharatpur, Rajasthan 

KVK Kumher, Bharatpur 
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Table 3.4: Physiochemical properties of soil at Sitara and Mukundpura village  

Parameters Unit Layer 1 

(0-30 cm) 

Layer 2 

(30-60 cm) 

Layer 3 

(60-90 cm) 

Sand content  (%) 24.5 25.0 23.0 

Silt content  (%) 20.5 25.0 27.0. 

Clay content  (%) 55.0 50.0 52.0 

Organic Carbon  (%) 0.40 0.33 0.30 

 Saturated Hydraulic conductivity  mm/day 89.3 84.6 75.7 

Bulk Density  mg/m3 1.30 1.42 1.61 

PH of Soil  8.1 8.3 8.5 

 

3.2.3.3 Field observations and measurements 

 There were 20 farmers selected to validate InfoCrop-mustard model from 

Mukundpura and Sitara village, Bharatpur. Farmers have varietal, sowing date and 

management practices variation during mustard growing season among the area. The 

information on crop variety and management practices were collected by interaction with 

the farmers. Soil moisture at 0-15, 15-30, 30-45, 45-60, and 60-90 cm depth in the 

farmers’ field was recorded by gravimetric method at 15 days interval. Multiple LAI 

measurements were taken randomly in each of the selected field to account for with-in-

field variability. The LAI was measured non-destructively by using plant canopy analyzer 

(LAI-2000) instrument (Welles and Norman, 1991). The average field mustard LAI on a 

given date was computed by averaging multiple LAI observations of that field after 

excluding outliers. Two samples of mature mustard crop were harvested from 1x1 m2 

area in each plot and allowed to dry in air. The weight of total biomass in each plot was 

measured using a spring balance. After thrashing and winnowing by a small mechanical 

thrasher, the seed weight was taken to estimate seed yield. All the observations on 

farmer’s field were taken at 15 days interval with the help of KVK, Khumer, Bharatpur. 

3.3 Crop yield prediction by empirical models 

3.3.1 Data collection 

 The long-term weather data was collected by India Meteorological Department 

(IMD) and National Climate Data Center (NCDC), while mustard yield data was 

collected from Directorate of Economics & Statistics (DES) and state agricultural 

department for Delhi and major mustard growing region of the Rajasthan. The National 

Agricultural Research Project (NARP) of ICAR defined the agro-climatic zones on the 

https://en.wikipedia.org/wiki/India_Meteorological_Department
https://blog.eduonix.com/bigdata-and-hadoop/hadoop-project-on-ncdc-national-climate-data-center-noaa-dataset/
https://eands.dacnet.nic.in/PDF/TelDir.pdf
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basis of soil type, temperature, rainfall and geological constraints and divided the country 

into 127 agro-climatic zones. 

According to NARP report, Rajasthan state has ten agro-climatic zones. Five major 

mustard growing zones are selected for yield predictions (Fig. 3.3.). The climatic 

condition of the Delhi region has been discussed in the earlier part of this chapter. A 

detailed overview of studied zone of Rajasthan is presented in table 3.5. Mustard crop is 

mainly grown during the Rabi season due to favourable weather variables. 

 

 

Fig 3.3 Selected zones of Rajasthan for crop yield prediction 
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Table 3.5: Overview of studied zone of Rajasthan 

Parameters Zone I Zone II Zone III Zone IV Zone V 

Districts 
Alwar, 

Bharatpur 

Kota, 

Sawaimadhopur 

Udaipur, 

Jhalawar 

Jodhpur, 

Pali 
Bikaner 

Total area (mha) 2.77 2.70 3.36 3 7.7 

Avg. Rainfall (mm) 500-700 650-1000 500-900 300-500 100-350 

Temp 

(°C) 

Maximum 40.0 42.6 38.6 38.0 48.0 

Minimum 8.2 10.6 8.1 4.9 3.0 

Soil texture Clay loam Clay-loam Loam Sandy-loam Loamy-sand 

Climate Semi-arid Humid Sub-humid Sub-humid Hyper-arid 

Source: http://www.agriculture.rajasthan.gov.in 

3.3.2 Preprocessing of data  

 Missing value in data is the first obstacle to predicting crop yield by long-term 

weather and yield data. Data gaps were filled using maximum likelihood estimation, 

which operates by estimating a set of parameters that maximize the probability of getting 

the estimates from the sample data that is analyzed. It provides a deterministic result 

(Collins et al. 2001). Gap filling of maximum and minimum temperature has been done 

by Hmisc package while miss-forest package was used for gap filling of relative humidity 

in R statistical software. Hmisc has two types of functions first is “impute” and other is 

“aregImpute”. Among the both, “aregImpute” works better than impute function because 

it is based on bootstrapping and predictive mean matching while impute function is based 

on median. Missforest is a nonparametric imputation method, which is based on random 

forest mechanism. 

 Mustard seed yield shows an increasing trend over a long time series data (Fig 

3.4). The increasing trend is generally due to improvements in crop production 

technology over time, such as the introduction of high-yielding/stress tolerant cultivars, 

higher applications of input resources, and better technology for intercultural operations 

(Aggarwal et al., 2000; Nain et al., 2004). To understand the behavior of weather 

variables on mustard yield and overcome the technological effects, a modification has 
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been proposed here. The modified mustard yield is named as scaled normalized yield. 

The formula of scaled normalized yield is shown below: 

𝑆𝑐𝑎𝑙𝑒𝑑 𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 𝑦𝑖𝑒𝑙𝑑 =  
𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 𝑦𝑖𝑒𝑙𝑑𝑖−𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 𝑦𝑖𝑒𝑙𝑑𝑚𝑖𝑛

 𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 𝑦𝑖𝑒𝑙𝑑𝑚𝑎𝑥−𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 𝑦𝑖𝑒𝑙𝑑𝑚𝑖𝑛
 ----------------- (16) 

Where, Normalized yieldi , Normalized yieldmax , and Normalized yieldmax are the 

normalized yield deviations from yield trend for current period, maximum normalized 

yield and minimum normalized yield among the whole data set, respectively. The 

normalized yield is calculated as: 

𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 𝑦𝑖𝑒𝑙𝑑 =  
𝑌𝑖𝑒𝑙𝑑𝑖−𝑌𝑖𝑒𝑙𝑑𝑡𝑟𝑒𝑛𝑑

𝑌𝑖𝑒𝑙𝑑𝑡𝑟𝑒𝑛𝑑
     ------------------ (17) 

Where, Yieldi is crop yield of the current period; Yieldtrend is the trend predicted yield for 

each year. Yield trend has been calculated by developing a linear regression between yield 

and time series, such as: 

 𝑌𝑖𝑒𝑙𝑑 𝑡𝑟𝑒𝑛𝑑 = 𝑎 + 𝑏 ∗ 𝑇𝑖𝑚𝑒       ------------------ (18) 

Where, a is the intercept and b is the slope of a linear regression between yield and time.  

 The resultant scaled normalized yield does not show any increasing trend and the 

mean value of that is nearly 50 percent with zero value of the coefficient of determination 

(Fig 3.4). It removed the impact of developed technology on crop yield and gave a better 

representation of weather variables’ effect on crop yield. If there is no time trend is 

present in crop yield data than scaled normalized yield will be equal to observed yield. 

  

 
 

Fig 3.4 Temporal plots of (a) crop yield and (b) scaled normalized crop yield  
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3.3.3 Weather indices calculation 

 After calculating scaled normalized yield we developed the Z variables, which 

were used as predicted variables. There were six weather variables used to find out z 

variables such as maximum and minimum temperature (Tmax and Tmin, °C), morning and 

evening relative humidity (RHmax and RHmin, %), rainfall (mm) and bright sunshine hour 

(SSH, hr) during 40th to 13th standard meteorological week. There are two Z variables: 

simple Z variables and weighted Z variables. Simple Z variables were developed by 

summing each weather variable or weather variables interactions between 40th to 13th 

SMW of each year. Weighted Z variables were developed by the sum-product of weather 

variable or weather variable interactions to their correlation with adjusted yield. The 

simple and weighted Z variables were computed by following equations. 

𝑍𝑖𝑗 = ∑ 𝑋𝑖𝑤
𝑚
𝑤=1        ------------------ (19) 

𝑍𝑖𝑗 =  ∑  𝑋𝑖𝑤  𝑋𝑖𝑖′𝑤  
𝑚
𝑤=1       ------------------ (20) 

 Where, Zij is the simple Z variable; Xiw and Xii'w is the value of ith weather variable 

and their interaction with i' variable for w standard meteorological week; m is the 

standard meteorological weeks used for model development. 

 𝑍𝑖𝑗′ =  ∑ 𝑟𝑖𝑤
𝑗

 𝑋𝑖𝑤  𝑚
𝑤=1        ------------------ (21) 

𝑍𝑖𝑗′ =  ∑ 𝑟
𝑖𝑖′𝑤

𝑗
 𝑋𝑖𝑤  𝑋𝑖𝑖′𝑤

𝑚
𝑤=1        ------------------ (22) 

 Where, Zi j' is the weighted Z variable; rj
iw and rj

ii'w are the correlation coefficients 

of yield with ith and weather variables interaction with i' variable for w standard 

meteorological week. The details of simple and weighted Z variables are shown in table 

3.6. 
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Table 3.6: Simple and weighted weather indices used for developing mustard prediction 

model by different techniques 

 Simple weather indices Weighted weather indices 

 Tmax Tmin Rain RHmax RHmin SSH Tmax Tmin Rain RHmax RHmin SSH 

Tmax Z10      Z11      

Tmin Z120 Z20     Z121 Z21     

Rain Z130 Z230 Z30    Z131 Z231 Z31    

RHmax  Z140 Z240 Z340 Z40   Z141 Z241 Z341 Z41   

RHmin Z150 Z250 Z350 Z450 Z50  Z151 Z251 Z351 Z451 Z51  

SSH Z160 Z260 Z360 Z460 Z560 Z60 Z161 Z261 Z361 Z461 Z561 Z61 

 

 Where, Z10 is summation of maximum temperature of each SMW for crop 

growing period. Like that, we use Z20 for minimum temperature, Z30 for rainfall, Z40 

for morning relative humidity, Z50 for evening relative humidity and Z60 for bright 

sunshine hour. Z120 means the summation of interaction of maximum and minimum 

temperatures for each SMW. Other Z variables were computed by interaction of 

Tmax*Rain (Z130), Tmax*RHmax (Z140), Tmax*RHmin (Z150), Tmax*SSH (Z160), 

Tmin*Rain (Z230), Tmin*RHmax (Z240), Tmin*Rhmin( Z250), Tmin*SSH (Z260), 

Rain*RHmax (Z340), Rain*RHmin (Z350), Rain*SSH (Z360), RHmax*RHmin (Z450), 

RHmax*SSH (Z460) and RHmin*SSH (Z560). 

 Z11 is weighted Z variable for maximum temperature of each SMW for crop 

growing period. Like that, we use Z21 for minimum temperature, Z31 for rainfall, Z41 

for morning relative humidity, Z51 for evening relative humidity and Z61 for bright 

sunshine hour. Z121 means the summation of interaction of maximum and minimum 

temperature for each SMW. Other Z variables are computed by interaction of Tmax*Rain 

(Z131), Tmax*RHmax (Z141), Tmax*RHmin (Z151), Tmax*SSH (Z161), Tmin*Rain 

(Z231), Tmin*RHmax (Z241), Tmin*RHmin( Z251), Tmin*SSH (Z261), Rain*RHmax 

(Z341), Rain*RHmin (Z351), Rain*SSH (Z361), RHmax*RHmin (Z451), RHmax*SSH 

(Z461) and RHmin*SSH (Z561). 
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3.3.4 Selection and extraction of variables 

 These Z variables are very closely correlated to each other. Sometimes the 

irrelevant variables developed a good agreement and increased complexity in the model. 

So, it is important to reduce the correlation to avoid the over-fitting problem in model 

development. Multiple linear regression technique is the most widely used for yield 

prediction. But, it can not be employed for long-term time series data because number of 

computed Z variables are more than the number of yield data. Therefore variable 

selection and extraction is necessary prior to reduce the dimensionality of the data in crop 

yield prediction modelling. Stepwise multiple linear regression (SMLR) models ran in 

SPSS for selection of highest important variables. It is a combination of forward and 

backward regression method. A most effective variable is considered for the addition and 

the subtraction of least important variable based on R2 and F-test. The principal 

component analysis model ran in SPSS to extract the variables. The principal components 

(PCs) selected on the basis of eigen values (>1) were able to describe more than 90 

percent variability of the input data set. A new set of variables was computed by all input 

variables in the variable extraction technique, whereas in the variable selection technique 

the most significant input variables were used.  

3.3.5 Machine learning techniques  

 There are several techniques used in crop yield prediction. Three different types 

of machine learning techniques (artificial neural network, support vector machine and 

random forest) were used to develop good crop yield prediction models for mustard crop 

at Delhi and major mustard growing zones of Rajasthan. All the machine learning 

techniques were run in the R statistical software version 3.1.3. using two-thirds of the 

data for training and one-third of the data for testing. A detailed discussion of the 

machine learning techniques is given as follows: 

3.3.5.1 Artificial neural network (ANN)  

 Artificial neural network consists of many artificial neurons connected to a 

network architecture. Neural network has various architectures to approximate any linear 

function, such as feed-forward network, feed-back network, lateral network, etc. ANN is 

composed of three layers, namely input layer, hidden layer and output layer. Multilayer 
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perceptron (MLP) technique is one of the more popular neural network types than other 

neural network types. The neurons are arranged in a successive pattern, through which 

information will flow uni-directionally from the input layer to the output layer through 

the hidden layer. This network interpreted as input-output model, with weights and 

threshold (biases) as free parameters of the model. Artificial neural network work 

through the optimized weighted value of variables, the method by which the optimized 

values are attained is called learning. In the learning process, it tries to teach to produce 

the output based on the corresponding input provided. Learning will complete when the 

trained neural network can update the optimal weights and produce the output within the 

desired accuracy corresponding to the input pattern. The main objective of the neural 

network is to produce its output having reduced discrepancies with the target output 

value, which will help to transform the input into meaningful output. 

The main problem for implementing the ANN is to find the parameters, which are 

used for cross-validation, such as a number of units in the hidden layers and nodes.  

We use “caret” package for cross-validation, “ggplot2” package for data visualization and 

“nnet” package in R statistical software to perform ANN exercises. Ten fold cross-

validation has been used for prediction by ANN method using R version 3.1.3 (Kuhn 

2008). Size and decay is the regularization parameter to avoid over-fitting in “nnet” 

package that represent the number of units in the hidden layer and parameters of weight 

decay in nodes, respectively. A schematically representation of the ANN model for 

prediction has been shown in fig 3.5. 
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Fig 3.5 Schematically representation of the basic ANN model 

3.3.5.2 Support vector machine (SVM)  

 Support Vector Machines (SVMs) is a kernel-based, nonparametric, supervised 

machine-learning technique used for to predict and classify samples in two disjoint 

clusters (Pal, 2009). Nonparametric methods estimate the relationship between the 

variable of interest and seed yield based on the regression. It is most important to know 

several terminologies for a better understanding of SVM techniques, such as Kernel, 

Hyper-plane, Boundary Line and Support vectors. Kernel is the function to convert any 

linear model to a nonlinear model and lower dimensional data into high dimensional data. 

Hyper-plane is the separation line between two input data sets and it will help to predict 

the continuous output. The boundary line creates the two side margins from hyper-plane. 

A hyper-plane separation is good if more distance covered by data variables, which 

indicates less prediction error. SVMs are useful tool with high accuracy for prediction 

and classification due to their capability to handle small training data sets. The 

schematically representation of SVM for crop yield prediction has been shown in Fig 3.6.  
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Fig 3.6 Schematically representation of the basic SVM model 

 

 In this study, The SVM approach is used to create functions from a set of labeled 

training data. This SVM approach used a regression function for crop yield prediction. 

Support vector regression (SVR) is the implementation of the SVM method for 

regression and function approximation (Smola and Scholkopf, 2004). We used “e1071” 

package for SVM analysis, “caret” for cross-validation and “ggplot2” for data 

visualization in R statistical software version 3.1.3. Gamma and cost parameters are used 

for a cross-validation. Gamma defines the distance of a single data point from the hyper-

plane, whereas a value of cost decided the smoothness of hyper-plane (large C smooth 

boundary). A low value of gamma and a large value of cost represents more accurate 

model for prediction.  

3.3.5.3 Random forest (RF)  

 Random forest is an ensemble machine-learning technique. It creates a forest to 

enhance the performance of a single decision tree by bootstrapping. The combination of 

all the trees improves th prediction. Each tree is different from another one due to the 

presence of nodes and branches. The schematically representation of the random forest 

has been shown in fig 3.7. 
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Fig 3.7 Schematically representation of the basic random forest model 

 Crop yield prediction by RF is done by use of “Random Forest” package. We 

used “caret” for cross-validation and “ggplot2” for data visualization in R statistical 

software version 3.1.3 (Breiman, 2001). It is most important to decide the value of ntree 

and mtry for RF regression. The value of ntree ensures that, every input row gets at least 

a few times, so that ntree should not have less value. The default value of ntree is 5. The 

value of mtry decides the number of variables randomly sampled at each split. The 

default value of mtry for classification is a square root of a number of variables and for 

regression the number of a variable is divided by three. More mtry showed a good 

agreement between trees. A flowchart of crop yield prediction by different techniques is 

presented in fig 3.8. 
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Fig. 3.8 Flowchart for developing crop yield prediction model 

 

3.4 Optimal combination of different models 

 The need for optimal combinations to obtain diversified results arises because 

many prediction models have similar accuracy, so it is difficult to identify the best 

prediction model among them. The predicted results having the least root mean square 

error were used for optimum combination to get the better accuracy of the crop yield 

prediction. Optimal combination on the basis of weights to minimize the error in the crop 

yield prediction. The larger weights are responsible for better prediction and reduction in 

error. 

 We used the variance of a validated dataset to obtain optimal yield. The data sets 

were processed for analysis of variance and to develop an optimal combination model for 

all possible combinations of ANN, SVM and RF by using MS-Excel office 2013. The 

equation 23 is used for optimal combination based on variance. 
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𝑋 = [
1

𝝈1
2 +

1

𝝈2
2 +

1

𝝈3
2] −1 [

𝑋1

𝝈1
2 +

𝑋2

𝝈2
2 +

𝑋3

𝝈3
2]      ------------------ (23) 

Where, X1, X2 and X3 are independent measurements (Testing data set) and 𝜎1
2

, 𝜎2
2 and 

𝜎3
2 are the variance of independent measurements (Testing data set) by ANN, SVM and 

RF, respectively.  

3.5 Statistical test  

The data were analyzed using SPSS (version 16.0), Excel package (version 13.0), 

R statistical software version 3.1.3. Analysis of variance as applicable for split-plot 

design was used to test least significant differences among the various treatment means 

and their interactions using statistical analysis. MS Excel version 13.0 was used to draw 

required graphs. Root mean square error, normalized root mean square error and ratio of 

performance to deviation were used for comparing the accuracy of the models. 

3.5.1 Root mean square error (RMSE) 

 It measures the difference between predicted values and observed values. By this 

test, model performance during the calibration as well as validation period can be 

determined. It is also helpful in comparing individual model performance with other 

predictive models.  

𝑅𝑀𝑆𝐸 = √
1

𝑁
∑ (𝑃𝑖 − 𝑂𝑖)2𝑁

𝑖=1        ------------------ (24) 

 Where, RMSE is a root mean square error, Pi is the predicted value, Oi is the 

observed value and N is the number of observations 

3.5.2 Normalized root mean square error (nRMSE) 

 If Pi, Oi, N and M are notated as predicted value, observed value, number of 

observations and mean of observed value, nRMSE can be written as the formula given 

below. Normalized mean square error expressed in percentage, values close to zero 

indicate better model performance. nRMSE is a measure (%) of the relative difference of 

estimated versus observed data. The prediction is considered excellent with the nRMSE 

<10 %, good if 10–20 %, fair if 20–30 %, and poor if >30 % (Jamieson et al., 1991) 
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𝑛𝑅𝑀𝑆𝐸 =
100

𝑀
∗ √

1

𝑁
∑ (𝑃𝑖 − 𝑂𝑖)2 𝑁

𝑖=1       ------------------ (25) 

3.5.3 Ratio of performance to deviation (RPD) 

Viscarra Rossel et al. (2006) used RPD as an accuracy parameter to evaluate the 

prediction accuracy of the developed models. The Performance of the model based on the 

ratio of performance to deviation (RPD) values are shown in table 3.7 which shows that 

model should be recommended at most 1.4. RPD was calculated using the following 

formula: 

RPD=Sd/SEP       ----------------------------- (26) 

Where SEP= standard error of estimation, which is calculated as root mean square error 

 

𝑆𝐸𝑃 = √
1

𝑁
∑(𝑂𝑖 − 𝑃𝑖)2   

𝑁

𝑖=1

 

Sd= Standard deviation of the sample 

 

𝑆𝑑 = √
1

𝑁 − 1
∑(𝑂𝑖 − 𝑀)2   

𝑁

𝑖=1

 

Where Pi: estimated values, Oi: observed value; N: number of observation, M: mean of 

observed value respectively. 
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Table 3.7: Performance of model based on ratio of performance to deviation (RPD) value 

RPD value Category Recommendation 

Less than 1.0 very poor model not recommended for use 

1.0 and 1.4 poor model not recommended for use 

1.4 and 1.8 fair model may be used for prediction 

1.8 and 2.0 good model quantitative predictions 

2.0 and 2.5 very good model quantitative prediction 

More than 2.5 excellent model quantitative prediction 

 

3.5.4 Percent deviation  

It is the difference between predicted and observed yield with reference to 

observed yield. The positive value of percent deviation shows overestimation and the 

negative value shows underestimation of a model. Percent deviation is calculated using 

the following formula:  

𝑃𝑒𝑟𝑐𝑒𝑛𝑡 𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛 =
𝑃𝑖−𝑂𝑖

𝑂𝑖
*100       ------------------ (27) 

Where, Pi is the predicted value and Oi is the observed value. 

3.7.4 Mean absolute error (MAE) 

 Mean absolute error (MAE) of an estimator measures the average magnitude of 

deviation predicted data set that is, the average difference between the estimated values 

and what is estimated. MAE is calculated by using the following formula:  

𝑀𝐴𝐸 =
1

𝑁
∑ |𝑃𝑖 − 𝑂𝑖|𝑁

𝑖=1         ------------------ (28) 

 

3.7.5 Coefficient of determination(R2) 

The coefficient of determination or R-squared represents the proportion of the variance in 

the dependent variable which is explained by the linear regression model. It is a scale-

free score i.e. irrespective of the values being small or large, the value of R square will be 

less than one. 
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𝑅2 = 1 −
∑(𝑃𝑖−𝑂𝑖)2

∑(𝑃𝑖−𝑂𝑚𝑒𝑎𝑛)2       ------------------ (28) 

Where, Pi = predicted value, Oi = observed value, and Omean = mean of observed value 
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4. Results 

 To estimate “Mustard yield prediction by machine learning and crop simulation 

models” experiments were conducted for mustard crop during Rabi season 2016-17 and 

2017-18 at research farm of IARI, New Delhi. Results obtained from the field 

experiments and the objectives on different aspects are presented in this chapter. 

4.1.1 Weather during the crop growing period 

The daily weather data recorded at the IARI agro-met observatory near the 

experiment area during the crop growing season 2016-17 and 2017-18 were taken for 

analysis. The weekly average values were computed from daily observed values of 

weather variables such as Weekly mean maximum and minimum temperature, total 

weekly rainfall, mean relative humidity and bright sunshine hours. 

The maximum temperature varied from 18 to 35°C, whereas minimum 

temperatures varied from 3 to 23 °C in both the years. The trend of the maximum and 

minimum temperatures is shown in Fig. 4.1. The figure clearly showed the decreasing 

value of the maximum and minimum temperature till 2nd standard meteorological week 

(SMW); afterward they followed the increasing trend till crop physiological maturity 

during both the growing years 2016-17 and 2017-18. It was important to notice that the 

maximum temperature for 2016-17 was higher than 2017-18 during the early crop 

growing period, but at the time of maturity, the maximum temperature for 2017-18 was 

slightly higher than 2016-17. On the contrary, the minimum temperature for 2017-18 was 

higher than 2016-17 till the reproductive stage of mustard and after that there was a 

drastic increment in minimum temperature for 2017-18 sown crop.  

There is an inverse relationship between the temperature and relative humidity. 

Fig. 4.2 represent the changing pattern of RHmax and RHmin for the entire Rabi crop 

growth period during 2016-17 and 2017-18. The maximum and minimum relative 

humidity was completely different until the 45th SMW for 2016-17 and 2017-18. 

Maximum relative humidity was nearly constant throughout the crop growing season for 

both years. The minimum relative humidity peaks were obtained on 50th, 1st, 4th, 7th, and 

9th SMW in both years. A smoother temperature and relative humidity curve represented 



68 
 

less variation during 2017-18, whereas weather variables of 2016-17 showed more 

variability. 

The amount of rainfall and its distribution are shown in Fig. 4.3. The rainfall 

received during the entire crop growing period was 119.7 mm during 2016-17 and 13.4 

mm for the 2017-18. There were five rainy days in 2016-17 and two rainy days in 2017-

18. A good amount of rainfall (39.1mm) received at 40th SMW in 2016-17 met the pre-

sowing irrigation requirement. The year 2016-17 was relatively wet in terms of the 

amount and distribution of rainfall compared to 2017-18. The bright sunshine hour is 

important for photosynthetic activity. Weekly mean bright sunshine hours ranged 

between 0.2 hours at the 45th SMW and 9.0 hours at the 13th SMW (Fig. 4.4). The major 

drops in bright sunshine hours were recorded in 42nd, 43rd and 44th SMW due to 

fog/cloudiness in both years. 

4.1.2 Crop phenology 

The days required to achieve different phenological stages for three mustard 

cultivars at three different dates of sowing were recorded during 2016-17 and 2017-18 

(Table 4.1). The sowing dates for mustard were 10th October, 25th October and 10th Nov 

ember, 2016 for the first year experiment and 12th October, 26th October and 11th 

November, 2017 for the second year experiment. The results clearly showed that there 

were more days required to attain 50 percent flowering with delay in sowing for all 

cultivars in both years. Delay sowing took more days for emergence and flowering 

compared to timely sowing of mustard crop during both years. Apart from that, there was 

a reduction in crop growth period with a delay in sowing for all cultivars in both years. 

The 50 percent flowering occurred at 64, 51 and 63 days after sowing in timely 

sown crop, 67, 53 and 66 days after sowing in late sown crop and 70, 55 and 70 days 

after sowing in very late sown crop for RH-406, Pusa Tarak and Girraj in the timely and 

very late sowing during the 2016-17 crop growing year, respectively. In 2017-18 crop 

growing year, the corresponding days for 50 percent flowering were 65, 50 and 65 in 

timely sown crop, 68, 53 and 67 in late sown crop and 70, 56 and 71 in very late sown 

crop for RH-406, Pusa Tarak and Girraj, respectively. The physiological maturity was 

reached at 137, 117, 138 days after sowing and 125, 108, 128 days after sowing for RH-

406, Pusa Tarak and Girraj for timely sown crop and very late sown crop in 2016-17 crop 



 

Fig 4.1 Weekly maximum and minimum temperature at IARI, New Delhi observatory 

during Rabi 2016-17 and 2017-18 crop seasons 

 

 

 
 

Fig 4.2 Weekly maximum and minimum relative humidity at IARI, New Delhi 

observatory during Rabi 2016-17 and 2017-18 crop seasons 
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Fig 4.3 Weekly rainfall at IARI, New Delhi observatory during Rabi 2016-17 and 2017-

18 crop seasons 

 

 

Fig 4.4 Weekly bright sunshine hour at IARI observatory during Rabi 2016-17 and 2017-

18 crop seasons 
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year. Similar results were obtained for 2017-18 crop year with the addition of 2 to 4 more 

days to achieved physiological maturity. PusaTarak had the shortest crop growth duration 

among all cultivars.  

Table 4.1 Crop Phenology of different mustard cultivars under different dates of sowing 

during Rabi 2016-17 and 2017-18. 

D1= Timely sown crop, D2 = Late sown crop, D3= Very late sown crop 

 

4.1.3 Radiation Interception and extinction coefficient 

The seasonal profiles of fIPAR for different mustard cultivars at different dates of 

sowing during both the years are shown in Fig. 4.5. In all the cases, fIPAR showed an 

increasing trend during vegetative growth, then plateauing and later decreasing with the 

2016-17 
Phenological stages 

(days after sowing) 

RH 406 Pusa Tarak Girraj 

D1 D2 D3 D1 D2 D3 D1 D2 D3 

Seedling emergence 6 7 9 4 5 7 7 8 9 

Early Veg. phase 14 16 19 10 13 16 15 16 18 

First flower 55 57 61 40 43 44 54 57 60 

50 per cent flowering 64 67 70 51 53 55 63 66 70 

Pod formation  97 95 93 76 75 74 96 94 92 

Seed development 116 113 105 100 97 93 116 112 106 

Physiological 

maturity 
137 132 125 117 114 108 138 133 128 

Crop harvest 146 140 131 127 124 116 146 140 131 

2017-18 

Phenological stages 

(days after sowing) 

RH 406 Pusa Tarak Girraj 

D1 D2 D3 D1 D2 D3 D1 D2 D3 

Seedling emergence 6 8 9 5 6 8 6 8 9 

Early Veg. phase 13 16 18 11 13 17 14 15 18 

First flower 56 59 62 40 41 44 55 58 61 

50 percent flowering 65 68 70 50 53 55 65 67 71 

pod formation 99 98 95 78 77 75 99 98 95 

Seed development  118 115 109 102 99 95 119 114 108 

Physiological 

maturity 
140 137 129 118 115 110 140 134 128 

Crop harvest 149 144 134 130 125 118 149 144 134 
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progress of the season in the reproductive stage. The peak fIPAR value ranged between 

0.89 to 0.98 in all the treatments. The peak fIPAR value occurred at 77, 75, 73 days after 

sowing for Pusa Tarak, 93, 89, 85 days after sowing for RH-406 and 93, 89, 85 days after 

sowing for Girraj at timely, late and very late sown conditions, respectively during 2016-

17. Similar results were obtained during the period 2017-18. Due to the delay in sowing 

for all cultivars during 2016-17 and 2017-18, fIPAR had a lesser value and the peak of 

fIPAR occurred earlier as compared to the timely sowing. There was no significant 

difference in fIPAR during the early growing period, whereas the values of fIPAR were 

significant after the vegetative phase. 

The extinction coefficient (k) was determined separately for each treatment in 

both years with least-square regression by calculating the slope of the relationship 

between ln(1- fIPAR) and LAI with an intercept set to zero. The extinction coefficient 

varied between 0.45 and 0.62 among the treatments in both years. No significant change 

was observed in extinction coefficients across cultivars and sowing dates treatments.  

4.1.4 Leaf area index (LAI) 

The leaf area index is an important parameter for crop growth studies since it is 

useful in interpreting the capacity of a crop for producing dry matter in terms of the 

utilization of intercepted radiation and the amount of photosynthesis synthesized. The 

seasonal profile of the mustard leaf area index (LAI) for all three cultivars at different 

dates of sowing during 2016-17 and 2017-18 are depicted in Fig. 4.6. LAI showed a 

similar pattern as fractional intercepted photosynthetically active radiation (fIPAR). At 

first, LAI increased at a slow rate during the initial growth phase and then increased with 

increasing rate till flowering and pod formation stages afterward, it started to follow 

decreasing pattern till physiological maturity due to the senescence of crop leaves. The 

peak value of LAI was attained at 85-90, 78-83 and 72-79 days after sowing in the timely 

sown, late sown and very late sown crop, respectively for RH-406 and Girraj in both the 

year. In case of Pusa Tarak, the peak LAI value varied from 80 to 65 days for timely and 

very late sown crop in both the years. 

During 2016-17, the peak values of LAI were 3.9, 4.8 and 4.6 in the timely sown 

crop, 3.5, 4.5 and 4.25 for the late sown crop, 2.39, 3.06 and 2.94 for the very late sown 

crop in Pusa Tarak, RH-406 and Girraj, respectively. The peak values of LAI were 4.01, 



 

 

 

 

 

 

Fig 4.5 fIPAR at different days after sowing for all three cultivars during Rabi 2016-17 and 2017-18 under different sowing conditions 



.  

 

 

 

Fig 4.6 Leaf area index (LAI) at different days after sowing for all three cultivars during Rabi 2016-17 and 2017-18 under different 

sowing conditions 
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4.98 and 4.76 under timely sown crop, which reduced to 2.46, 3.13 and 2.95 under very 

late sown mustard crop for Pusa Tarak, RH-406 and Girraj, respectively during 2017-18. 

RH-406 has the highest value of LAI followed by Girraj and Pusa Tarak throughout the 

Rabi season in 2016-17 and 2017-18. The climatic condition of 2017-18 was more 

favorable to accomplish more LAI than 2016-17 for all dates of sowing. The date and 

peak of attaining maximum LAI shifts towards a lower value under delay in sowing, 

which indicates delay in sowing resulted in significant reduction in crop growth and a 

shortening of crop growing period. 

4.1.5 Above-ground biomass 

The above-ground biomass obtained on different dates for different treatments 

and cultivars during Rabi 2016-17 are shown in Table 4.2. There was a significant 

difference observed in above-ground biomass accumulation, for different cultivars, for 

different sowing dates and their interaction after 30 DAS. The values shown for the effect 

of sowing dates are averaged over the values of cultivars. Similarly, the values shown 

under the effect of cultivars are averaged over the effect of sowing dates. The 

significance of difference in any two pairs of values was least significant difference 

(LSD) at 95 % confidence level (p=0.05).  

The final above-ground biomass was significantly higher for RH-406 (8867 kg ha-

1) followed by Girraj (8577 kg ha-1) and Pusa Tarak (7553 kg ha-1). The average above-

ground biomass was 9506 kg ha-1 for the timely sowing and reduced to 8543 kg ha-1, 

6946 kg ha-1 for the late and very late sowing, respectively. In the sowing dates and 

cultivars interaction study, RH-406 in the timely sowing showed significantly highest 

value of above-ground biomass (10200 kg ha-1), and Pusa Tarak in the very late sowing 

showed the lowest value (6460 kg ha-1). 

A higher accumulation of biomass was observed during 2017-18 than that of 

2016-17 (Table 4.3). There was significant difference among cultivars, sowing dates and 

their interaction for above-ground biomass measured at different days after sowing. The 

above-ground biomass was found to be highest for RH-406 as also observed during 2016-

17. The highest values of above-ground biomass were 10820, 9990 and 8900 kg ha-1 for 

the timely sowing, 9540, 9220 and 7830 kg ha-1for the late sowing, 8200, 7760 and 6600 

kg ha-1 for the very late sowing in RH-406, Girraj and Pusa Tarak, respectively.  
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Table 4.2 Above-ground biomass (kg ha-1) for different mustard cultivars sown on 

different dates during Rabi 2016-17. 

Treatments  
Days after sowing (DAS) 

30  45 60  75  90  105  At Harvest  

Effect of sowing date 

D1  228  586  1333  2943  4905  6934  9506  

D2  207  491  1090  2503  4487  6547  8543  

D3  144  433  912  2366  4248  6227  6946  

LSD
0.05

 NS  13.39*  27.21*  87.20*  115.21*  66.60*  126.09*  

Effect of cultivars 

Pusa Tarak  152  386  860  2000  3752  5685  7553  

RH 406  217  588  1313  3129  5203  7237  8867  

Girraj  209  535  1162  2651  4685  6785  8577  

LSD
0.05

 NS  7.74*  32.14*  50.20*  80.53*  52.08*  103.09*  

Interaction effect 

Pusa Tarak 

(D1)  185  454.5  1054  2296  4014  5962  8640  

RH 406 (D1)  244  678  1580  3518  5640  7710  10200  

Girraj (D1)  256  627  1366  3014  5062  7130  9680  

Pusa Tarak 

(D2)  182  385.45  813  1897  3662  5630  7560  

RH 406 (D2)  223  566  1261  2995  5160  7200  9100  

Girraj (D2)  216  522.9  1194.8  2618  4640  6810  8970  

Pusa Tarak 

(D3)  91  319  714  1809  3580  5463  6460  

RH 406 (D3)  185  521  1098  2876  4809  6801  7300  

Girraj (D3)  155  458  924  2413  4354  6416  7080  

LSD
0.05

 NS  17.17*  52.71*  87.50*  160.84*  98.61*  191.45*  

D1= Timely sown crop, D2 = Late sown crop, D3= Very late sown crop 

* Significant at 95 % confidence level (p=0.05). 
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Table 4.3 Above-ground biomass (kg ha-1) for different mustard cultivars sown on 

different dates during Rabi 2017-18. 

Treatments  
Days after sowing (DAS) 

30  45  60  75  90  105  At Harvest  

Effect of sowing date 

D1  249  726  1585  3590  5539  7474  9903  

D2  241  563  1168  3087  5036  6748  8863  

D3  162  470  1071  2748  4838  6968  7520  

LSD
0.05

 13.97  55.72*  26.32*  145.65*  76.34*  183.96*  164.97*  

Effect of cultivars 

Pusa Tarak  173  447  975  2509  4269  6072  7776  

RH 406  248  710  1548  3705  5855  7819  8200  

Girraj  230  602  1302  3211  5288  7299  7760  

LSD
0.05

 14.44  41.06*  38.42*  51.15*  119.45*  100.29*  151.15*  

Interaction effect 

Pusa Tarak 

(D1)  212  575  1210  2893  4520  6462  8900  

RH 406 (D1)  276  857  1932  4254  6392  8268  10820  

Girraj (D1)  258  743  1614  3622  5703  7692  9990  

Pusa Tarak 

(D2)  206  462  886  2540  4432  5909  7830  

RH 406 (D2)  264  675  1417  3579  5605  7414  9540  

Girraj (D2)  253  553  1201  3142  5071  6922  9220  

Pusa Tarak 

(D3)  102  304  828  2093  3854  5845  6600  

RH 406 (D3)  205  597  1294  3282  5568  7775  8200  

Girraj (D3)  180  510  1090  2870  5092  7283  7760  

LSD
0.05

 NS  NS  60.15*  161.76*  184.73*  230.63*  202.12*  

D1= Timely sown crop, D2 = Late sown crop, D3= Very late sown crop 

* Significant at 95 % confidence level (p=0.05). 

The result showed that the date of sowing significantly affected mustard crop 

biomass in both years. The timely sown crop had a significantly higher yield than a late 

sown crop in the semi-arid environment of the New Delhi, indicating that delay in sowing 

to mid-November adversely affected the crop growth and above-ground biomass. The 
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mustard crop growth observed during the 2017-18 was more healthy and productive than 

the 2016-17 crop seasons. 

4.1.6 Seed yield, oil content and harvest index 

Seed yield, oil content and harvest index (HI) of mustard for different sowing 

dates and cultivars during 2016-17 and 2017-18 are shown in Table 4.4.  

Table 4.4 Seed yield, oil content and harvest index of different mustard cultivars sown on 

different dates during Rabi 2016-17 and 2017-18. 

Treatments  Seed yield (kg ha
-1

) Oil content (%) Harvest index (%) 

2016-17 2017-18 2016-17 2017-18 2016-17 2017-18 

Effect of sowing date 

D1  2083  2156  38.14  41.95  21.88  21.74  

D2  1638  1715  36.76  40.46  19.13  19.31  

D3  1112  1188  34.48  38.37  15.96  15.81  

LSD
0.05

 51.19*  32.15*  2.17*  1.32*  1.54*  0.52*  

Effect of cultivars 

Pusa Tarak  1389  1468  35.51  38.44  18.07  18.61  

RH 406  1786  1863  36.28  40.28  19.86  19.30  

Girraj  1658  1728  37.59  42.05  19.04  18.86  

LSD
0.05

 66.65*  52.56*  0.78*  1.18*  0.83*  0.76*  

Interaction effect 

Pusa Tarak (D1)  1840  1900  37.43  40.88  21.29  21.34  

RH 406 (D1)  2280  2374  38.20  42.96  22.35  21.94  

Girraj (D1)  2128  2192  38.80  43.00  21.98  21.94  

Pusa Tarak (D2)  1380  1453  35.77  38.13  18.26  18.57  

RH 406 (D2)  1820  1904  36.63  41.11  20.00  19.96  

Girraj (D2)  1715  1789  37.87  42.16  19.13  19.41  

Pusa Tarak (D3)  946  1051  33.33  36.32  14.65  15.92  

RH 406 (D3)  1257  1310  34.00  37.78  17.22  15.98  

Girraj (D3)  1132  1204  36.10  41.00  16.00  15.52  

LSD
0.05

 89.51**  80.72**  0.78*  0.64*  NS  NS  

D1= Timely sown crop, D2 = Late sown crop, D3= Very late sown crop 

* Significant at 95 % confidence level (p=0.05). 
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The final seed yield production at harvest was significantly reduced in the very 

late sown crop (1112 kg ha-1) as compared to the timely sown (2083kg ha-1) and late 

sown crop (1638 kg ha-1) during 2016-17. Similar results was obtain for seed yield during 

2017-18, seed yield were observed 2156, 1715, and 1188 kg ha-1 for the timely sown, late 

sown and very late sown crop, respectively. Significantly higher seed yield 1786 and 

1863 kg ha-1 was observed for RH-406 followed by 1658 and 1728 kg ha-1 for Girraj and 

1389 and 1468 kg ha-1 for Pusa Tarak during 2016-17 and 2017-18 crop seasons, 

respectively. Among all the cultivars, RH-406 recorded the significantly highest seed 

yield of 2280, 1820 and 1257 kg ha-1 followed by Girraj 2128, 1715 and 1132 kg ha-1 and 

Pusa Tarak 1840, 1380 and 946 kg ha-1 for timely, late and very late sown crop during 

2016-17. In the interaction effect during 2017-18, RH-406 maintained the highest 

production among all cultivars for different treatments. 

The seed oil content is an inherent characteristic of a cultivar but showed 

variation under different environmental conditions, which can modify by different 

sowing dates. Oil content of an oilseed crop requires a certain ambient temperature 

during the oil accumulation period. The significant result in mustard oil content was 

37.43, 38.20, 38.80 percent for timely sown crop, 35.8, 36.6, 37.9 percent for late sown 

crop and 33.3, 34.0, 36.1 percent for very late sown crop in Pusa Tarak, RH-406 and 

Girraj, respectively during 2016-17 (Table 4.4). The percentage oil content during 2017–

2018 was 42.9, 41.1 and 37.8 for RH-406, 43.0, 42.2 and 41.0 for Girraj and 40.9, 38.1 

and 36.3 for Pusa Tarak in timely, late and very late sown crop, respectively. About 4 

percent significant reduction was observed in mustard oil due to delay in sowing for both 

the years. The oil content for different cultivars Pusa Tarak, RH-406 and Girraj were 

35.5, 36.3, 37.6 percent and 38.4, 40.3, 42.0 percent during 2016-17 and 2017-18 crop 

season. Girraj had the highest oil content among all cultivars for all treatments. 

The harvest index significantly varied from 21.9, 19.1 and 15.9 during 2016-17 

and 21.7, 19.3 and 15.8 during 2017-18 crop growing year for timely, late and very late 

sown crop, respectively. RH-406 had significantly highest HI 19.9 percent followed by 

Girraj 19.0 percent and Pusa Tarak 18.1 during 2016-17. RH-406 had observed similar 

result during 2017-18. The interaction effect of cultivars with different dates of sowing 

was non-significant during 2016-17 and 2017-18. There was a significant reduction in 
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harvest index with delay in sowing and it was mostly due to more sharper reduction in 

seed yield compared with reduction in biomass.  

4.1.7 Radiation use efficiency (RUE) 

It is envisaged that the radiation use efficiency is a specific varietal character of 

any crop but it can be altered under different microclimatic conditions during crop 

growing season. Radiation use efficiency (RUE) based on seed yield and above-ground 

biomass of different mustard cultivars sown on different dates during 2016-17 and 2017-

18 are shown in Table 4.5.  

Table 4.5 TIPAR and RUE of different mustard cultivars under different dates of sowing 

during Rabi 2016-17 and 2017-18. 

Treatments  
TIPAR (MJ m-2) RUEy (g/MJ) RUE

b
 (g/MJ) 

2016-17  2017-18  2016-17  2017-18  2016-17  2017-18  

Effect of Sowing date 

D1  363.9 372.6 0.58  0.58  2.63  2.67  

D2  341.6 353.9 0.48  0.49  2.51  2.52  

D3  313.1 327.9 0.36  0.36  2.25  2.31  

LSD
0.05

  5.03* 5.39* 0.03*  0.01*  0.02*  0.02*  

Effect of cultivars 

Pusa Tarak  278.7 290.4 0.49  0.5  2.7  2.67  

RH 406  377.1 389.9 0.47  0.47  2.34  2.43  

Girraj  362.9 374.1 0.45  0.46  2.35  2.4  

LSD
0.05

  5.00* 4.33* 0.02*  0.02*  0.04*  0.05*  

Interaction effect 

Pusa Tarak (D1)  299.8 313.8 0.61  0.61  2.88  2.84  

RH 406 (D1)  403.2 410.2 0.57  0.58  2.53  2.64  

Girraj (D1)  388.8 393.9 0.55  0.56  2.49  2.54  

Pusa Tarak (D2)  285.9 288.2 0.48  0.50  2.64  2.72  

RH 406 (D2)  377.9 396.1 0.48  0.48  2.41  2.41  

Girraj (D2)  361.1 377.6 0.47  0.47  2.48  2.44  

Pusa Tarak (D3)  250.3 269.4 0.38  0.39  2.58  2.45  

RH 406 (D3)  350.3 363.3 0.36  0.36  2.08  2.26  

Girraj (D3)  338.8 351.1 0.33  0.34  2.09  2.21  

LSD
0.05

  8.54* 8.01* NS  NS  0.06*  0.05*  

D1= Timely sown crop, D2 = Late sown crop, D3= Very late sown crop 

* Significant at 95 % confidence level (p=0.05). 
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RH-406 showed significantly higher values 377.1 and 389.9 MJ m-2 of total 

intercepted photosynthetically active radiation (TIPAR over the total growth period), 

followed by Girraj 362.9 and 374.1 MJ m-2 and Pusa Tarak 278.7 and 290.4 MJ m-2 

during 2016-17 and 2017-18, respectively (Table 4.5). The value of TIPAR was higher 

372.6 MJ m-2 in timely sown crop compared to late sown crop 353.9 MJ m-2 and very late 

sown crop 327.9 MJ m-2 during 2017-18 as compared to corresponding value during 

2016-17. The interaction effect between cultivars and date of sowing was also significant 

for TIPAR during both the years. 

The RUE based on seed yield (RUEy) were 0.58, 0.48 and 0.36 g MJ-1 and RUE 

based on biomass (RUEb) were 2.63, 2.51 and 2.25 g MJ-1 for timely, late and very late 

sown crop, respectively during 2016-17. The highest values of RUE was 0.5 and 2.7 g 

MJ-1 for Pusa Tarak, followed by 0.47 and 2.34 g MJ-1 for RH-406 and 0.45 and 2.35 g 

MJ-1 for Girraj on seed yield and biomass basis, respectively. The values of RUEy and 

RUEb remain the same during 2017-18 for all the cultivars. The RUEy was non-

significant for cultivars and date of sowing interaction effect Whereas, RUEb was 

significant for cultivars and date of sowing interaction effect during both the years. 

Decrease in RUE (based on seed yield and above-ground biomass) was mostly due to 

more reduction in seed yield and above-ground biomass as compared to the 

corresponding reduction in TIPAR. The result showed that Pusa Tarak had highest RUE 

on seed yield and biomass basis among all cultivars. Hence, Pusa Tarak may be a good 

option to cultivate in very late sowing conditions. 

4.1.8 Soil moisture content  

Soil moisture content during mustard crop for different sowing dates was 

measured upto a soil depth of 90 cm at 15 days intervals by thermo-gravimetric method 

for 0-15 cm depth and neutron moisture meter for 15-90 cm depth during both the years 

and presented in Fig. 4.7. The straight horizontal lines represent mean value of field 

capacity (FC) and permanent wilting point (PWP) for 90 cm soil depth. The soil moisture 

content remained well within the FC (220mm) and PWP (70mm) for all the treatments. 

The peak values in the soil moisture was obtained at 41 and 80 days after sowing (DAS) 

for the timely sown crop, 26, 65 and 112 DAS for the late sown crop and 50 and 90 DAS 

for the very late sown crop, correspond to either irrigation or rainfall events during 2016-
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17. During 2017-18, the peak value of soil moisture content was found at 30, 72 and 113 

DAS for the timely sown crop, 58 and 99 DAS for the late sown crop and 43 and 84 DAS 

for the very late sown crop. Pusa Tarak had highest soil moisture content compared to the 

RH406 and Girraj in all dates of sowing for the both years. It may be attributed to higher 

soil moisture content related to less evapo-transpiration and less soil moisture extraction 

in producing biomass and seed yield. 

4.1.9 Water productivity (WP) 

The crop evapotranspiration and water productivity (WP) based on seed yield and 

above-ground biomass of different mustard cultivars for different sowing dates during 

2016-17 and 2017-18 are presented in Table 4.6. The seasonal evapotranspiration (ET) 

was 219, 242 and 240 mm in 2016-17 and 222, 260 and 249 during 2017-18 for Pusa 

Tarak, RH-406 and Girraj, respectively. Timely sown crop had 11.3 and 4.06 percent 

higher ET than very late and late sown crop, respectively during 2016-17. During 2017-

18, ET reduction was 5.11 and 9.84 percent compared to the late and very late sown crop. 

Interaction between cultivars and sowing dates during both the year had non-significant 

value.  

The water productivity was highest 0.85 and 3.86 g/m2/mm in timely sown crop 

followed by 0.69 and 3.61 g/m2/mm in late sown crop and 0.51 and 3.18 g/m2/mm in very 

late sown crop on the basis of seed yield (WPy) and biomass (WPb), respectively during 

2016-17 crop season. The values of WPy and WPb remain same value during 2017-18 

crop seasons as that during 2016-17 for all the cultivar. Significantly higher water 

productivity was observed in RH-406 compared to the Girraj and Pusa Tarak on seed 

yield and biomass basis for both the years. The interaction effect between crop cultivars 

and sowing dates was non-significant for both the years. 

The reduction in water productivity is mainly due to more quick reduction in seed 

yield and biomass without less sharp reduction in seasonal evapotranspiration, which 

clarifies the positive correlation of water productivity with seed yield and above-ground 

biomass. 

 



 

 

 

 

 

Fig 4.7 Soil moisture content at different days after sowing for all three cultivars during Rabi 2016-17 and 2017-18 under different 

sowing conditions 
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Table 4.6 Evapotranspiration and water productivity of different mustard cultivars sown 

on different dates during Rabi 2016-17 and 2017-18 

Treatments  
ET (mm) WPy (g/m2/mm) WPb (g/m2/mm) 

2016-17  2017-18  2016-17  2017-18  2016-17  2017-18  

Effect of Sowing date 

D1  246 254 0.85  0.85  3.86  3.89  

D2  236 241 0.69  0.71  3.61  3.67  

D3  218 229 0.51  0.52  3.18  3.28  

LSD
0.05

  6.55* 5.72* 0.05*  0.03*  0.15*  0.11*  

Effect of cultivars 

Pusa Tarak  219 222 0.63  0.66  3.43  3.49  

RH 406  242 260 0.73  0.73  3.64  3.76  

Girraj  240 249 0.69  0.69  3.57  3.58  

LSD
0.05

  5.45* 4.10* 0.03*  0.02*  0.09*  0.08*  

Interaction effect 

Pusa Tarak (D1)  232 236 0.79  0.81  3.73  3.77  

RH 406 (D1)  257 270 0.89  0.88  3.96  4.01  

Girraj (D1)  249 257 0.86  0.85  3.89  3.89  

Pusa Tarak (D2)  220 220 0.63  0.66  3.45  3.55  

RH 406 (D2)  243 250 0.75  0.76  3.75  3.82  

Girraj (D2)  248 253 0.69  0.71  3.62  3.64  

Pusa Tarak (D3)  207 209 0.46  0.50  3.13  3.15  

RH 406 (D3)  227 237 0.55  0.55  3.22  3.45  

Girraj (D3)  222 241 0.51  0.50  3.19  3.22  

LSD
0.05

  NS  NS  NS  NS  NS  NS  

D1= Timely sown crop, D2 = Late sown crop, D3= Very late sown crop 

* Significant at 95 % confidence level (p=0.05). 

 

4.2 Crop yield prediction by InfoCrop-mustard model 

4.2.1 Calibration of InfoCrop-mustard model at experimental field 

 The model was initialized each time prior to mustard sowing during Rabi 2016-17 

and 2017-18. The model calibration involved initially determining the values of 

phenology coefficients and then the coefficients describing growth and seed 

development. The model should be calibrated for crop growing under ideal or non-stress 

conditions. The measured genetic coefficients of each mustard cultivar used for 
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calibrating the InfoCrop-mustard model are listed in Table 4.7. The details of soil 

parameters are given in materials and method section in Table 3.4. InfoCrop- mustard 

model was calibrated for the emergence period, 50 % flowering period, physiological 

maturity period, LAI peaks and profiles, above-ground biomass and seed yield. For 

calibrating InfoCrop-mustard model, the parameters were adjusted for timely sown 

mustard during Rabi 2016-17. Each mustard cultivar's genetic coefficients were obtained 

using the best fit method, i.e. by iteratively changing coefficient values to found the 

relationship between simulated and measured values (within 10 percent range). We ran 

the mustard exe file on cmd prompt for calibration and validation of InfoCrop- mustard 

model. 

Table 4.7 Varietal coefficients specified in InfoCrop-mustard model for different 

mustard cultivars 

Genetic constants  Acronym  Pusa 

Tarak 

RH406 Girraj 

Thermal time – germination period (°C days) TTGERM 80 115 105 

Thermal time- reproductive period (°C days) TTVG 665 820 800 

Thermal time – grain filling period (°C days) TTGF 730 1000 960 

Specific leaf area of cultivar (ha leaf 

kg −1 leaf) 

SLAVAR 0.00404 0.00423 0.00420 

Potential rate of growth (mm day−1) RGRPOT 0.0216 0.022 0.022 

Light extinction coefficient KDFMAX 0.59 0.65 0.68 

Potential weight of a grain (mg) POTGWT 8.42 8.9 8.78 

Radiation use efficiency (g MJ−1) RUE 2.88 2.53 2.49 

 

4.2.2 Validation of InfoCrop-mustard model at experimental field  

 After the calibration of the model for the timely sowing date, the InfoCrop-

mustard model was simulated for staggered sown field experiments during Rabi 2016-17 

and 2017-18. The model performance was evaluated by comparing model simulations 

with independent experimental datasets which were not used in model calibration. The 

phenological developments, profile and peak value of LAI, above-ground biomass and 



81 
 

seed yield were used in this study for model validation as described in the following sub-

sections. 

4.2.2.1 Phenological development 

 In the InfoCrop model, phenology of the crop was simulated for three different 

mustard cultivars (Pusa Tarak, RH-406 and Girraj), which are based on an accumulation 

of degree days instead of calendar days during three phases viz., sowing to seedling 

emergence, seedling emergence to flowering and flowering to physiological maturity. 

The accumulated degree days are modified by the maximum temperature, minimum 

temperature and photo-period during crop growing period. The InfoCrop-mustard model 

was validated for three developmental stages, i.e. germination, 50% flowering and 

physiological maturity for all cultivars with different sowing dates. The simulation of 

phenological development is most important for model. 

 Simulation of days required from germination along with 1:1 line as scatter plot 

for Pusa Tarak, RH-406 and Girraj during both the years are depicted in Fig. 4.8. There 

was hardly one day difference between observed and simulated values. InfoCrop-mustard 

model overestimated the days for germination to 50% flowering. The RMSE value for 

germination days was <1, for all cultivars from the InfoCrop-mustard model developed. 

  The results showed that observed and simulated duration for 50% flowering 

occurred between 50 to 55 days for Pusa Tarak, 64 to 70 days for RH-406 and 63 to 71 

days for Girraj under timely, late and very late sowing Fig. 4.9. Simulated duration for 

50% flowering by InfoCrop-mustard model was underestimated in timely sown and 

overestimated in late and very late sown crop for all the cultivars. 

 Days simulated for physiological maturity was underestimated for Pusa Tarak and 

overestimated for RH-406 (Fig. 4.10). RMSE values for simulation days for 

physiological maturity were 0.89 for Pusa Tarak, 1.67 for RH-406 and 1.34 for Girraj. 

Better precision in phenology simulation may be attributed to model accounting for the 

effect of date of sowing on thermal time accumulation. 

4.2.2.2 Leaf area index  

 In InfoCrop model, during initial stage of development (when LAI is less than 

0.75), leaf growth rate is mainly influenced by temperature and moderated by nitrogen 
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stress and not by water stress. After that, the growth rate in LAI (RLAI) is calculated 

based on initial LAI (LAII), leaf area growth rate (GLAI), death rate of LAI (DLAI) and 

a net loss of LAI due to pests (LALOSS) (Aggarwal et al. 2004). 

 The InfoCrop-mustard simulation model was reasonably good for simulating LAI 

of all the cultivars during both the years (Fig. 4.11). The simulated peak LAI value was 

higher than the observed value in different cultivars during both the years. The more 

deviation was observed in LAI value during late sown crop along with the 1:1 scattered 

line, and this may be due to the temperature stress condition at the later stage of 

development. LAI was overestimated compared to the observed value by InfoCrop-

mustard simulation model because premature leaf senescence due to the reduction in the 

crop duration was not fully diverted to leaf area by the model. RMSE and nRMSE values 

for simulation of LAI by InfoCrop-mustard model were 0.59, 0.64 and 0.59 and 18.4, 

14.8 and 18.5 for Pusa Tarak, RH-406 and Girraj during 2016-17 and 2017-18 crop 

seasons, respectively. 

4.2.2.3 Above-ground biomass and seed yield 

 Above-ground biomass was simulated by the InfoCrop-mustard model for Pusa 

Tarak, RH-406 and Girraj during crop growth period of Rabi 2016-17 and 2017-18. A 

good agreement (based on nRMSE value) was found between simulated and observed 

values of accumulation in above-ground biomass (Fig. 4.12) and seed yield (Fig. 4.13). 

InfoCrop utilizes the radiation use efficiency (RUE) based approach for dry matter 

production. Maximum RUE (RUEMAX) is input in the model as a function of 

crop/cultivar. The RUEMAX of a plant is affected by abiotic (temperature, CO2, nitrogen 

and water stress) and biotic (pest and disease) factors. 

RMSE values during simulation of biomass for both years were 1186, 920 and 

1265 kg ha-1 and nRMSE values were 15.87, 10.74 and 14.7 for Pusa Tarak, RH-406 and 

Girraj, respectively. For simulation of the seed yield during both the years, RMSE values 

were 189 kg ha-1, 201 kg ha-1 and 200 kg ha-1 and nRMSE values were 14.04, 11.64 and 

12.47 for Pusa Tarak, RH-406 and Girraj, respectively. Values of nRMSE were less than 

15 for model simulation of above-ground biomass and seed yield for different treatments. 

The deviation from the observed biomass and the seed yield was highest in delayed 



 

Fig 4.8 Simulation of days for germination for all three mustard cultivars during both experimental years 

 

Fig 4.9 Simulation of days for 50 percent flowering for all three mustard cultivars during both experimental years 
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Fig 4.10 Simulation of days for maturity for all three mustard cultivars during both experimental years 

 

Fig 4.11 Simulation of peak value for LAI of all three mustard cultivars during both experimental years 
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Fig 4.12 Simulation of above ground biomass for all three mustard cultivars during both experimental years 

 

Fig 4.13 Simulation of seed yield for all three mustard cultivars during both experimental years 
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sowing during both the years. It implies that model accuracy was good for simulating the 

above-ground biomass and seed yield of mustard for timely sown crop.  

4.2.3 Weather conditions at farmer’s field during Rabi 2017-18 

 The daily weather data was collected from KVK, Kumher, Bharatpur, Agro-met 

observatory during Rabi 2017-18 crop seasons. The weekly average values were 

computed from daily observed values of weather variables such as Weekly mean 

maximum and minimum temperature, total weekly rainfall, mean relative humidity and 

bright sunshine hours (Fig. 4.14). The maximum temperature varied from 12.5 to 40°C, 

whereas minimum temperatures varied from 1.9 to 21.5°C. There is an inverse 

relationship between the temperature and relative humidity. Maximum relative humidity 

ranged between 54 to 97 % and minimum relative humidity ranged between 15 to 88 %. 

The rainfall received during the entire crop growing period was 3.8 mm. The weekly 

mean bright sunshine hours was ranged between 0.2 hours and 9.2 hours. The average 

wind speed varied from 0.67 to 8.67 km/hour during the crop grown period. 

 

Fig .4.14 Daily weather conditions at KVK, Kumher during Rabi 2017-18. 

4.2.4 Validation of InfoCrop-mustard model at farmers’ field 

 The major mustard-growing state in India is Rajasthan. Bharatpur district plays a 

dominant role in the production and productivity of mustard. To validate InfoCrop-

mustard model at farmer’s field 20 farmers were selected from Mukundpura and Sitara 
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village of Bharatpur district. The location (latitude and longitude) of farmer’s field 

selected for the observation has been shown in material and method (plate 3). There were 

variations in cultivars, sowing dates and management practices at the farmer’s field table 

4.8. 

Table 4.8 Location of farmer’s field along with cultivars, sowing dates, mean of peak 

LAI, biomass and seed yield of mustard 

Farmer’s name Cultivar Sowing Date Mean of peak 

LAI 

Biomass 

(kg ha-1) 

Seed yield 

(kg ha-1) 

Mohan lal RH-406 10-Oct 4.3 8500 2000 

Nawab singh RH-406 13-Oct 4.1 8200 1930 

Hukum Singh RH-406 15-Oct 4.1 8100 2160 

Dharmpal RH-406 16-Oct 3.9 7100 1800 

Atibhan RH-406 18-Oct 3.5 6800 1680 

Jagnath RH-406 12-Oct 4.4 9000 2200 

Hari Om RH-406 19-Oct 3.8 7900 1750 

Bhadur Singh RH-406 26-Oct 3.2 7200 1650 

Panna Lal RH-406 12-Oct 4.1 8200 2350 

Jagtap RH-406 16-Oct 4.3 8000 2000 

Suraj Singh Girraj 10-Oct 4.5 8180 1980 

Devi Singh Girraj 15-Oct 4.2 8800 2240 

Vijay singh Girraj 15-Oct 4.3 6800 1800 

Bhoodev Girraj 25-Oct 3.8 7600 1960 

KVK, Kumher Girraj 12-Oct 4.4 6700 1620 

Hari Singh Girraj 11-Oct 4.1 8250 1800 

Man singh Girraj 18-Oct 3.7 6900 1640 

Uddam Singh Girraj 25-Oct 3.1 7800 2200 

RamNarayan Girraj 13-Oct 4.5 7200 1990 

Suresh Girraj 17-Oct 4.2 8180 1970 

  

The location (latitude and longitude) of farmer’s field selected for the observation 

has been shown in materials and method section plate 3. The date of sowing, cultivar 
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sown, mean of peak value of LAI over farmer’s field, seed yield and biomass for 

different farmers are shown in table 4.8. Crop yield is a complex characteristic influenced 

by many factors such as weather, soil, management practices, etc. In order to study, the 

effect of management practices on wheat yield at farmers’ field, four management 

factors, viz. sowing date, N application rate, P2O5 application rate and number of 

irrigation applied to the crop were taken. The dominating cultivars in the study area were 

RH-406 and Girraj. There was about 20 days of variation in the date of sowing from 10th 

to 26th of Oct. But apart from that, there was less variation in fertilizer application and 

irrigation scheduling. At the farmer’s field, observed peak values of LAI were varied 

from 3.3 to 4.4, biomass was ranged between 6800 to 9000 kg ha-1 and seed yield was 

ranged from 1650 to 2350 kg ha-1 for cultivar RH-406. Cultivar Girraj showed LAI 

variation between 3.1 to 4.5, above-ground biomass variation between 6800 to 8800 kg 

ha-1 and seed yield variation between 1620 to 2240 kg ha-1 at farmers’ field. 

4.2.4.1 Leaf area index (LAI) 

 Performance of simulation of InfoCrop-mustard model with observed values for 

peak values of LAI for RH-406 and Girraj are shown in Fig. 4.15 (a, d). At farmer’s field, 

InfoCrop-mustard model overestimates the peak value of LAI. At farmer’s field LAI 

simulation by InfoCrop-mustard simulated model had RMSE values for 0.88 and 0.83 kg 

ha-1 and nRMSE values 22.1 and 21.0 for RH-406 and Girraj, respectively. Since the 

nRMSE value is more than 20% and less than 25 %, hence a fair agreement was found 

between the simulated and the observed peak value of LAI for Mukundpura and Sitara 

village during 2017-18. Model predictions for peak LAI simulation at farmer’s field level 

were fair with nRMSE < 25 %.  

4.2.4.2 Above-ground biomass 

 The simulation of above-ground biomass was validated for farmer’s field. The 

observed value showed a good agreement well along the 1:1 scattered line in Fig. 4.15 (b, 

e). The observed above-ground biomass at harvest is greatly influenced by management 

practices and varied from about 6800 to 9000 kg ha-1 in farmers’ fields during 2017-18. 

The simulated above-ground biomass ranged between 7200 to 10350 kg ha-1. The values 

of RMSE for simulation of above biomass by InfoCrop-mustard model were 1422.9 and 
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1478.7 kg ha-1 and Values of nRMSE were 18.0 and 19.3 for RH-406 and Girraj, 

respectively at Mukundpura and Sitara village of Bharatpur district in farmer’s field. 

InfoCrop-mustard model had overestimations in the simulation of above-ground biomass. 

The model predictions were good with nRMSE < 20 % for simulation of above-ground 

biomass at farmer’s field level. 

4.2.4.3 Seed yield  

 Simulation of grain yield for RH-406 and Girraj on farmer’s field by InfoCrop-

mustard model are shown in Fig. 4.15 (c, f). In InfoCrop-mustard model, source-sink 

balance is considered in determining seed yield. Mustard seed yield is influenced by the 

date of sowing and weather variables during crop growing seasons. The observed seed 

yield was varied between 1650 to 2350 kg ha-1 for RH-406 and 1620 to 2240 kg ha-1 for 

Girraj at Mukundpura and Sitara village of Bharatpur district at farmer’s field. The 

RMSE values for seed yield during validation were 332.9 kg ha-1 for RH-406 and 350 kg 

ha-1 for Girraj for 2017-18 crop. nRMSE values of model simulation for seed yield were 

17.1 for RH-406 and 18.1 for Girraj, respectively. Results showed that simulated LAI, 

above-ground biomass and seed yield were overestimated by InfoCrop-mustard model at 

farmer’s field. Because model calibration was done by actual dataset generated at ICAR-

IARI, New Delhi research farm during Rabi 2016-17 for the same cultivars. The 

InfoCrop-mustard model performs better for simulating seed yield than above-ground 

biomass and LAI. 

4.2.5 Multistage mustard crop prediction at experimental field: 

 The InfoCrop-mustard model predict the crop seed yield and biomass at 50 

percent flowering stage and pod formation stage by using weather parameters till 50 

percent flowering and pod formation stage for experimental field of IARI, New Delhi, 

during Rabi 2017-18 crop season. 

4.2.5.1. Above-ground biomass: 

 Mustard above-ground biomass prediction through InfoCrop-mustard model at 

two different stages 50 percent flowering stage and pod formation stage are shown in 

table 4.9.  

 



 

 

 

Fig 4.15 Simulation of peak value of LAI (a, d), above ground biomass (b, e) and seed 

yield (c, f) for RH-406 and Girraj at farmer’s field 
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Table 4.9 Multistage mustard above-ground biomass prediction during Rabi 2017-18 

Cultivars 

Sowing 

Time 

Days 

after 

sowing 

Biomass (kg ha-1) 
Percentage 

deviation 

RMSE 

(kg ha-1) 

nRMSE  

(%) Observed Predicted 

Prediction at 50 percent flowering stage 

Pusa 

Tarak 

Timely 50 8900 10551 18.6 

2144.9 27.6 
Late 53 7830 9839 25.6 

Very 

late 
55 6600 9253 40.2 

RH-406 

Timely 65 10820 12587 16.3 

2392.4 25.1 
Late 68 9540 11964 25.4 

Very 

late 
70 8200 11058 34.9 

Girraj 

Timely 65 9990 11657 16.7 

2077.3 23.1 
Late 67 9220 11392 23.6 

Very 

late 
71 7760 10094 30.1 

Prediction at pod formation stage 

Pusa 

Tarak 

Timely 78 8900 9706 9.1 

1443.2 18.6 
Late 77 7830 9392 19.9 

Very 

late 
75 6600 8376 26.9 

RH-406 

Timely 99 10820 11969 10.6 

1668.1 17.5 
Late 98 9540 11083 16.2 

Very 

late 

95 
8200 10355 26.3 

Girraj 

Timely 99 9990 10975 9.8 

1412.0 15.7 
Late 98 9220 10598 15.0 

Very 

late 
95 7760 9524 22.8 
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The percent deviation of simulated from observed above-ground biomass done at 50 

percent flowering stage was lowest for timely sown crop (18.6, 16.3 and 16.7%) followed 

by late (25.6, 25.4 and 23.6%) and very late sown crop (40.2, 34.9 and 30.1%) for Pusa 

Tarak, RH-406 and Girraj, respectively. Percent deviation of above-ground biomass 

prediction done at the pod formation stage was lower than the percent deviation of above-

ground biomass prediction done at the flowering stage. Percent deviation were 9.1, 19.9 

and 26.9 for Pusa Tarak., 10.6, 16.2 and 26.3 for RH-406 and 9.8, 15.0 and 22.8 for 

Girraj in timely sown, late sown and very late sown crop, respectively.  

Multistage prediction for mustard crop biomass done at 50 percent flowering and 

pod formation stages by InfoCrop-mustard had RMSE values 2144.9 and 1443.2 kg ha-1 

for Pusa Tarak, 2392.4 and 1668.1 kg ha-1 for RH-406 and, 2077.3 and 1412.0 kg ha-1, 

for Girraj respectively. nRMSE was calculated to find out the accuracy of the model. For 

above-ground biomass prediction of mustard done at pod formation stage, nRMSE values 

were less than 20%, and prediction done at 50 percent flowering stage nRMSE values 

were more than 20%. It indicates that model performed good for above-ground biomass 

prediction of mustard done at pod formation stage and fair for prediction done at50 

percent flowering stage. Prediction accuracy was found to be better for timely sown crop 

compared to late and very late sown. Positive values of percent deviation indicate over-

estimation in biomass prediction.  

4.2.5.2 Seed yield 

 The seed yield prediction done by the InfoCrop-mustard model at two different 

stages 50 percent flowering and at pod formation are shown in table 4.10. The percent 

deviation of seed yield prediction done by the InfoCrop-mustard model at 50 percent 

flowering stage from observed yield was 15.6, 11.5 and 17.7 in timely sown crop, 24.5, 

15.8 and 22.0 in late sown crop and 59.4, 64.2 and 56.2 in very late sown crop for Pusa 

Tarak, RH-406 and Girraj, respectively. Percentage deviation of predicted yield done at 

pod formation stage from observed yield was 8.0, 15.9 and 40.3 for Pusa Tarak, 7.8, 13.7 

and 37.1 for RH-406 and 4.6. 17.5 and 36.8 kg ha-1 for Girraj in timely, late and very late 

sown crop. The nRMSE values were less than 20% for seed yield prediction done at pod 

formation stage, whereas nRMSE vaues were between 25 to 30% for seed yield 

prediction done at 50 percent flowering stage for all the cultivars.  
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Table 4.10 Multistage mustard seed yield prediction during Rabi 2017-18 

Cultivars 

Sowing 

Time 

Days 

after 

sowing 

Biomass (kg ha-1) 
Percentage 

deviation 

RMSE 

(kg ha-1) 

nRMSE  

(%) Observed Predicted 

Prediction at 50 percent flowering stage 

Pusa 

Tarak 

Timely 50 1900 2196 15.6 

449.1 30.6 
Late 53 1453 1810 24.5 

Very 

late 
55 1051 1675 59.4 

RH-406 

Timely 65 2374 2648 11.5 

539.3 29.0 
Late 68 1904 2203 15.8 

Very 

late 
70 1310 2152 64.2 

Girraj 

Timely 65 2192 2580 17.7 

504.2 29.2 
Late 67 1789 2183 22.0 

Very 

late 
71 1204 1880 56.1 

Prediction at pod formation stage 

Pusa 

Tarak 

Timely 78 1900 2052 8.0 

292.0 19.9 
Late 77 1453 1685 15.9 

Very 

late 
75 1051 1474 40.3 

RH-406 

Timely 99 2374 2560 7.8 

336.6 18.1 
Late 98 1904 2164 13.7 

Very 

late 
95 1310 1798 37.1 

Girraj 

Timely 99 2192 2292 4.6 

318.56 18.4 
Late 98 1789 2102 17.5 

Very 

late 
95 1204 1647 36.8 
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This indicates that the InfoCrop-mustard model perform good for seed yield 

prediction done at pod formation stage and fair for seed yield prediction done at 50 % 

pod formation stage. The multistage prediction by the InfoCrop-mustard model for 

biomass and seed yield done at pod formation stage was better than prediction done at 50 

percent flowering stage. The multistage prediction done by the InfoCrop-mustard model 

for biomass and seed yield was better for timely sown crop followed by late and very late 

sown crop. 

4.3 Mustard crop yield prediction by empirical models 

There are various machine learning techniques used for crop yield prediction. To 

fulfill the objective of the research work, to develop and evaluate weather based 

empirical models for mustard yield prediction, few techniques such as artificial neural 

network (ANN), support vector machine (SVM) and random forest (RF) were selected. 

The Z variables developed by weather parameters were taken as input parameters for 

developing a crop yield prediction model using ANN, SVM and random forest 

techniques. The z variables were selected by variable selection using the stepwise 

multiple linear regression (SMLR) technique and variable extraction using the principal 

component analysis (PCA) technique. The principal components (PCs) was selected on 

the basis of eigenvalues (>1) were able to describe more than 90 percent variability of 

input data set for the region. The prediction graph (Fig 4.16 to 4.27) show three lines: the 

outer blue one is the prediction interval (95%), the inner blue one is the confidence 

interval (95%), and the red one is the regression line. A 95 % confidence interval means 

there is a 95 % probability that the true best fit line for the population lies within the 

confidence interval. A 95 % prediction interval means there is 95 % y value to be found 

for a certain x value will be within the interval range. 

4.3.1 Mustard crop yield prediction for IARI, New Delhi  

Weather and yield data were collected for the last 35 years for developing the 

crop yield prediction model and predicting the yield of mustard crop for the IARI, New 

Delhi. Calibration and validation of the model developed using variable selection by 

SMLR and ANN (SMLR-ANN), variable selection by SMLR and SVM (SMLR-SVM), 

and variable selection by SMLR and RF (SMLR-RF) techniques in R statistical software 
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version 3.1.3.for IARI, New Delhi are shown in Fig. 4.16. Crop yield prediction for the 

IARI, New Delhi was done by these developed models.  

Model performances during calibration and validation are shown in Table 4.11. 

Results showed that the model developed by SMLR-ANN, SMLR-SVM and SMLR-RF 

performed good with RMSE value 151.2, 150.1 and 223.8 kg ha-1 during calibration, 

respectively. The RMSE value during validation was highest for model developed using 

SMLR-RF techniques (250.8 kg ha-1) followed by SMLR-ANN (246.7 kg ha-1) and 

SMLR-SVM (236.2 kg ha-1), respectively. Mean absolute error (MAE) values during 

calibration were 108.3, 91.3 and 183.7 kg ha-1, respectively and during validation were 

179.9, 196.2 and 229.1 kg ha-1, respectively, for models developed by SMLR-ANN, 

SMLR-SVM and SMLR-RF. The values of nMAE during calibration were 5.64, 4.75 and 

9.55 and during validation were 9.02, 9.84 and 11.48 for SMLR-ANN, SMLR-SVM and 

SMLR-RF, respectively.  

Table 4.11 Performance of the mustard yield prediction models developed by different 

techniques for IARI, New Delhi 

Accuracy  

Parameters 

SMLR-ANN SMLR-SVM SMLR-RF 

Calibration Validation Calibration Validation Calibration Validation 

MAE 

(kg ha-1) 
108.36 179.86 91.28 196.21 183.70 229.11 

nMAE 

(%) 
5.64 9.02 4.75 9.84 9.55 11.48 

RMSE 

(kg ha-1) 
151.25 246.71 150.14 236.21 223.84 250.83 

nRMSE 

(%) 
7.87 12.37 7.81 11.84 11.64 12.57 

RPD 2.79 1.70 2.81 1.78 1.88 1.68 

 PCA-ANN PCA-SVM PCA-RF 

 Calibration Validation Calibration Validation Calibration Validation 

MAE 

(kg ha-1) 
65.24 139.74 38.31 155.96 186.05 244.70 

nMAE 

(%) 
3.44 6.80 2.02 7.59 9.82 11.91 

RMSE 

(kg ha-1) 
101.18 214.24 39.83 187.43 217.41 271.52 

nRMSE 

(%) 
5.34 10.43 2.10 9.12 11.48 13.22 

RPD 4.15 1.90 10.55 2.17 1.93 1.50 
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The nRMSE values calculated during calibration were 7.87, 7.81 and 11.64 and 

during validation, they were 12.37, 11.84 and 12.57 for SMLR-ANN, SMLR-SVM and 

SMLR-RF, respectively. The model predictions for the IARI, New Delhi were good 

having nRMSE value < 15 % for all three developed models. The ratio of performance to 

deviation (RPD) for the model developed by SMLR-ANN, SMLR-SVM and SMLR-RF 

techniques were 2.79, 2.81 and 1.88 during calibration, and 1.70, 1.78 and 1.68 during 

validation, respectively. Based on value of model accuracy parameters (RMSE, nRMSE, 

and RPD), SMLR-SVM model performed better, followed by SMLR-ANN and SMLR-

RF for mustard yield prediction of IARI, New Delhi. 

Performance during calibration and validation of the models developed using 

variable extraction by PCA and ANN (PCA-ANN), variable extraction by PCA and SVM 

(PCA-SVM), and variable extraction by PCA and RF (PCA-RF) techniques in R 

statistical software vesion 3.1.3. for IARI, New Delhi are shown in Fig. 4.17. Crop yield 

prediction was done by these developed models, PCA-ANN, PCA-SVM and PCA-RF for 

the Delhi region. Performances during calibration and validation period for developed 

model are shown in Table 4.11. The result showed that the RMSE values during 

calibration were lowest for PCA-SVM (39.8 kg ha-1) followed by PCA-ANN (101.2 kg 

ha-1) and PCA-RF (217.4 kg ha-1), respectively. During validation, PCA-RF showed the 

highest RMSE value 271.5 kg ha-1 followed by 214.2 kg ha-1 for PCA-ANN and 187.4 kg 

ha-1 for PCA-SVM. Mean absolute error (MAE) during calibration, was lowest for PCA-

SVM (38.3 kg ha-1) followed by PCA-ANN (65.2 kg ha-1) and PCA-RF (186.0 kg ha-1). 

The values of MAE during validation were the lowest for PCA-ANN (139.7 kg ha-1) 

followed by PCA-SVM (155.5 kg ha-1) and PCA-RF (244.7 kg ha-1) for IARI, New 

Delhi.  

During calibration, nMAE values were 3.44, 2.02 and 9.82 and during validation, 

they were 6.80, 7.59 and 11.91 for PCA-ANN, PCA-SVM and PCA-RF, respectively. 

During calibration, values for nRMSE were 5.34, 2.10 and 11.48 and during validation, 

they were 10.43, 9.12 and 13.22 for PCA-ANN, PCA-SVM and PCA-RF, respectively. 

The model predictions for the IARI, New Delhi were excellent having nRMSE values < 

10 % for models developed using PCA-SVM and good having nRMSE values 10.43 and 

13.22 for the model developed using PCA-ANN and PCA-RF techniques. The ratio of 



  

  

 
 

Fig 4.16 Mustard yield prediction by SMLR-ANN, SMLR-SVM and SMLR-RF for 

IARI, New Delhi 
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Fig 4.17 Mustard crop yield prediction by PCA-ANN, PCA-SVM and PCA-RF for IARI, 

New Delhi 
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performance to deviation (RPD) values for the model developed by PCA-ANN, PCA-

SVM and PCA-RF were 4.15, 10.55 and 1.93 during calibration, and 1.90, 2.17 and 1.50 

during validation, respectively. Based on value of model accuracy parameters (RMSE, 

nRMSE, and RPD), among all the three models developed using principal component 

analysis extraction techniques, PCA-SVM was performing best followed by PCA-ANN 

and PCA-RF respectively for mustard yield prediction of IARI, New Delhi..  

By comparing the models developed either using variable selection by SMLR or 

variable extraction by PCA on the basis of RMSE, nRMSE, and RPD, SVM is 

performing best, followed by ANN and RF.  

4.3.2 Mustard crop yield prediction for different zones of Rajasthan: 

 The National Agricultural Research Project (NARP) classified the agro-climatic 

zones on the basis of soil type, temperature, rainfall and geological constraints. ICAR had 

divided the country into 127 agro-climatic zones and decided their appropriate 

boundaries. According to the NARP report, Rajasthan state has ten agro-climatic zones 

(Fig. 3.3). Five major mustard growing zones selected for yield predictions are illustrated 

in the following sub-sections. 

4.3.2.1 Zone 1 (Alwar-Bharatpur): 

 The climatic conditions of the Alwar and the Bharatpur are similar, as reported in 

NARP. Weather data along with the yield of the mustard crop were collected for the last 

32 years for each district in Zone 1. The model was developed for Zone 1 using variable 

selection either by SMLR or variable extraction by PCA and ANN, SVM and RF 

techniques.  

Calibration and validation of the model developed using variable selection by 

SMLR and ANN (SMLR-ANN), variable selection by SMLR and SVM (SMLR-SVM), 

and variable selection by SMLR and RF (SMLR-RF) techniques in R statistical software 

version 3.1.3. for Zone -1 are shown in Fig. 4.18. Crop yield prediction was done for 

Zone 1 by using the developed models, SMLR-ANN, SMLR-SVM and SMLR-RF. 

During calibration and validation, performances of different models developed are shown 

in Table 4.12. The results showed values of RMSE during calibration were 171.63, 86.81 

and 193.57 kg ha-1, respectively, for the models developed using SMLR-ANN, SMLR-
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SVM and SMLR-RF techniques. The values of RMSE during validation, were maximum 

for the model developed using SMLR-ANN (220.35 kg ha-1) followed by SMLR-SVM 

(198.74 kg ha-1) and SMLR-RF (197.08 kg ha-1), respectively. The Mean absolute error 

(MAE) values were 136.02, 52.75 and 145.55 kg ha-1 during calibration, and 167.88, 

159.08 and 134.16 kg ha-1 during validation for the model developed by SMLR-ANN, 

SMLR-SVM and SMLR-RF, techniques, respectively. The nRMSE values during 

calibration were lowest for SMLR-SVM (6.97 %) followed by SMLR-ANN (13.77 %) 

and SMLR-RF (15.82 %); however during validation, the nRMSE value was lowest for 

SMLR-RF (16.30 %) followed by SMLR-SVM (16.73 %) and SMLR-ANN (18.55 %). 

Mustard yield prediction for Zone 1 was good for all the developed models having 

nRMSE value < 20 %. During calibration, the values of nMAE were 10.91, 4.23 and 

11.30, and during validation, they were 14.14, 13.40 and 11.68 for SMLR-ANN, SMLR-

SVM and SMLR- RF, respectively. The RPD values were 1.80, 3.63 and 2.12 during 

calibration, and 1.60, 1.56 and 1.40 during validation by SMLR-RF, SMLR-SVM and 

SMLR-ANN, respectively. The results on the basis of model accuracy parameters, 

RMSE, nRMSE, and RPD showed that SMLR-SVM model performed better followed by 

SMLR-ANN and SMLR-RF during calibration. However, during validation, SMLR-RF 

model performed better followed by SMLR-SVM and SMLR-ANN. This may be due to 

over fitting in calibration. Over fitting occurs when model tries to cover all the data 

points or more than the required data points present in the given dataset. SVM and ANN 

tries to cover more similar data point than RF.  

Performance of the models during calibration and validation developed for 

mustard yield prediction for Zone-1, using variable extraction by PCA and ANN (PCA-

ANN), variable extraction by PCA and SVM (PCA-SVM), and variable extraction by 

PCA and RF (PCA-RF) techniques in R statistical software version 3.1.3. are shown in 

Fig. 4.19. Mustard crop yield prediction were done by these developed models, PCA-

ANN, PCA-SVM and PCA-RF for Zone -1. Model performance was assessed using 

MAE, nMAE, RMSE, nRMSE and RPD values. Performances during calibration and 

validation period for developed model are shown in Table 4.12. The values of MAE 

during calibration of different models PCA-ANN, PCA-SVM and PCA-RF were 111.21, 

46.32 and 151.12 kg ha-1, respectively, and during validation, were 134.51, 128.97 and 



  

  

  

Fig 4.18 Mustard yield prediction by SMLR-ANN, SMLR-SVM and SMLR-RF for  

Zone I of Rajasthan 
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Fig 4.19 Mustard crop yield prediction by PCA-ANN, PCA-SVM and PCA-RF for   

Zone I of Rajasthan 
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160.80 kg ha-1. The values of nRMSE during calibration were 9.10, 3.79 and 12.36 and 

during validation, were 10.86, 10.41 and 12.98, respectively, for model developed by 

PCA-ANN, PCA-SVM and PCA-RF. The RMSE value during calibration was lowest for 

PCA-SVM (85.54 kg ha-1) followed by PCA-ANN (160.22 kg ha-1) and PCA-RF (181.85 

kg ha-1) and during validation, was 156.86 kg ha-1 for PCA-SVM, 184.09 kg ha-1 for 

PCA-ANN and 194.29 kg ha-1 for PCA-RF, respectively.  

Table 4.12 Performance of the mustard yield prediction models developed by different 

techniques for Zone I of Rajasthan 

Accuracy  

parameters 

SMLR-ANN SMLR-SVM SMLR-RF 

Calibration Validation Calibration Validation Calibration Validation 

MAE 

(kg ha-1) 
136.02 167.88 52.75 159.08 145.55 134.16 

nMAE 

(%) 
10.91 14.14 4.23 13.40 11.30 11.68 

RMSE 

(kg ha-1) 
171.63 220.35 86.81 198.74 193.57 197.08 

nRMSE 

(%) 
13.77 18.55 6.97 16.73 15.82 16.30 

RPD 1.84 1.40 3.63 1.56 1.80 1.60 

 PCA-ANN PCA-SVM PCA-RF 

 Calibration Validation Calibration Validation Calibration Validation 

MAE 

(kg ha-1) 
111.21 134.51 46.328 128.979 151.12 160.80 

nMAE 

(%) 
9.10 10.86 3.789 10.409 12.36 12.98 

RMSE 

(kg ha-1) 
160.22 184.09 85.549 156.861 181.85 194.29 

nRMSE 

(%) 
13.10 14.86 6.996 12.659 14.68 15.89 

RPD 2.12 1.36 3.96 1.61 1.75 1.38 

 

The RPD values were 2.12, 3.96 and 1.75 during calibration, and 1.36, 1.61 and 

1.38 for validation, by PCA-ANN, PCA-SVM and PCA-RF, respectively. The values of 

nRMSE during calibration were lowest for PCA-SVM (6.99 %) followed by PCA-ANN 

(13.10 %) and PC-RF (14.68 %). During validation the value of nRMSE were lowest for 

PCA-SVM (12.66 %) followed by PCA-ANN (14.86 %) and PCA-RF (15.89 %). 

Mustard yield prediction for Zone 1 were good having nRMSE value < 20 % for all the 
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developed model PCA- ANN, PCA-SVM and PCA-RF techniques. Based on the model 

accuracy parameters MAE. nMAE, RMSE, nRMSe and RPD, among all the six models 

developed for mustard yield prediction for Zone -1, PCA-SVM performed best followed 

by PCA-ANN, PCA-RF, SMLR-RF, SMLR-SVM and SMLR-ANN. 

4.3.2.2 Zone II (Sawai madhopur-Kota) 

According to the NARP report, the Sawai-madhopur and the Kota districts of 

Rajasthan comes under the same agro-climatic zone II. Weather and yield data of the 

mustard crop were collected from Sawai-madhopur for 30 years, and Kota district for 28 

years of Rajasthan. The model was developed using variable selection by stepwise 

regression and principal component analysis using ANN, SVM, RF techniques in R 

statistical software.  

Calibration and validation of the model developed using variable selection by 

SMLR and ANN (SMLR-ANN), variable selection by SMLR and SVM (SMLR-SVM), 

and variable selection by SMLR and RF (SMLR-RF) techniques for Zone II are shown in 

Fig. 4.20. Mustard crop yield prediction for Zone II were done by these developed 

models SMLR-ANN, SMLR-SVM and SMLR-RF.  

The performance of the prediction models were analyzed using RMSE values. 

The result showed RMSE values 138.16 kg ha-1, 175.34 kg ha-1 and 199.03 kg ha-1 during 

calibration, 174.69 kg ha-1, 175.34 kg ha-1 and 199.03 kg ha-1 during validation for the 

model developed by SMLR-SVM, SMLR-ANN, and SMLR-RF techniques, respectively 

(Table 4.13). The nRMSE values during calibration were lowest for SMLR-SVM (13.11 

%) followed by SMLR-ANN (14.23 %) and SMLR-RF (16.12 %). During validation, 

nRMSE value was 16.00 % for SMLR-SVM, 16.06 % for SMLR-ANN and 18.23 % for 

SMLR-RF. All three developed models performed good for mustard yield prediction for 

zone II having nRMSE less than 20 %. Ratio of performance to deviation (RPD) values 

for the model developed by SMLR-ANN, SMLR-SVM and SMLR-RF techniques were 

2.08, 2.26, 1.83 during calibration and 2.03, 2.04, 1.79 during validation, respectively. 

Mean absolute error (MAE) during calibration was 114.1, 93.9 and 135.5 kg ha-1, and 

during validation were 131.2, 142.6 and 149.8 kg ha-1, respectively for the model 

developed by SMLR-ANN, SMLR-SVM and SMLR-RF techniques. The value of nMAE 

during calibration were 10.83, 9.20 and 12.85 and during validation they were12.01, 



  

  

  

Fig 4.20 Mustard yield prediction by SMLR-ANN, SMLR-SVM and SMLR-RF for  

Zone II of Rajasthan 
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Fig 4.21 Mustard crop yield prediction by PCA-ANN, PCA-SVM and PCA-RF for   

Zone II of Rajasthan 
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13.06 and 13.72 for SMLR-ANN, SMLR-SVM and SMLR-RF respectively. Results 

showed that on the basis of model accuracy parameters RMSE, nRMSE and RPD, among 

all three models developed, the SMLR-SVM model performed better followed by SMLR-

ANN and SMLR-RF for mustard yield prediction of Zone II of Rajasthan. 

 

Table 4.13 Performance of the mustard yield prediction models developed by different 

techniques for Zone II of Rajasthan 

Accuracy  

parameters 

SMLR-ANN SMLR-SVM SMLR-RF 

Calibration Validation Calibration Validation Calibration Validation 

MAE 

(kg ha-1) 
114.12 131.17 96.97 142.60 135.46 149.81 

nMAE 

(%) 
10.83 12.01 9.20 13.06 12.85 13.72 

RMSE 

(kg ha-1) 
150.00 175.34 138.16 174.69 169.95 199.03 

nRMSE 

(%) 
14.23 16.06 13.11 16.00 16.12 18.23 

RPD 2.08 2.03 2.26 2.04 1.83 1.79 

 PCA-ANN PCA-SVM PCA-RF 

 Calibration Validation Calibration Validation Calibration Validation 

MAE 

(kg ha-1) 
82.68 130.47 38.05 123.95 153.84 177.50 

nMAE 

(%) 
7.82 12.02 3.60 11.36 14.56 16.26 

RMSE 

(kg ha-1) 
108.20 166.01 48.19 146.79 186.63 219.31 

nRMSE 

(%) 
10.24 15.29 4.56 13.45 17.66 20.09 

RPD 3.07 1.89 6.90 2.11 1.78 1.41 

 

Calibration and validation of model developed for Zone-II, using variable 

extraction by PCA and ANN (PCA-ANN), variable extraction by PCA and SVM (PCA-

SVM) and, variable extraction by PCA and RF (PCA-RF) techniques in R statistical 

software 3.1.3. are shown in Fig. 4.21. Mustard yield prediction were done by these 

developed models, such as PCA-ANN, PCA-SVM and PCA-RF for Zone II of Rajasthan 

state. Model performance was assessed using MAE, nMAE, RMSE, nRMSE and RPD 

values. Performances during calibration and validation for developed models are shown 
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in Table 4.13. The RMSE values during calibration were lowest for PCA-SVM (48.19 kg 

ha-1) followed by PCA-ANN (108.24 kg ha-1) and PCA-RF (186.63 kg ha-1), and during 

validation, were 146.79 kg ha-1, 166.01 kg ha-1 and 219.31 kg ha-1 by PCA-SVM, PCA-

ANN and PCA-RF, respectively. The RPD values were 3.07, 6.90 and 1.78 during 

calibration, and 1.89, 2.11 and 1.41 during validation, by PCA-ANN, PCA-SVM and 

PCA-RF, respectively. The value of nRMSE during calibration was lowest for PCA-

SVM (4.56 %) followed by PCA-ANN (10.24 %) and PC-RF (17.66). During validation, 

nRMSE value was lowest for PCA-SVM (13.45 %) followed by PCA-ANN (15.29 %) 

and PCA-RF (20.09 %). The value of nRMSE was less than 20 %, indicates that all three 

models developed performed good for mustard yield prediction for Zone II of Rajasthan. 

The value of MAE during model calibration was highest in PCA-RF 153.84 kg ha-1 

followed by 82.68 kg ha-1 for PCA-ANN and 38.05 kg ha-1 for PCA-SVM. During 

validation MAE values were 123.9, 130.5 and 177.5 kg/ha-1for models developed by 

PCA-SVM, PCA-ANN and PCA-RF techniques, respectively.  

The RPD values were more than 2 for PCA-SVM and PCA-ANN during 

calibration, whereas during validation, only PC-SVM model had RPD value more than 2. 

The high value of RPD and low value of RMSE and nRMSE indicates good agreement 

between model outputs and observed values. Among all the three models developed, 

PCA-SVM has a low nRMSE 13.45 % and a high 2.11 RPD value as compared to other 

two models. Hence PCA-SVM model performed better, followed by PCA-ANN and 

PCA-RF. On the basis of model accuracy parameters, RMSE, nRMSe and RPD, among 

all six models developed for mustard yield prediction for Zone II of Rajasthan, PCA-

SVM performed bests followed by PCA-ANN, SLMR-SVM, SLMR-ANN. SLMR-RF 

and PCA-RF.  

4.3.2.3 Zone III (Udaipur-Jhalawar) 

 Udaipur and Jhalawar have the same soil type and climatic normal; therefore, 

according to the NARP report, they were put together in Zone III of Rajasthan. A long-

term weather and yield data of 25 years were collected for developing and predicting 

mustard crop yield for Zone III of Rajasthan. Calibration and validation of the model 

developed using variable selection by SMLR, and ANN (SMLR-ANN), variable 

selection by SMLR, and SVM (SMLR-SVM), and variable selection by SMLR, and RF 
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(SMLR-RF) techniques in R software version 3.1.3. for Zone III of Rajasthan are shown 

in Fig. 4.22. Mustard yield prediction for Zone III was done using developed models 

SMLR-ANN, SMLR-PC and SMLR-RF and model performance are given in Table 4.14. 

During calibration, MAE value was found to be highest for SMLR-ANN (120.03 kg ha-

1), followed by SMLR- RF (114.22 kg ha-1) and SMLR-SVM (75.59 kg ha-1). During 

validation, MAE values were highest for SMLR-ANN (126.34 kg ha-1), followed by 

SMLR- RF (124.22 kg ha-1) and SMLR- SVM (107.76 kg ha-1). The values of nMAE 

were 12.37, 7.79 and 11.77 during calibration, and 13.96, 11.91 and 13.73 during 

validation, for SMLR-ANN, SMLR-SVM and SMLR-RF, respectively. RMSE values 

during calibration were 156.82, 108.69 and 147.20 kg ha-1, and during validation, they 

were 171.78, 13.52 and 159.96 kg ha-1, for SMLR-ANN, SMLR-SVM and SMLR-RF.  

Table 4.14 Performance of the mustard yield prediction models developed by different 

techniques for Zone III of Rajasthan 

Accuracy  

parameters 

SMLR-ANN SMLR-SVM SMLR-RF 

Calibration Validation Calibration Validation Calibration Validation 

MAE 

(kg ha-1) 
120.03 126.34 75.59 107.76 114.22 124.22 

nMAE 

(%) 
12.37 13.96 7.79 11.91 11.77 13.73 

RMSE 

(kg ha-1) 
156.82 171.78 108.69 130.52 147.20 159.96 

nRMSE 

(%) 
16.16 18.98 11.20 14.42 15.16 17.68 

RPD 1.67 1.36 2.41 1.80 1.80 1.78 

 PCA-ANN PCA-SVM PCA-RF 

 Calibration Validation Calibration Validation Calibration Validation 

MAE 

(kg ha-1) 
77.71 122.64 31.36 103.65 109.34 141.20 

nMAE 

(%) 
8.13 13.05 3.28 11.16 11.44 15.02 

RMSE 

(kg ha-1) 
107.88 158.91 55.77 153.46 134.18 189.85 

nRMSE 

(%) 
11.29 16.91 5.84 11.50 14.04 20.20 

RPD 2.28 1.79 3.46 2.36 1.99 1.40 
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During calibration, nRMSE values were 16.16, 11.20 and 15.16 %, and during 

validation, they were 18.98, 14.42 and 17.68 % for SMLR-ANN, SMLR-SVM and 

SMLR-RF. Based on nRMSE values results showed that all three models for mustard 

yield prediction for Zone III of Rajasthan performed good having nRMSE value less than 

20 %. RPD values during calibration were 1.67, 2.41 and 1.80, and during validation, 

were 1.36, 1.80 and 1.78, for SMLR-ANN, SMLR-SVM and SMLR-RF, respectively. 

The RPD value was more than 2 for SMLR-SVM and SMLR-ANN, but for SMLR-RF, it 

varied between 1.5 to 2 during calibration and validation. Based on model accuracy 

parameters RMSE, nRMSE and RPD values, among all three models, SMLR-SVM 

performed better, followed by SMLR-ANN and SMLR-RF. 

Model calibration and validation developed by variable extraction by PCA and 

ANN (PCA-ANN), variable extraction by PCA and SVM (PCA-SVM), variable 

extraction by PCA and RF (PCA-RF) techniques in R statistical software version 3.1.3. 

for Zone III of Rajasthan are presented in Fig. 4.23. Mustard yield prediction was done 

for Zone III of Rajasthan state using developed model PCA-ANN, PCA-SVM and PCA-

RF, and model performance are shown in table 4.14. The Value of RMSE during 

calibration and validation was lowest 55.17 and 153.46 kg ha-1, for PCA-SVM; 107.88 

and 158.91 kg ha-1, for PCA-ANN; 134.18 and 189.85 kg ha-1, for PCA-RF; for Zone III 

of Rajasthan (Table 4.14). Mustard yield prediction model developed using PCA-SVM 

techniques had the lowest mean absolute error (31.3, 103.7 kg ha-1), followed by PCA-

ANN (77.71, 122.6 kg ha-1) and PCA-RF (109.3, 142.2 kg ha-1) during calibration and 

validation, respectively. The nMAE values during calibration were 8.13, 3.28 and 11.44 

%, and during validation, were 13.05, 11.16 and 15.02 % for PCA-ANN, PCA-SVM and 

PCA-RF, respectively. The values of nRMSE were 11.29, 5.84 and 14.04 % during 

calibration, and 16.91, 11.50 and 20.20 % during validation for model developed by 

PCA-ANN, PCA-SVM and PCA-RF techniques, respectively. Model performance was 

good for PCA-SVM and PCA-ANN, having nRMSE value less than 20 % and fair for 

PCA-RF having nRMSE value 20.20 %. The RPD values during calibration, were 2.28, 

3.46 and 1.99, and during validation, were 1.79, 2.36 and 1.40, respectively. The model 

developed by PCA- SVM showed better agreement between observed and predicted RPD 

values.  



  

  

  

Fig 4.22 Mustard yield prediction by SMLR-ANN, SMLR-SVM and SMLR-RF for  

Zone III of Rajasthan 
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Fig 4.23 Mustard crop yield prediction by PCA-ANN, PCA-SVM and PCA-RF for   

Zone III of Rajasthan 
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On the basis of model accuracy parameters, RMSE, nRMSE and RPD, among all 

developed models, PCA-SVM performed better, followed by SMLR-SVM, PCA-ANN, 

SMLR-RF, SMLR-ANN and PCA-RF respectively for mustard yield prediction for Zone 

III of Rajasthan. 

4.3.2.4 Zone IV (Pali-Jodhpur) 

 The climatic conditions of Pali and Jodhpur districts are similar as reported by the 

NARP; therefore, both distract were put together in Zone IV of Rajasthan. Weather data 

along with the yield of mustard crop for the last 31 years were collected for each 

distracts. Collected data was used to develop and predict mustard yield by variable 

selection by stepwise regression model and variable extraction by principal component 

analysis, using ANN, SVM and RF techniques in R software version 3.1.3. 

Calibration and validation of the model developed using variable selection by 

SMLR and ANN (SMLR-ANN), variable selection by SMLR and SVM (SMLR-SVM), 

and variable selection by SMLR and RF (SMLR-RF) techniques in R software version 

3.1.3. for Zone IV of Rajasthan are shown in Fig. 4.24. Performance of mustard yield 

prediction done for Zone IV of Rajasthan using developed model SMLR-ANN, SMLR-

SVM and SMLR-RF are given in Table 4.15. The values of RMSE during calibration 

were 160.39, 104.81 and 163.47 kg ha-1, respectively for SMLR-ANN, SMLR-SVM and 

SMLR-RF. During validation, RMSE value was found highest for SMLR-ANN (181.25 

kg ha-1), followed by SMLR-RF (165.92 kg ha-1) and SMlR-SVM (162.41 kg ha-1). The 

mean absolute error (MAE) values were 133.0, 72.3 and 134.9 kg ha-1 during calibration, 

and 139.9, 125.1 and 133.4 kg ha-1 during validation, for SMLR-ANN, SMLR-SVM and 

SMLR-RF, respectively. The nMAE values were 15.08, 8.19 and 15.30 % during 

calibration, and 16.72, 14.94 and 15.93 % during validation for SMLR-ANN, SMLR-

SVM and SMLR-RF, respectively. The nRMSE value was lowest for SMLR-SVM 

(11.88 and 19.40 %), followed by SMLR-ANN (18.53 and 19.52 %) and SMLR-RF 

(18.19 and 21.23 %) during calibration, and validation, respectively. The RPD values 

were 2.30, 1.47 and 1.50 during calibration, and 1.33, 1.30 and 1.19 during validation, for 

SMLR-RF, SMLR-SVM and SMLR-ANN, respectively. Based on model accuracy 

parameters, RMSE, nRMSE and RPD values, among all three developed models, SMLR-
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SVM performed better, followed by SMLR-RF and SMLR-ANN for mustard yield 

prediction for Zone IV of Rajasthan.  

Table 4.15 Performance of the mustard yield prediction model developed by different 

techniques for Zone IV of Rajasthan. 

Accuracy  

parameters 

SMLR-ANN SMLR-SVM SMLR-RF 

Calibration Validation Calibration Validation Calibration Validation 

MAE 

(kg ha-1) 
133.01 139.96 72.27 125.08 134.93 133.35 

nMAE 

(%) 
15.08 16.72 8.19 14.94 15.30 15.93 

RMSE 

(kg ha-1) 
160.39 181.85 104.81 162.41 163.47 165.92 

nRMSE 

(%) 
18.19 21.73 11.88 19.40 18.53 19.82 

RPD 1.50 1.19 2.30 1.33 1.47 1.30 

 PCA-ANN PCA-SVM PCA-RF 

 Calibration Validation Calibration Validation Calibration Validation 

MAE 

(kg ha-1) 
87.63 147.69 30.27 106.27 139.17 157.26 

nMAE 

(%) 
10.13 16.87 3.50 12.14 16.09 17.96 

RMSE 

(kg ha-1) 
119.86 177.81 43.64 162.10 178.12 200.00 

nRMSE 

(%) 
13.86 20.31 5.05 17.52 20.59 22.85 

RPD 1.95 1.32 5.36 1.45 1.31 1.18 

 

Model calibration and validation developed by variable extraction by PCA and 

ANN (PCA-ANN), variable extraction by PCA and SVM (PCA-SVM), and variable 

extraction by PCA and RF (PCA-RF) techniques in R statistical software version 3.1.3. 

for Zone IV of Rajasthan are presented in Fig. 4.25. Mustard yield prediction was done 

for Zone IV of Rajasthan using developed model PCA-ANN, PCA-SVM and PCA-RF 

and model performance was assessed using MAE, nMAE, RMSE, nRMSE and RPD 

values (table 4.15). During calibration, MAE values were 87.63, 30.37 and 139.17 kg ha-

1, respectively. During validation, MAE value was found to be highest for PCA-RF 

(157.26 kg ha-1), followed by PCA-ANN (147.69 kg ha-1), and PCA-SVM (106.27 kg ha-

1). The nMAE values were 10.13, 3.50 and 16.09 % during calibration, and 16.87, 12.14 



  

  

  

Fig 4.24 Mustard yield prediction by SMLR-ANN, SMLR-SVM and SMLR-RF for  

Zone IV of Rajasthan 
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Fig 4.25 Mustard crop yield prediction by PCA-ANN, PCA-SVM and PCA-RF for   

Zone IV of Rajasthan 
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and 17.96 % during validation, by PCA-ANN, PCA-SVM and PCA-RF, respectively. 

During calibration and validation, RMSE value was lowest for PCA-SVM (43.64 and 

162.10 kg ha-1), followed by PCA-ANN (119.86 and 177.81 kg ha-1), and PCA-RF 

(178.12 and 200.00 kg ha-1). The RPD values were 1.95, 5.36 and 1.31 during calibration, 

and 1.32, 1.45 and 1.18 during validation, for PCA-ANN, PCA-SVM and PCA-RF, 

respectively. The value of nRMSE was lowest during calibration and validation for PCA-

SVM (5.05 and 17.52 %), followed by PCA-ANN (13.86 and 20.31%), and PCA-RF 

(20.59 and 22.85 %). Results showed on the basis model accuracy parameters, RMSE, 

nRMSE and RPD values, three model developed by variable extraction methods, PCA-

SVM performed best followed by PCA-ANN and PCA-RF and among all six developed 

models, PCA-SVM performed better, followed by SMLR-SVM, SMLR-RF, PCA-ANN, 

SMLR-ANN and PCA-RF, respectively, for mustard yield prediction of Zone IV of 

Rajasthan . 

4.3.2.5 Zone V (Bikaner) 

The weather and yield data of mustard crop was collected for the last 22 years 

from the Bikaner district of Rajasthan. Data were processed and a model was developed 

for predicting mustard yield using variable selection by stepwise regression and principal 

component analysis, using ANN, SVM, RF techniques in R statistical software version 

3.1.3..  

Calibration and validation of the model developed using variable selection by 

SMLR and ANN (SMLR-ANN), variable selection by SMLR and SVM (SMLR-SVM), 

and variable selection by SMLR and RF (SMLR-RF) techniques for Zone V are shown in 

Fig. 4.26. Mustard crop yield prediction for Zone V of Rajasthan was done by these 

developed models, SMLR-ANN, SMLR-SVM and SMLR-RF. Model performance for 

mustard yield prediction of the Zone V of Rajasthan done using developed models, 

SMLR-ANN, SMLR-SVM and SMLR-RF are given in Table 4.16. The performance of 

the models was analyzed using MAE, nMAE, RMSE, nRMSE and RPD values. The 

RMSE values during calibration were 73.29, 94.96 and 132.50 kg ha-1, and during 

validation, were 138.80, 155.92 and 143.42 kg ha-1 for SMLR-SVM, SMLR-ANN, and 

SMLR-RF, respectively. The nRMSE value during calibration and validation was lowest 

for SMLR-SVM (7.96 and 13.99 %), followed by SMLR-ANN (10.32 and 15.72 %), and 
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SMLR-RF (14.20 and 14.42 %), respectively. The values of nRMSE during validation 

showed that all three models developed for mustard yield prediction for the Zone V of 

Rajasthan performed good having nRMSE<20 %. RPD values during calibration were 

2.43, 3.14 and 1.74, and during validation, were 1.27, 1.52 and 1.38 for SMLR-ANN, 

SMLR-SVM and SMLR-RF, respectively. The RPD values, which signify the model 

accuracy was high for SMLR-SVM compared with SMLR-ANN and SMLR-RF. The 

MAE value was lowest during calibration for SMLR-SVM (57.9 kg/ha-1), followed by 

SMLR-ANN (78.44 kg/ha-1), and SMLR-RF (108.3 kg/ha-1).  

Table 4.16 Performance of the mustard yield prediction model developed by different 

techniques for Zone V of Rajasthan. 

Accuracy  

parameters 

SMLR-ANN SMLR-SVM SMLR-RF 

Calibration Validation Calibration Validation Calibration Validation 

MAE 

(kg ha-1) 
78.44 143.61 57.91 123.07 108.34 121.39 

nMAE 

(%) 
8.52 14.48 6.29 12.40 11.77 12.23 

RMSE 

(kg ha-1) 
94.96 155.92 73.29 138.80 132.50 143.02 

nRMSE 

(%) 
10.32 15.72 7.96 13.99 14.20 14.42 

RPD 2.43 1.27 3.14 1.52 1.74 1.38 

 PCA-ANN PCA-SVM PCA-RF 

 Calibration Validation Calibration Validation Calibration Validation 

MAE 

(kg ha-1) 
32.76 112.17 31.75 87.24 114.62 172.99 

nMAE 

(%) 
3.58 11.15 3.48 8.67 12.54 17.19 

RMSE 

(kg ha-1) 
41.12 144.84 48.76 118.26 138.99 189.22 

nRMSE 

(%) 
4.50 14.39 5.34 11.75 15.21 18.80 

RPD 5.26 1.54 4.44 1.89 1.56 1.18 

During validation, MAE value was lowest for SMLR-SVM (123.1 kg/ha-1), 

followed by SMLR-RF (121.4 kg/ha-1), and SMLR-ANN (143.6 kg/ha-1). The nMAE 

values during calibration were 8.52, 6.2 9 and 11.77 %, and during validation 14.48, 

12.40 and 12.23 % for SMLR-ANN, SMLR-SVM and SMLR-RF, respectively. On the 



  

  

  

Fig 4.26 Mustard yield prediction by SMLR-ANN, SMLR-SVM and SMLR-RF for  

Zone V of Rajasthan 
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Fig 4.27 Mustard crop yield prediction by PCA-ANN, PCA-SVM and PCA-RF for Zone V of 

Rajasthan 
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basis of model accuracy parameters RMSE, nRMSE and RPD values, among the three 

models developed by the variable selection by SMLR, SMLR-SVM performed better, 

followed by SMlR-RF and SMlR-ANN for mustard yield prediction for Zone V of 

Rajasthan state. 

Calibration and validation of model developed by variable extraction by PCA and 

ANN (PCA-ANN), variable extraction by PCA and SVM (PCA-SVM) and variable 

extraction by PCA and RF (PCA-RF) techniques in R statistical software version 3.1.3. 

for the Zone V of Rajasthan are presented in Fig. 4.27. Mustard yield prediction was done 

for the Zone V of Rajasthan using developed model PCA-ANN, PCA-SVM and PCA-

RF. Model performance assessed using MAE, nMAE, RMSE, nRMSE and RPD values 

are shown in table 4.16. The MAE value was highest during calibration for PCA-RF 

(114.62 kg ha-1), followed by PCA-ANN (32.76 kg ha-1), and PCA-SVM (31.75 kg ha-1). 

During validation MAE value was highest for PCA-RF (121.39 kg ha-1), followed by 

PCA-ANN (112.17 kg ha-1), and PCA-SVM (87.24 kg ha-1). The nRMSE values during 

calibration were 3.58, 3.48 and 12.54 %, and 11.15, 8.67 and 17.19 % for SMLR-ANN, 

SMLR-SVM and SMLR-RF, respectively. The RMSE values during calibration were 

48.76, 41.12 and 138.99 kg ha-1, and during validation, were 118.26, 144.84 and 189.22 

kg ha-1 for PCA-SVM, PCA-ANN and PCA-RF, respectively. The nRMSE had the 

lowest value during calibration and validation for PCA-SVM (5.34 and 11.75 %), 

followed by PCA-ANN (4.50 and 14.39 %) and PCA-RF (15.21 and 18.80 %), 

respectively. The RPD values were 5.26, 4.44 and 1.56 during calibration, and 1.54, 1.89, 

and 1.18 during validation, for model developed by PCA-ANN, PCA-SVM and PCA-RF 

techniques. A model is reliable and robust for low value of MAE, RMSE, nRMSE and a 

high value of RPD. Based on model accuracy parameters, RMSE, nRMSE and RPD 

values, among all the six models developed for mustard yield prediction for the Zone V, 

PCA-SVM performed best, followed by SMLR-SVM, PCA-ANN, SMLR-RF, SMLR-

ANN and PCA-RF. Results illustrate that models developed either by variable selection 

or variable extraction, SVM techniques performed best among all developed models. 
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4.4 Mustard yield prediction by an optimal combination of developed models 

 An optimal combination of models was used for predicting mustard yield. It 

chooses weights to minimize the expected errors of the combined prediction. There were 

four combinations, ANN+SVM+RF, ANN+SVM, ANN+RF and SVM+RF used to 

combine the predicted results for Delhi and the different Zones of Rajasthan. The 

accuracy of the prediction was improved by combining the results of different methods. 

The model accuracy parameters such as coefficient of determination (R2), MAE, RMSE, 

and nRMSE were used in this study for model validation, as described in the following 

sub-sections. 

4.4.1 Mustard yield prediction by an optimal combination for IARI, New Delhi  

 The results obtained from an optimal combination techniques used for the model 

developed by PCA-ANN, PCA-SVM and PCA-RF techniques are presented in Fig. 4.28. 

The RMSE value for mustard yield prediction by different optimal combination models 

for the IARI, New Delhi was lowest 179.9 kg ha-1 for PCA(ANN+SVM), followed by 

203.1 kg ha-1 for PCA(ANN+SVM+RF), and 216.6 kg ha-1 for PCA(SVM+RF) and 

230.72 kg ha-1for PCA(ANN+RF). The nRMSE had lowest value 8.75 % for PCA 

(ANN+SVM), followed by 9.88 % for PCA(ANN+SVM+RF), 10.55 % for 

PCA(SVM+R) and 11.23 % for PCA(ANN+RF). Optimal combination techniques used 

for model developed by PCA(ANN+SVM) and PCA(ANN+SVM+RF) performed 

excellent with nRMSE less than 10 % and model developed by PCA(SVM+RF) and 

PCA(ANN+RF) performed good with nRMSE value 10.55 and 12 % for mustard yield 

prediction of IARI, New Delhi. The values of MAE were 131.8, 171.9, 185.5 and 200.9 

kg ha-1 for PCA(ANN+SVM), PCA(ANN+SVM+RF), PCA(SVM+RF) and 

PCA(ANN+RF), respectively. The coefficient of determination was highest for 

PCA(ANN+SVM) with R2 value 0.81, followed by PCA(ANN+SVM+RF) with R2 value 

0.75 and PCA(SVM+RF) with R2 value 0.74 and PCA(ANN+RF) with R2 value 0.70.  

 Optimal combination techniques were used for model developed by SMLR- 

ANN, SMLR-SVM and SMLR-RF techniques are presented in Fig. 4.29. Optimal 

combination techniques were used to predict the mustard yield for IARI, New Delhi by 

combination of SMLR-ANN, SMLR-SVM and SMLR-RF. Mustard yield prediction 

done by all four combinations had MAE value 151.9 kg ha-1lowest for SMLR(SVM+RF), 



 

 

Fig 4.28 Mustard yield prediction using optimal combination of PCA-ANN, PCA-SVM 

and PCA-RF for IARI, New Delhi 
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Fig 4.29 Mustard yield prediction using optimal combination of SMLR-ANN, 

SMLRSVM and SMLR-RF for IARI, New Delhi 

 

 

  

  

SMLR (ANN+SVM+RF) 

MAE 154.48 

RMSE 219.40 

nRMSE 10.98 

R2 0.75 

 

MAE 154.03 

RMSE 207.74 

nRMSE 10.41 

R2 0.78 

 

MAE 151.95 

RMSE 219.40 

nRMSE 10.99 

R2 0.73 

 

SMLR (SVM+RF) 

SMLR (ANN+SVM) 

MAE 159.86 

RMSE 204.37 

nRMSE 10.24 

R2 0.77 

 

SMLR (ANN+RF) 



107 
 

followed by 154.0 kg ha-1 for SMLR(ANN+RF), 154.8 kg ha-1 for SMLR(ANN+SVM), 

and 159.86 kg ha-1 for SMLR(ANN+SVM+RF). The value of RMSE and nRMSE was 

204.4 kg ha-1 and 10.2 % lowest for SMLR(ANN+SVM+RF), followed by 207.7 kg ha-1 

and 10.41% for SMLR(ANN+RF), 219.0 kg ha-1 and 10.94 % for SMLR(ANN+SVM) 

and 219.4 kg ha-1 and 11.0 % for SMLR(SVM+RF), respectively. Model developed by 

all four combinations performed good with nRMSE value less than 11 %. Coefficient of 

determinant was highest for SMLR(ANN+RF) with R2 value 0.78, followed by 

SMLR(ANN+SVM+RF) with R2 value 0.77, SMLR(ANN+SVM) with R2 value 0.75 and 

SMLR(SVM+RF) with R2 value 0.73. 

On the basis of model accuracy parameters R2 MAE, RMSE, nRMSE values, 

among all the eight optimal combinations used for mustard yield prediction for the IARI, 

New Delhi, PCA(ANN+SVM) performed best followed by PCA(ANN+SVM+RF), 

SMLR(ANN+SVM+RF), SMLR(ANN+RF), PCA(SVM+RF), SMLR(ANN+SVM), 

SMLR(ANN+RF), PCA(ANN+RF). All the combinations of different techniques showed 

overestimation for low yield and underestimation for high yield, whether based on 

variable selection by stepwise regression or variable extraction by principal component 

analysis. 

4.4.2 Yield prediction by an optimal combination for Zone I of Rajasthan 

 Alwar and Bharatpur districts of Rajasthan come under the same agro-climatic 

Zone I. The results obtained from optimal combination techniques used for model 

developed by PCA-ANN, PCA-SVM and PCA-RF techniques are presented in Fig. 4.30. 

There were four combinations. Mustard yield prediction for Zone I of Rajasthan was 

done using these optimal combinations. The performance of optimal combination 

prediction models were analyzed using RMSE, nRMSE, MAE and R2 value. The RMSE 

value for yield prediction were 145.7 kg ha-1for PCA(ANN+SVM), 154.9 kg ha-1 for 

PCA(ANN+SVM+RF), 162.5 kg ha-1 for PCA(SVM+RF) and 168.6 kg ha-1 for 

PCA(ANN+RF) combination. The nRMSE value was 11.75 % lowest for 

PCA(ANN+SVM), followed by 12.05 % for PCA(ANN+SVM+RF), 13.11 % for 

PCA(SVM+RF) and 13.60 % for PCA(ANN+RF). The values of coefficient of 

determinant R2 were 0.73, 0.63, 0.59 and 0.58 for PCA(ANN+SVM), 

PCA(ANN+SVM+RF), PCA(SVM+RF) and PCA(ANN+RF) combinations, 
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respectively. The MAE value was 116.57 kgha-1 lowest for ANN+SVM, followed by 

128.61 kgha-1 for PCA(ANN+SVM+RF), 136.48 kgha-1 for PCA(ANN+RF) and 139.40 

kgha-1 for PCA(SVM+RF) combination, respectively. On the basis of model accuracy 

parameters R2, RMSE, nRMSE values, among the four combination, PCA(ANN+SVM) 

performed best followed by PCA(ANN+SVM+RF), PCA(SVM+RF) and 

PCA(ANN+RF). 

The results obtained from optimal combination techniques used for model 

developed by SMLR-ANN, SMLR-SVM and SMLR-RF techniques are presented in Fig. 

4.31. The RMSE values of mustard yield prediction done for Zone I of Rajasthan by the 

optimal combinations SMLR(ANN+SVM), SMLR(ANN+SVM+RF), SMLR(SVM+RF) 

and SMLR(ANN+RF) were 205.9, 145.8, 139.9 and 143.4 kg ha-1, respectively. nRMSE 

value was 15.97 % lowest for SMLR(SVM+RF), followed by 16.6 % for 

SMLR(ANN+SVM+RF), 17.0 % for SMLR (ANN+RF0) and 17.33 % for 

SMLR(ANN+SVM), respectively. The MAE values was 139.9 kg ha-1 for 

SMLR(SVM+RF), 143.4 kg ha-1 for SMLR(ANN+RF), 145.8 kg ha-1 for 

SMLR(ANN+SVM+RF) and 158.9 kg ha-1 for SMLR(ANN+SVM), respectively. R2 was 

0.65 for SMLR(SVM+RF), 0.62 for SMLR(ANN+SVM) and 0.60 for SMLR(ANN+ 

SVM) and SMLR(ANN+RF). A high value of R2 and the low value of MAE, RMSE and 

nRMSE value indicates good agreement between observed and predicted values. The 

combination model based on variable extraction by PCA showed more overestimation for 

lower range of yield and less underestimation for higher range of yield. On the contrary, 

the combination model based on variable selection by SMLR showed less overestimation 

at a lower range of yield and more underestimation at a higher range of yield. Among the 

four combinations based on variable selection, SMLR(ANN+SVM) performed best 

followed by SMLR(ANN+SVM+RF), SMLR(SVM+RF) and SMLR(ANN+RF). 

On the basis of model accuracy parameters RMSE, nRMSE, and R2, among all 

the models developed either by variable extraction or variable selection for mustard yield 

prediction of Zone I of Rajasthan, the combination of PCA(ANN+SVM) performed best, 

followed by PCA(ANN+SVM+RF), PCA(SVM+RF), PCA(ANN+RF), 

SMLR(SVM+RF), SMLR(ANN+SVM+RF), SMLR(ANN+RF) and 

SMLR(ANN+SVM). 



 

 

Fig 4.30 Mustard yield prediction using optimal combination of PCA-ANN, PCA-SVM 

and PCA-RF for Zone I of Rajasthan 
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Fig 4.31 Mustard yield prediction using optimal combination of SMLR-ANN, SMLR-

SVM and SMLR-RF for Zone I of  Rajasthan 
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4.4.3 Mustard yield prediction by an optimal combination for Zone II of Rajasthan 

According to the NARP report, Sawai madhopur and Kota districts of Rajasthan 

comes under the same agroclimatic zone (Zone II). The results obtained from optimal 

combination techniques used for the model developed by PCA-ANN, PCA-SVM and 

PCA-RF techniques are presented in Fig. 4.32. Mustard yield prediction for Zone II of 

Rajasthan was done by the optimal combination of PCA-ANN, PCA-SVM and PCA-RF 

model. There were four optimum combination. MAE values were 125.8, 105.0, 18.6 and 

170.1 kg ha-1, respectively for optimal combination the PCA(ANN+SVM+RF), 

PCA(ANN+SVM), PCA(ANN+RF) and PCA(SVM+RF) respectively. The RMSE value 

was 138.4 kg ha-1lowest for PCA(ANN+SVM), followed by 151.9 kg ha-1 for 

PCA(ANN+SVM+RF), 170.1 kg ha-1 for PCA(SVM+RF) and for 159.86 kg ha-1 

PCA(ANN+RF), respectively. nRMSE value ranged between 11.8 to 20.4 %. The value 

of nRMSE was 11.85 % lowest for the model developed using PCA(ANN+SVM) 

combination, followed by 13.32 % for PCA(ANN+SVM+RF), and 15.58 % for 

PCA(SVM+RF), and 20.41 % for PCA(ANN+RF). Performace of mustard yield 

prediction for Zone II of Rajasthan done by optimal combinations were good for 

PCA(ANN+SVM), PCA(ANN+SVM+RF) and PCA(SVM+RF) having nRMSE value 

less than 20% and fair for PCA(ANN+RF) having nRMSE value 20.41 %. The R2 values 

were 0.83, 0.82, 0.81 and 0.80 for PCA(ANN+SVM), PCA(ANN+SVM+RF), 

PCA(SVM+RF) and PCA(ANN+RF), respectively. On the basis of model accuracy 

parameters RMSE, nRMSE and R2 values, among the four combinations based on 

variable extraction, PCA(ANN+SVM) performed better followed by 

PCA(ANN+SVM+RF), PCA(SVM+RF) and PCA(ANN+RF) for mustard yield 

prediction of the Zone II of Rajasthan. 

The performance of model obtained from optimal combination of SMLR-ANN, 

SMLR-SVM and SMLR-RF are presented in Fig. 4.33. Mustard yield prediction for Zone 

II of Rajasthan was done by the optimal combination of SMLR-ANN, SMLR-SVM and 

SMLR-RF model. The MAE values for optimal combinations SMLR(ANN+RF), 

SMLR(ANN+SVM+RF), SMLR(ANN+SVM) and SMLR(SVM+RF) were 125.6, 126.1, 

130.9 and 141.6 kg ha-1, respectively. RMSE value was 167.5 kg ha-1 lowest for 

SMLR(ANN+SVM), followed by 176.5 kg ha-1 for SMLR(ANN+SVM+RF), 181.2 kg 
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ha-1 for SMLR(ANN+RF) and 185.1 kg ha-1 for SMLR(SVM+RF), respectively. The 

model developed by optimal combination performed good for all the combinations 

having nRMSE value 15.33, 16.16, 16.59 and 16.95 % for SMLR(ANN+SVM), 

SMLR(ANN+SVM+RF), SMLR(ANN+RF) and SMLR (SVM+RF) respectively. R2 

value was 0.83, 0.82, 0.81 and 0.80 for SMLR(ANN+SVM), SMLR(ANN+SVM +RF), 

SMLR(SVM+RF) and SMLR(ANN+RF) respectively. On the basis of model accuracy 

parameters RMSE, nRMSE and R2 values, among all the combinations, PCA 

(ANN+SVM) performed best for mustard yield prediction for Zone II of Rajasthan, 

followed by PCA(ANN+SVM+RF), SMLR(SVM+ANN), PCA(SVM+RF), 

SMLR(ANN+SVM+RF), SMLR(ANN+RF), SMLR(SVM+RF) and PCA(ANN+RF). 

4.4.4 Mustard yield prediction by an optimal combination for Zone III of Rajasthan 

 Udaipur and Jhalawar have the same soil type and climatic normal, according to 

the NARP report, put together in Zone III of Rajasthan state. The results obtained for 

mustard yield prediction done for Zone III of Rajasthan state from optimal combination 

of PCA- ANN, PCA-SVM and PCA-RF are presented in Fig. 4.34. The MAE values 

were 103.1, 105.3, 111.4 and 118.2 kg ha-1 for PCA(ANN+SVM), 

PCA(ANN+SVM+RF), PCA(SVM+RF) and PCA(ANN+RF), respectively. The value of 

RMSE was 138.9 kg ha-1 lowest for PCA(ANN+SVM), followed by 141.1 kg ha-1 for 

PCA(ANN+SVM+RF), 150.9 kg ha-1for PCA(ANN+RF) and 15.7 kg ha-1 for 

PCA(SVM+RF) combination. The R2 values were 0.93, 0.92, 0.91 and 0.90 for 

PCA(ANN+SVM+RF), PCA(ANN+SVM), PCA(ANN+RF) and PCA(SVM+RF), 

respectively. The nRMSE values were 14.8, 15.0, 16.1 and 16.24 % for 

PCA(ANN+SVM), PCA(ANN+SVM+RF), PCA(SVM+RF) and PCA(ANN+RF), 

respectively. The nRMSE values were less than 20 % for all the four combinations 

indicates that performance of mustard yield prediction for Zone III of the Rajasthan were 

good by all the combinations.  

 The performance of the mustard yield prediction done by the optimal combination 

of SMLR-ANN, SMLR-SVM and SMLR-RF are presented in Fig. 4.35. The value of 

MAE was 106.3 kg ha-1 lowest for SMLR(ANN+SVM), followed by 111.1 kg ha-1 for 

SMLR(ANN+SVM+RF), 115.5 kg ha-1 for SMLR(SVM+RF) and 117.9 kg ha-1 for 

SMLR(ANN+RF). The value of RMSE was 143.5 kg ha-1 lowest for SMLR(SVM+R), 



 

 

Fig 4.32 Mustard yield prediction using optimal combination of PCA-ANN, PCA-SVM 

and PCA-RF for Zone II of Rajasthan 
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Fig 4.33 Mustard yield prediction using optimal combination of SMLR-ANN, SMLR-

SVM and SMLR-RF for Zone II of  Rajasthan 
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Fig 4.34 Mustard yield prediction using optimal combination of PCA-ANN, PCA-SVM 

and PCA-RF for Zone III of Rajasthan 
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Fig 4.35 Mustard yield prediction using optimal combination of SMLR-ANN, SMLR-

SVM and SMLR-RF for Zone III of  Rajasthan 
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followed by 143.7 kg ha-1 for SMLR(ANN+SVM), for 147.0 kg ha-1 

SMLR(ANN+SVM+RF) and 158.6 kg ha-1 for SMLR(ANN+RF), respectively. R2 values 

were 0.78, 0.74, 0.72 and 0.67 for SMLR(SVM+RF), SMLR(ANN+SVM+RF), 

SMLR(ANN+SVM) and SMLR(ANN+RF), respectively. The nRMSE had lowest value 

15.6 % for SMLR(SVM+RF), followed by 15.87 % for SMLR(ANN+SVM), 16.24 % for 

SMLR(ANN+SVM+RF) and 17.5 % for SMLR(ANN+RF) respectively. The mustard 

yield prediction done by all the four combination performed good having nRMSE value 

less than 10 %. Based on model accuracy parameter RMSE, nRMSE and R2 values 

among all three combinations SMLR(SVM+RF) performed better followed by 

SMLR(ANN+SVM), SMLR(ANN+SVM+RF) and SMLR(ANN+RF). 

Among all the models developed either by variable extraction or variable 

selection, on the basis of model accuracy parameter RMSE, nRMSE, R2 and MSE, the 

combination of PCA(ANN+SVM) performed best for mustard yield prediction for the 

Zone III of Rajasthan followed by PCA(ANN+SVM+RF), SMLR(SVM+RF), 

SMLR(ANN +SVM), PCA(SVM+RF), PCA(ANN+RF) and SMLR(ANN+SVM+RF), 

SMLR(ANN+RF). All the combinations overestimated for low yield and underestimated 

for high yield.  

4.4.5 Mustard yield prediction by an optimal combination for Zone IV of Rajasthan 

 The climatic conditions of Pali and Jodhpur districts are similar as reported by the 

NARP, and they are put together in Zone IV of Rajasthan state. The results obtained from 

optimal combinations of PCA-ANN, PCA-SVM and PCA-RF are presented in Fig. 4.36. 

There were four combinations and mustard yield prediction for Zone IV of Rajasthan was 

done by these four optimal combinations. RMSE values was lowest 147.7 kg ha-1 for 

PCA(ANN+SVM), followed by 168.2 kg ha-1 for PCA(ANN+SVM+RF), 177.0 kg ha-1 

for PCA(ANN+RF) and 183.5 kg ha-1 for PCA(SVM+RF) combination. The nRMSE 

value had lowest value 16.9 % for PCA(ANN+SVM), followed by 19.2 % for 

PCA(ANN+SVM+RF), 20.2 % for PCA(SVM+RF) and 21.0 % for PCA(ANN+RF) 

respectively. The values of MAE were 116.4, 133.2, 14.3 and 143.6 kg ha-1 for 

PCA(ANN+SVM), PCA(ANN+SVM+RF), PCA(SVM+RF) and PCA(ANN+RF), 

respectively. The mustard yield prediction done by optimal combination performed good 

for PCA(ANN+SVM) and PCA(ANN+SVM+RF) having nRMSE value less than 20 % 
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and performed fair for PCA(SVM+RF) and PCA(ANN+RF) having nRMSE value 20.2 

and 21.0 %. R2 values were 0.67, 0.65, 0.63 and 0.53 for PCA(SVM+RF), 

PCA(ANN+SVM+RF), PCA(ANN+SVM) and PCA(ANN+RF), respectively. Based on 

model accuracy parameters RMSE, nRMSE, R2 and MAE values, among all four optimal 

combinations for the mustard yield prediction done for Zone IV of Rajasthan, 

PCA(ANN+SVM) performed better followed by PCA(ANN+SVM+RF), 

PCA(SVM+RF) and PCA(ANN+RF) combination. 

Mustard yield prediction for Zone IV of Rajasthan was done by optimal 

combination of SMLR-ANN, SMLR-SVM and SMLR-RF. The performance of the 

mustard yield prediction done by all the four combinations for Zone IV of Rajasthan are 

presented in Fig 4.37. The MAE values were 114.1, 116.9, 125.5 and 131.2 kg ha-1 for 

SMLR(ANN+SVM), SMLR (ANN+SVM+RF), SMLR(SVM+RF) and 

SMLR(ANN+RF) combination, respectively. The RMSE values were 153.88 kg ha-1 for 

SMLR(SVM+RF), 157.4 kg ha-1 for SMLR(ANN+SVM+RF), 157.5 kg ha-1 for 

SMLR(ANN+SVM), and 169.1 kg ha-1 for SMLR(ANN+RF), respectively. R2 values 

were 0.52 for SMLR(ANN+SVM), 0.51 for SMLR(ANN+SVM+RF) and 

SMLR(SVM+RF), 0.42 for SMLR(ANN+RF), respectively. The mustard yield 

prediction done for Zone IV of Rajasthan by optimal combination performed good for 

SMLR(SVM+RF), SMLR(ANN+SVM+RF) and SMLR(ANN+SVM) having nRMSE 

value 18.38 % for SMLR(SVM+RF) and 18.8 % for for SMLR(ANN+SVM+RF) and 

SMLR(ANN+SVM). Performance of SMLR(ANN+RF) was fair with nRMSE value 20.2 

Based on model accuracy parameter RMSE, nRMSE, R2 and MSE values, among all four 

combinations SMLR(SVM+RF) was better followed by SMLR (ANN+SVM+RF), 

SMLR(ANN+SVM) and SMLR(ANN+RF) combination. 

Among all the model developed either by variable extraction or variable selection 

on the basis of model accuracy parameter RMSE, nRMSE and R2 the combination of 

PCA(ANN+SVM) performed best for mustard yield prediction of the Zone IV of 

Rajasthan, followed by SMLR(SVM+RF), SMLR(ANN+SVM+RF), SMLR(ANN 

+SVM), PCA(ANN+SVM+RF), PCA(SVM+RF), SMLR(ANN+RF) and 

PCA(ANN+RF). 

 



 

 

Fig 4.36 Mustard yield prediction using optimal combination of PCA-ANN, PCA-SVM 

and PCA-RF for Zone IV of Rajasthan 
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Fig 4.38 Mustard yield prediction using optimal combination of PCA-ANN, PCA-SVM 

and PCA-RF for Zone V of Rajasthan 
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4.4.6 Mustard yield prediction by an optimal combination for Zone V of Rajasthan: 

According to the NARP report, the climatic condition of Bikaner district is 

located in Zone V of Rajasthan state. The results obtained from optimal combinations of 

PCA-ANN, PCA-SVM and PCA-RF are presented in Fig. 4.38. Mustard yield prediction 

for Zone V of Rajasthan was done by optimal combination of PCA-ANN, PCA-SVM and 

PCA-RF. The MAE value was lowest 104.5 kg ha-1 for PCA(ANN+SVM+RF), followed 

by 143.4 kg ha-1 for PCA(ANN+SVM), 145.8 kg ha-1 for PCA(ANN+RF) and 158.9 kg 

ha-1 for PCA(SVM+RF). The values of RMSE were 132.7, 135.6, 138.0 and 148.6 kg ha-1 

for PCA(ANN+SVM+RF), PCA(ANN+RF), PCA(ANN+SVM) and PCA(SVM+RF), 

respectively. The value of nRMSE was lowest 13.2 % for PCA(ANN+SVM+RF) 

followed by 13.7 % for PCA(ANN+SVM), 14.8 % for PCA(ANN+RF) and 

PCA(SVM+RF). All the four combinations performed good with nRMSE value less than 

15 %. Based on model accuracy parameter RMSE, nRMSE and R2, among all four 

combinations, mustard yield prediction done for the Zone V of Rajasthan state was best 

for PCA(ANN+SVM+RF) combination, followed by PCA(ANN+SVM), 

PCA(ANN+RF) and PCA(SVM+RF) . 

Mustard yield prediction for Zone V of Rajasthan was done by optimal 

combination of SMLR-ANN, SMLR-SVM and SMLR-RF. The performance of the 

mustard yield prediction done by all the four combinations for Zone V of Rajasthan are 

presented in Fig. 4.38. 

The performance of the mustard yield prediction for Zone V of Rajasthan done by 

the four combinations developed by optimal combinations of SMLR-ANN, SMLR-SVM 

and SMLR-RF are presented in Fig. 4.39. Mustard yield prediction for Zone V of 

Rajasthan was done by optimal combination of SMLR-ANN, SMLR-SVM and SMLR-

RF. The MAE values for SMLR(ANN+SVM+RF), SMLR(ANN+SVM), 

SMLR(ANN+RF) and SMLR(SVM+RF) was 105.9, 107.0, 110.3 and 116.4 kg ha-1, 

respectively. The RMSE value was 111.3 kg ha-1lowest for SMLR(ANN+SVM+RF), 

followed by 111.5 kg ha-1for SMLR(ANN+RF), 120.8 kg ha-1 for SMLR(ANN+SVM) 

and 110.3 kg ha-1 for SMLR(SVM+RF), respectively. The value of nRMSE was 11.22 % 

lowest for SMLR(ANN+SVM+RF), followed by 11.24 % for SMLR(ANN+RF), 12.17 

% for SMLR(ANN+SVM) and 13.05 % for SMLR(SVM+RF). Value of nRMSE was 
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less than 15 % for all the four combination indicates that, all the four combinations 

performed good for mustard yield prediction of Zone V of Rajasthan. Based on model 

accuracy parameter RMSE, nRMSE and R2, among the four combinations, mustard yield 

prediction done by SMLR(ANN+SVM+RF) was best followed by SMLR(ANN+RF), 

SMLR(ANN+SVM) and SMLR(SVM+RF). 

Among all the models developed either by variable extraction or variable 

selection on the basis of model accuracy parameter RMSE, nRMSE, R2 and MSE, the 

combination of SMLR(ANN+SVM+RF) performed best for mustard yield prediction of 

Zone V of Rajasthan followed by SMLR(ANN+RF), SMLR(ANN+SVM), 

SMLR(SVM+RF), PCA(ANN+SVM+RF), PCA(ANN+SVM), PCA(ANN+RF) and 

PCA(SVM+RF). All the combinations overestimated mustard yield for Zone V of 

Rajasthan. 

4.5 Performance of different models developed for mustard yield prediction 

The performance of different models and optimal combinations for mustard yield 

prediction was compared and based on the nRMSE value best model for mustard yield 

prediction for IARI, New Delhi and the five zones of Rajasthan were selected and 

presented in table 4.17. We have developed three models by variable selection using 

SMLR (SMLR-SVM, SMLR-ANN and SMLR-RF) and three models by variable 

extraction using PCA (PCA-SVM, PCA-ANN and PCA-RF). There were total eight 

optimal combinations, four combinations (SVM+ANN+RF, SVM+ANN, SVM+RF and 

ANN+RF) each for models developed by variable selection and models developed by 

variable extraction. Based on the nMRSE values best model developed individually or in 

optimal combination were selected for different study area. Results showed among the 

three models SMLR-ANN, SMLR-SVM, SMLR-RF developed by variable selection, 

SMLR-SVM performed best for mustard yield prediction done for all the six study areas. 

Similarly model developed by variable extraction by PCA, PCA-SVM performed best for 

mustard yield prediction done for all the six study areas. Among all six models developed 

either variable selection by SMLR or variable extraction by PCA for mustard yield 

prediction for study area, PCA-SVM performed best for all the study areas. 

Results showed that performance of the model developed by variable selection by 

SMLR (SMLR-ANN, SMLR-SVM, and SMLR-RF) and optimal combination of SMLR-



 

 

Fig 4.37 Mustard yield prediction using optimal combination of SMLR-ANN, SMLR-

SVM and SMLR-RF for Zone IV of  Rajasthan 

 

 

  

  

SMLR (ANN+SVM+RF) 

MAE 114.12 

RMSE 157.60 

nRMSE 18.81 

R2 0.52 

 

MAE 131.22 

RMSE 169.05 

nRMSE 20.19 

R2 0.42 

 

MAE 125.55 

RMSE 152.88 

nRMSE 18.38 

R2 0.51 

 

SMLR (SVM+RF) 

SMLR (ANN+SVM) 

MAE 116.92 

RMSE 157.48 

nRMSE 18.81 

R2 0.51 

 

SMLR (ANN+RF) 



 

 

Fig 4.39 Mustard yield prediction using optimal combination of SMLR-ANN, SMLR-

SVM and SMLR-RF for Zone V of  Rajasthan 
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ANN, SMLR-SVM, and SMLR-RF, optimal combination performed better than the 

individual. Optimal combination of SMLR(ANN+SVM+RF) performed best for IARI, 

New Delhi and Zone V, optimal combination of SMLR(ANN +SVM) performed best for 

Zone II and optimal combination of SMLR(SVM +RF) performed best for Zone I, Zone 

III and Zone IV of study areas.  

By comparing the performance of the model developed by variable extraction by 

PCA (PCA-ANN, PCA-SVM, and PCA-RF) and optimal combination of PCA-ANN, 

PCA-SVM, and PCA-RF, optimal combination performed better than the individual for 

all the study areas except for Zone III and Zone V individual model PCA-SVM 

performed better than optimal combination. Optimal combination of PCA(ANN+SVM) 

performed best for all the study areas except for Zone V optimal combination of 

PCA(ANN+SVM+RF) performed best for mustard yield prediction.  

By comparing the performance of the model developed either by variable 

selection by SMLR individual and optimal combination or variable extraction by PCA 

individual and optimal combination, variable extraction by PCA performed better than 

variable selection by SMLR.  

Table 4.17: Performance of models developed for mustard yield prediction for study 

areas 

Study 

area 

Variable selection by SMLR Variable extraction by PCA 

Individual Optimal Combination Individual Optimal Combination 

IARI, 

New Delhi 

SVM (11.84) ANN+SVM+RF (10.24) SVM (9.12) ANN+SVM (8.75) 

Zone I SVM (16.73) SVM+RF (15.9) SVM (12.65) ANN+SVM (11.7) 

Zone II SVM (16.00) ANN+SVM (15.3) SVM (13.45) ANN+SVM (11.8) 

Zone III SVM (14.42) SVM+RF (15.6) SVM (11.50) ANN+SVM (14.8) 

Zone IV SVM (19.40) SVM+RF (18.38) SVM (17.52) ANN+SVM (16.9) 

Zone V SVM (13.99) ANN+SVM+RF (11.22) SVM (11.75) ANN+SVM+RF (13.2) 

*Figures in the brackets showed the nRMSE value 
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5.Discussion 

Mustard yield in different geographical areas are highly influece by the spatial 

weather variability. Weather is dynamic, continuous, and multi-dimensional, these 

weather properties make challenging for developing the crop yield prediction model. The 

response of crop yields to temperature variations may depend on the relative warming of 

minimum and maximum temperatures (Stone, 2001; Peng et al., 2004). It is a big 

challenge faced by any government to provide sufficient food supply to the people, 

especially in that areas with the continuing expansion of population and shrinkage in 

agricultural land. In India growth rate of mustard production and productivity was less 

during the past few decades. The productivity of mustard crops is highly vulnerable to 

weather variability during crop growing period. Due to weather variability during crop 

growing period in different years, there were variation in crop yield during different 

years. Developing a fine-scale crop yield predicting system under limited field data 

availability for a large area is the need of the hour. This study aimed to develop a 

prediction models for mustard crops. It is also obvious that the output from each 

component of the system is not free from their independent error. It is highly uncertain 

how these errors will propagate into the system output. Therefore, evaluating the output 

from such a system is very important and before that, the appropriate selection of each 

component is also imperative. It is an important task to do reliable crop yield prediction 

on farm, regional and national levels at a particular time (Bouman et al., 1997). 

Keeping these above facts in view, the study was conducted, (a) to observe the 

impact of temperature stress on biophysical parameters, seed yield, radiation use 

efficiency and water productivity, (b) to calibrate and validate ‘InfoCrop mustard model 

at the experimental field and farmer’s field (c) multi-stage mustard yield prediction using 

InfoCrop at 50 % flowering and at pod formation stage, (d) to develop mustard yield 

prediction models by different techniques (ANN, SVM, and RF) for IARI, New Delhi 

and major mustard growing zones of Rajasthan, (e) optimal combination of different 

developed models to improve the accuracy of mustard yield prediction. 

Results showed that timely sown crop had taken more time for total growing 

periods, followed by late and very late sown crops. There were more days required to 
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attain 50 percent flowering with a delay in sowing. The prevailing high temperatures 

during the pod filling stage in very late sown crops probably hastened the maturity. The 

duration of the growing period under different environmental conditions is supported by 

the works done on mustard, wheat, soybean, and maize crops (Roy et al., 2005; Pradhan 

et al., 2014; Kar and Kumar, 2015; Umburanas et. al., 2019), under different agro-

ecological regions. 

The leaf area index is a meaningful parameter widely used for crop growth and 

development studies. It gives a better understanding of interpreting a crop's dry matter 

production with respect to the proper utilization of incoming solar radiation for 

photosynthesis. The LAI and fIPAR showed similar growth patterns during the crop-

growing seasons. Goyal et al. (2018) confirm the logarithmic relationship between LAI 

and fIPAR. There are about 0.09 differences in the peak value of fIPAR and about 36 to 

38 percent reduction in LAI under delay in sowing. The total interception PAR was 

higher in timely sown crop compared to late sown. It may be due to longer crop duration 

and higher LAI . Similar observation was found by Pradhan et al., 2018. The days 

required for attaining peak LAI occured early with delay in sowing, which may be due to 

the presence of low temperature, less amount of solar radiation throughout the vegetative 

stage and terminal heat stress during the reproductive stage, which causes faster leaf area 

development with a lower value. Thermal stress is responsible for retarding crop growth 

(Jones et al., 1980), underdevelopment of cells and tissues (Mccrec and Davis, 1974), and 

less photosynthesis (Oppenheimer, 1960). These results are comparable with Sani et al. 

(2008), Cossani et al. (2012), and Umburanas et al. (2019) for maize, wheat, and 

soybean, respectively. The light extinction coefficient varied by 0.13 with delayed in 

sowing of mustard. The increase in light extinction coefficient may be due to the 

modification in canopy toward planophiles, resulting in less radiation interception. 

Above-ground biomass varied for mustard cultivars with dates of sowing. The 

decrease in above-ground biomass of mustard under very late sown conditions may be 

due to the shorter duration of reproductive crop growth. The shorter duration of the crop 

growth period provides an insufficient period for transporting the photosynthate to sink. 

The reduced biomass production in late and very late sown crops may be due to the 

unfavorable environmental conditions that prevailed at the reproductive and maturity 
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stages. There is about a 25 to 30 percent reduction in above-ground biomass due to delay 

in sowing. Above-ground biomass has a linear relationship with the crop LAI (Vashisth 

et al. 2011). The reduction in above-ground biomass with delayed sowing from 

recommended time was reported for mustard (Pradhan et al., 2018), for wheat (Rane et 

al., 2007 and Sehgal et al., 2018) for maize (Kar and Kumar, 2015), for soybean 

(Umburanas et. al., 2019) and for cotton (Prakash et al.,2010). 

The results reported that seed yield is reduced by 44 to 50 percent, oil content is 

reduced by 3 to 4 percent and harvest index (HI) is reduced by 5 to 6 percent with the 

delayed of sowing date in mustard. All varieties of timely sown crops had higher seed 

yield than late sown and very late sown crops. High temperature during the flowering and 

pod formation stage for late sown crops reduced the dry matter accumulation into the 

seed, shorten the pod formation period and reduced the seed yield. Pradhan et al. (2014) 

observed the significant interaction between the date of sowing and cultivars with respect 

to seed yield of mustard and found about 45 % reduction in mustard seed yield for late 

sown crop. A similar type of results were obtained by Kumar et al. (2008) for soybean 

crop, Prakash et al. (2010) for cotton crop, and Roy et al. (2005) for mustard crop. 

The seed oil content is an inherent characteristic of a cultivar but showed 

variation under different environmental conditions, which can be modify by sowing on 

different dates. Kumar et al. (2017) reported that a certain ambient temperature should be 

required for oil accumulation in an oilseed crop. This result is supported by (Pritchard et. 

al., 2000; Ozer, 2003; Turhan et. al., 2011; Adak et. al., 2011a). Harvest index reduced 

with delay in sowing due to more reduction in seed yield than the above-ground biomass. 

Reduction in harvest index for very late sown crop is supported by (Panda et. al,.2004; 

Lallu et. al.,2010; Afroz et. al., 2011). 

Radiation use efficiency enhanced, with increased production of biomass and seed 

yield, and decreased in total intercepted PAR. The RUE was significantly reduced in late 

sown mustard crops. There was about 15 percent reduction in RUE based on biomass and 

38 percent reduction in RUE based on seed yield for the very late sown crop as compared 

to timely sown crop. This might be due to the reduction in seed yield and above-ground 

biomass with delay in sowing. Also delay in sowing reduced leaf area index, which 

affects the interception of PAR and reduction in photosynthesis. Giunta and Motzo, 2004 
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revealed that the staggered date for crop sown generally affects the biophysical 

parameters of the crop, canopy coverage, and radiation utilization. These findings are in 

conformity with the results reported by (Li et al., 2008a; Han et al., 2008 and Pradhan et 

al.,2014). 

Water productivity depend on biomass production or seed yield and seasonal 

evapotranspiration (ET). There was 12 percent reduction in ET in the late sown crop 

because of shorter crop duration and less LAI. The reduction in water productivity is 

mainly due to reduction in seed yield and biomass without reduction in seasonal 

evapotranspiration, resulted the positive correlation of water productivity with seed yield 

and above-ground biomass. Field studies of water productivity and radiation use 

efficiency are challenging due to the lack of simple measurement techniques and the 

complexity of the traits (Narayanan et al., 2013; Hall et al., 1990; Sinclair and Muchow, 

1999). The results were supported by Pradhan et al., 2014 for the mustard crop.  

The LAI, above-ground biomass, seed yield, oil content, RUE and WP during 

Rabi 2017-18, were higher compared to Rabi 2016-17. This might be due to more 

favourable weather conditions during Rabi 2017-18 than during Rabi 2016-17 

experimental years. The minimum temperature during the reproductive stage was high in 

Rabi 2016-17 as compared to Rabi 2017-18. This indicates that minimum temperature 

during the reproductive stage affect the crop seed yield. Higher temperature during the 

vegetative phase and lower temperature during the reproductive phase plays a significant 

role in better crop growth and development (Hatfield, 2008). Nishad, (2017) reported that 

the reduction in biomass, seed yield, and harvest index was 115.5 g, 447 kg ha-1and 3.25 

% as per one degree rise in minimum temperate during reproductive phase. Pusa Tarak 

showed the lowest seed yield, biomass, and LAI due to its short duration growing 

property among all cultivars. 

The InfoCrop mustard model is calibrated and validated to study the impact of 

high temperature on crop growth, biophysical parameters, and seed yield in the 

experimental field as well as in the farmer’s field . The temperature stress was generated 

by the delayed sowing of mustard crops in different areas. This study showed excellent 

simulation for germination, 50 percent anthesis, and physiological maturity with 

InfoCrop mustard model having nRMSE value less than 10 %. A good agreement was 
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found for LAI, seed yield, and biomass at the experimental field of IARI, New Delhi. The 

simulation accuracy was more for timely sown crop than delayed sown crop. This might 

be due to the InfoCrop mustard model being calibrated for timely sown crop, which leads 

to a high degree of uncertainty about weather variability on biophysical parameters and 

their variability. This has been supported by (Adak et al. 2009; Boomiraj et al. 2010; 

Keerthi et al. 2017; Gill et al. 2016). Several other researchers successfully adapted, 

calibrated, and validated the InfoCrop simulation model for different crops in different 

regions, rice (Aggarwal et al., 2006b), wheat (Aggarwal et al., 2006b), potato (Singh et 

al., 2005), cotton (Hebbar et al., 2008), and coconut (Kumar et al., 2008). Krishnan et al. 

(2016) evaluated the web-based InfoCrop wheat model for wheat growth and 

development, and its performance was found to be satisfactory. 

The InfoCrop-mustard model is also used for multi-stage prediction of biomass 

and seed yield. The InfoCrop-mustard model showed that results of multi-stage in-season 

yield prediction are closer to the observed yield for prediction done at pod filling stage 

than done at 50 percent flowering stage. The mean percent deviation of mustard biomass 

and seed yield prediction by observed yield done at 50 percent flowering stage was 25.77 

and 31 percent , whereas at the pod formation stage was 17.4 and 20.0, respectively. This 

indicates better performance of the model at the pod formation stage. This may be due to 

the more data used for prediction done at the pod formation stage as compared to 

prediction done at 50 percent flowering stage. The InfoCrop-mustard model 

overestimated the mustard prediction. Several researchers confirmed our findings on 

different crops such as CERES-wheat model by Bannayan et al.(2003); CERES-maize by 

Quiring et al. (2008); AquaCrop-maize model by Kipkorir et al. (2007); InfoCrop-maize 

Maize by Vashisth et al (2018); InfoCrop-wheat Wheat by Vashisth et al (2019). 

The value of nRMSE increased by 5-7 % for seed yield, 3-5 % for biomass, and 

6-8 % for LAI when we simulate the InfoCrop mustard model in farmer’s fields located 

at Sitara and Mukundpura villages of Bharatpur District, Rajasthan. In comparison to 

experimental fields, the situation of farmer’s fields is more challenging owing to large-

scale variability in sowing conditions, diversity in management practices, and 

unavailability of precise measurements. Dhakar et al. (2019) successfully validated 

InfoCrop-wheat model under varied conditions in farmer’s fields located in Mumtajpur 
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and Lokra villages of Haryana. All previous studies on evaluating the InfoCrop model 

were in the experimental research field and very few at the farmer's field. This study 

clearly shows that the InfoCrop-mustard model is very suitable for simulating mustard 

yield at farmer’s field of the study areas.  

Mustard yield prediction is done using variable selection by SMLR or variable 

extraction by PCA and ANN, SVM and RF (SMLR-ANN, SMLR-SVM, SMLR-RF, 

PCA-ANN, PCA-SVM and PCA-RF) techniques for all six study areas. The PCA-SVM 

and PCA-ANN is highly effective with good nRMSE values rather than the SMLR- SVM 

and SMLR-ANN. SMLR-RF performed better than PCA-RF. The variable selection and 

variable extraction techniques were used to prevent overfitting and reduce model 

complexity. There is no elimination of input variables in the feature extraction technique, 

whereas feature selection tries to eliminate less relevant input variables, thereby 

decreasing the complexity of the model. Variable extraction techniques empower us to 

determine if a combination of the original features can generate new features, which are 

more discriminating in the outcome than the original features. Feature selection keeps a 

subset of the original features, while feature extraction creates new ones. The new 

variables developed by PCA are orthogonal, which means that they are uncorrelated to 

each other power to explain the model output. So it is beneficial to use PCA than SMLR 

to find out appropriate input variables in any machine learning technique. Feature 

extraction is useful for improving the performance of regression models, improving the 

stability against noise, avoiding over-fitting, reducing the training and testing time, and 

reducing the measurement and storage requirements. Several researchers used variable 

extraction techniques for crop yield prediction (Azfar et. al., 2015; Annu et. al., 2017, 

Suzuki et. al., 2020). However Jolliffe (1982) predicted good results by feature selection-

based machine learning techniques. 

Based on model accuracy parameters, MAE, nMAE, RMSE, nRMSE, and RPD, 

the SVM performed better than ANN and RF either based on variable selection or 

variable extraction for mustard yield prediction of study areas. It may be due to the use of 

the radial basis function or polynomial kernels function in the SVM technique, so it has 

more flexibility over ANN and RF techniques. Additionally, ANN is more easily 

influenced by the minimum value of output than SVM. Random Forests needs a larger 
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number of instances to work its randomization concept well and generalize to the novel 

data. More decision trees in a forest are needed to develop a robust prediction model. The 

value ntree and mtry decide the number of variables randomly sampled at each split. PCA 

is the linear combination of input variables. PCA explain about 99 percent variability, 

which are used as explanatory variables in the model and model parameters. Apart from 

that, we use more input variables selected from variable selection techniques to explain 

variability explanatory variables for crop yield prediction. The least performance of PCA-

RF as compared to others is might be due to less value of ntree and mtry for building a 

model. Thus it is recommended that if you have a small amount of input variables 

compared to possible variations of the instances then you should avoid the RF technique. 

Azfar et al., (2014) found prediction accuracy in terms of RMSE and R2 values by SVM 

techniques was better than ANN and RF. Ahmad (2017) noticed that ANN performed 

marginally better than RF to predict the energy consumption of construction in terms of 

RMSE of 4.97 and 6.10, respectively. Palanivel and Surianarayanan (2019) reviewed 

several types of machine learning techniques, linear regression, artificial neural networks, 

and support vector machine and found that crop prediction done by SVM model was 

better as compared to other models. Song et al. (2011) recommended that the optimal 

combination of different crop yield prediction models is a more reliable approach to 

overdrawing the limitation of individual approaches at regional scales. The study showed 

that among all possible combinations done by PCA-ANN, PCA-SVM and PCA-RF for 

predicting mustard yield, PCA(SVM +ANN) is more accurate than others for IARI, New 

Delhi and all five zones of Rajasthan. Whereas, SMLR(SVM +RF) predict better mustard 

yield for IARI, New Delhi and study zones of Rajasthan as compared to all other possible 

combinations done by SMLR-ANN, SMLR-SVM and SMLR-RF. This may be due to the 

more variables available by feature selection for decision tree making. Hsiao and Wan 

(2013) concluded that a combination of different prediction models can develop a more 

reliable prediction model to overdrawn the limitation of each model. 
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6.Summary and Conclusions 

Accurate and timely crop yields prediction is required for crop management, food 

supply, strategic resource mobilization, trading, import, export, insurance, financial 

decision, etc. Conventionally, the crop yield estimation is based on nationwide crop-

cutting experiments, the results are aggregated at various administrative units, but these 

estimates come after the harvest. Several researchers developed prediction models based 

on statistical techniques by time series data. However, time series data are often non-

linear and irregular. Machine-learning techniques have been used to overcome the 

problems of prediction by non-linear and non-stationary time series datasets. Another tool 

for crop yield predictions is crop simulation models used to monitor crop growth and 

estimate yields using soil, plant and climatic variables.  

For mustard yield prediction by machine learning and crop simulation models, an 

experiment was conducted during Rabi 2016-17 and 2017-18 for a mustard crop at 

ICAR-IARI, New Delhi research farm. Three varieties of mustard, RH-406, Pusa Tarak 

and Girraj were sown on three different dates (timely, late and very late) to generate 

different weather conditions during different growth stages. Periodic observations of crop 

phenology, leaf area index, biomass, IPAR and soil moisture content were done at fifteen 

days interval. Seed yield, oil content and harvest index were measured after harvest. The 

InfoCrop model was calibrated from the observation taken from Rabi 2016-17 sown 

mustard crop and model validation was done from the observation taken during Rabi 

2017-18 for the same variety sown under the same treatment. Simulation of phenology, 

LAI, above-ground biomass and seed yield for RH-406, Pusa Tarak and Girraj cultivars 

of mustard sown at the IARI research farm were done by InfoCrop model. Twenty 

farmers were selected from Mukundpura and Sitara villages of Bharatpur district to 

validate the InfoCrop-mustard model at the farmer's field. Simulation of LAI, biomass 

and seed yield for RH-406 and Girraj cultivars of mustard in the farmer's field were done 

by the InfoCrop model. Multistage mustard yield predictions were done by InfoCrop 

model during Rabi 2017-18 at 50 percent flowering and at pod formation stages. For the 

development of mustard yield prediction models by machine learning techniques, long 

term weather and mustard yield data were collected from IARI, New Delhi and five 
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zones of Rajasthan. The models for mustard yield prediction were developed; 1) using 

variable selection by SMLR and ANN (SMLR-ANN), variable selection by SMLR and 

SVM (SMLR-SVM), and variable selection by SMLR and RF (SMLR-RF) techniques, 2) 

variable extraction using PCA and ANN (PCA-ANN), variable extraction using PCA and 

SVM (PCA-SVM), and variable extraction using PCA and RF (PCA-RF) techniques, 3) 

optimal combination of SMLR-ANN, SMLR-SVM and SMLR-RF, and 4) optimal 

combination of PCA-ANN, PCA-SVM and PCA-RF. The salient findings of our study 

are given below. 

 There were more rainfall and a high minimum relative humidity during Rabi 

2016-17 than during Rabi 2017-18. The temperature pattern shows a decreasing 

trend from sowing upto 1st SMW and, after that shows an increasing trend. The 

minimum temperature was more during Rabi 2016-17 than during Rabi 2017-18. 

 Among all the cultivars sown on different dates, crop growing period for Pusa 

Tarak is shortest. 

 More days were required to obtain 50 percent flowering for all the cultivars in 

delayed sowing because of low values of maximum and minimum temperatures 

during that period.  

 With delay in sowing crop duration of all the cultivars was less due to increase in 

temperature during pod formation stage. 

 

 The peak value of LAI attained at 85-90, 78-83 and 72-79 days after sowing in the 

timely, late and very late sown crop, respectively for RH-406 and Girraj in both 

years. In case of Pusa Tarak, the peak LAI value varied from 80 to 65 days in the 

timely, late and very late sown crop, respectively in both the years.  

 

 RUE decreased with delay in sowing. Pusa Tarak is a short duration cultivars 

having lowest value of TIPAR as compared to other two cultivars hence, Pusa 

Tarak showed the highest RUE among all cultivars, whereas it had the lowest 

yield and biomass. RUE showed non-significant results based on yield and 

significant results based on biomass. 
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 In the timely sown crop during Rabi 2016-17, cultivars RH-406 showed the 

highest biomass, fIPAR and peak LAI. Similar, results were found during Rabi 

2017-18. The peak value of fIPAR and LAI occurred early in delayed sown 

crops.. 

 

 Change in the growing thermal environment due to delay in sowing reduced LAI, 

radiation interception, biomass, seed yield, radiation use efficiency and harvest 

index. 

 

 RH-406 had better crop growth and seed yield among all three cultivars sown on 

all three dates. 

 

 The weather condition during Rabi 2017-18 was more favorable to accomplishing 

more LAI compared to weather condition during Rabi 2016-17 for all dates of 

sowing. The date and peak value of LAI occurred early in late sown crop, 

indicating that the terminal heat stress caused faster development of leaf area with 

low value. 

 

 The mustard sowing dates at farmer’s field were between 10th October, 2017 

(timely sown) and 25th October, 2017 (late sown) which, affects the crop yield 

and biomass of Sitara and Mukundpura villages of Bharatpur district, Rajasthan. 

 

 Better accuracy in simulation of phenology by Info-Crop may be attributed to that 

model accounting for the effect of the date of sowing on thermal time 

accumulation. 

 

 Simulation of above-ground biomass and seed yield for different treatments by 

InfoCrop model was good with nRMSE value less than 15%. Percentage 

deviation of simulated above-ground biomass and grain yield from observed value 

were highest in very late sown crop during both the years. 

 

 The peak values of LAI at Mukundpura and Sitara villages in the farmer's field 

during Rabi 2017-18 were overestimated by the InfoCrop-mustard model. Model 
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performance for LAI simulation at the farmer's field was fair, with nRMSE value 

less than 22.1 %. 

 

 Biomass simulation for cultivars RH-406 and Girraj at Mukundpura and Sitara 

villages in the farmer's field during Rabi 2017-18 by the InfoCrop-mustard model 

were good, with nRMSE value less than 20 %. 

 

 InfoCrop-mustard model performed better for simulating seed yield than above-

ground biomass and LAI at farmer's fields. nRMSE value during simulation of 

seed yield were 17.1 and 18.1 % for RH-406 and Girraj, respectively. 

 

 InfoCrop-mustard model was able to simulate growth, development and yield of 

mustard crop. The model overestimates within a reasonable error at the 

experimental farm, IARI, New Delhi and with a larger error at the farmer’s field 

as compared to experimental farm, IARI, New Delhi. 

 

 The biomass prediction of mustard done by InfoCrop at the pod formation stage 

was good having nRMSE value between 15.7 to 18.6 % and fair at the 50 % 

flowering stage having nRMSE value between 23.1 to 27.6 %. 

 

 The percentage deviation of predicted mustard yield by InfoCrop at the pod 

formation stage from observed yield was lower than the predicted mustard yield 

done at the 50 percent flowering stage. 

 

 The multi-stage prediction done by the InfoCrop-mustard model for biomass and 

seed yield was better for timely sown crop at the pod formation stage than the 50 

percent flowering stage. 

 

 The PCA-SVM model performed best among all the six models (SMLR-ANN, 

SMLR-SVM, SMLR-RF, PCA-ANN, PCA-SVM and PCA-RF) developed for 

mustard yield prediction for all six study areas. 
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 Based on model accuracy parameters, performance of the models developed by 

SMLR-ANN, SMLR-SVM, SMLR-RF and optimum combination of these three 

models, optimum combination performed better than the individual. Optimum 

combination of SMLR(ANN+SVM+RF) performed best for IARI, New Delhi and 

Zone V, optimum combination of SMLR(ANN +SVM) performed best for Zone 

II, and optimum combination of SMLR(SVM +RF) performed best for Zone I, 

Zone III, Zone IV of study area. 

 

 On the basis of model accuracy parameters, performance of the models developed 

by PCA-ANN, PCA-SVM, PCA-RF and optimum combination of these three 

models, optimum combination performed better than the individual for all the 

study area except for Zone III and Zone V individual model SVM performed 

better than optimum combination. Optimum combination of PCA(ANN+SVM) 

performed best for all the study area except for Zone V, where optimum 

combination of PCA(ANN+SVM+RF) performed best for mustard yield 

prediction. 

 

 By comparing the performance on the basis of model accuracy parameters, 

models developed either by variable selection by SMLR or variable extraction by 

PCA, model developed by variable extraction by PCA performed better than 

model developed by variable selection by SMLR. 
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Mustard yield prediction by machine learning and crop simulation models 

Abstract 

Accurate and timely prediction of crop yields is necessary for crop management 

and planning decisions of the government regarding storage, import, export, etc. For 

mustard yield prediction by machine learning and simulation models, experiments were 

conducted during Rabi 2016-17 and 2017-18 at ICAR-IARI, New Delhi research farm. 

Three cultivars of mustard, RH-406, Pusa Tarak and Girraj were sown on three different 

dates. Periodic observations on crop phenology, leaf area index, above-ground biomass, 

fIPAR and soil moisture content were done at fifteen days interval. Seed yield, oil content 

and harvest index were measured after harvest. InfoCrop model was calibrated from the 

field observations taken during Rabi 2016-17 sown mustard crop of the same variety 

under the same treatment. Model validation was done from the observation taken during 

Rabi 2017-18 sown crops under similar treatments. Simulations of phenology, LAI, 

biomass and seed yield were done by InfoCrop-mustard model for RH-406, Pusa Tarak 

and Girraj cultivars sown at ICAR-IARI, New Delhi research farm. InfoCrop-mustard 

model was validated at farmer’s field selected from Mukundpura and Sitara villages, 

Bharatpur district, Rajasthan. Simulation of LAI, biomass and seed yield for RH-406 and 

Girraj cultivars at farmer's field were done by InfoCrop model. Mustard above-ground 

biomass and seed yield prediction were done at 50 percent flowering and pod formation 

stages by InfoCrop model during Rabi 2017-18. For the development of models by 

machine learning techniques, long-term weather and mustard yield data were collected 

from IARI, New Delhi and five zones of Rajasthan. The Models were developed for 

mustard yield prediction using variable selection by SMLR and ANN (SMLR-ANN), 

variable selection by SMLR and SVM (SMLR-SVM), variable selection by SMLR and 

RF (SMLR-RF) techniques, variable extraction by PCA and ANN (PCA-ANN), variable 

extraction by PCA and SVM (PCA-SVM), and variable extraction by PCA and RF 

(PCA-RF) techniques. Optimal combinations of developed model were done on the basis 

of weights to minimize the error in the crop yield prediction. 

Results showed that because of favorable weather conditions during different 

phenological stages, timely sown crops had higher values of LAI, above-ground biomass, 

RUE and seed yield, followed by late sown and very late sown crops. Change in the crop 
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growing thermal environment due to delay in sowing reduced LAI, radiation interception, 

biomass, seed yield, radiation use efficiency and harvest index. Among all three cultivars, 

RH 406 is giving better crop growth and seed yield with respect to all dates of sowing. 

Pusa Tarak is a short-duration variety among all cultivars. The weather conditions during 

Rabi 2017-18 was more favorable for better crop growth and yield as compared with 

during Rabi 2016-17 for all three dates of sowing. 

The variations in sowing dates were found at farmer’s field which affected the 

crop yield and above-ground biomass of Sitara and Mukundpura village of Bharatpur, 

Rajasthan. Better accuracy in the simulation of phenology by InfoCrop may be attributed 

to that model accounting for the effect of the date of sowing. Simulation of above-ground 

biomass and seed yield by InfoCrop model was good with nRMSE value less than 15 %. 

The percent deviation from observed biomass and seed yield was highest in late sown 

crop during both the years. Model predictions at the farmer's field for cultivar RH-406 

and Girraj during Rabi 2017-18 for LAI simulations were fair with nRMSE value less 

than 22.1 %, and for biomass, simulations were good with nRMSE value less than 20 %. 

The nRMSE value of model simulation for seed yield at farmer’s field was 17.1 % for 

RH-406 and 18.1 % for Girraj, respectively. The percentage deviation of mustard yield 

prediction by observed yield done by InfoCrop at the pod formation stage was lower than 

that done at 50 percent flowering stage and also lower for timely sown crop, followed by 

late and very late sown crop.  

The models developed either by variable selection by SMLR or variable 

extraction by PCA and using ANN, SVM, RF techniques; SVM model performed best 

for mustard yield prediction for all the six study areas. Among all six models, PCA-SVM 

performed best for all the study areas. Performance of the model developed by SMLR-

ANN, SMLR-SVM, SMLR-RF techniques and optimum combination of these three 

models, an optimum combination performed better than the individual. An optimum 

combination of SMLR(ANN+SVM+RF) performed best for Delhi and Zone V, 

SMLR(ANN +SVM) performed best for Zone II and SMLR(SVM +RF) performed best 

for Zone I, Zone III and Zone IV of study areas.  

Performance of the model developed by PCA-ANN, PCA-SVM, PCA-RF 

techniques and optimum combination of these three models, optimum combination 
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performed better than the individual for all the study area except for Zone III and Zone V 

individual model SVM performed better than optimum combination. The optimum 

combination of PCA(ANN+SVM) performed best for all the study areas except for Zone 

V optimum combination of PCA(ANN+SVM+RF), performed best for mustard yield 

prediction. By comparing the performance on the basis of model accuracy parameters, 

models developed either by variable selection by SMLR or variable extraction by PCA, 

model developed by variable extraction by PCA performed better than model developed 

by variable selection by SMLR hence, can be used for district level mustard yield 

prediction. 
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 मशीन लर्निंग और फसल र्समुलेशन मॉडल द्वारा सरस ों की उपज का अनुमान 

सार 

फसल प्रबोंधन, भोंडारण, आयात, र्नयाात आर्ि के सोंबोंध में सरकार के र्नय जन र्नणाय ों के 

र्लए फसल की पैिावार का सटीक और समय पर पूवाानुमान आवश्यक है। मशीन लर्निंग और 

फसल र्समुलेशन मॉडल द्वारा सरस ों की उपज का अनुमान के र्लए, रबी 2016-17 और 2017-18 

के िौरान भा.कृ.अनु.स., नई र्िल्ली के अनुसोंधान फामा में एक प्रय ग र्कया गया । सरस ों की तीन 

र्कस्में आरएच-406, पूसा तारक और र्गरराज क  तीन अलग-अलग समय पर ब या गया। फसल 

चरण, पत्ती के्षत्रफल सूचकाोंक, बाय मास, एफआईपीएआर और र्मट्टी की नमी पर आवर्धक 

अवल कन 15 र्िन के अोंतराल पर र्कया गया । फसल के बाि बीज उपज, तेल की मात्रा और 

फसल सूचकाोंक क  मापा गया। इोंफ क्रॉप मॉडल क  रबी 2016-17 में ब ई गई सरस ों की र्कस्म ों 

के अवल कन से अोंशाोंर्कत र्कया गया था। मॉडल सत्यापन रबी 2017-18 के िौरान ब ई गई 

सरस ों की र्कस्म ों के अवल कन से र्कया गया । भा.कृ.अनु.स., नई र्िल्ली के अनुसोंधान फामा में 

ब ए गए आरएच-406, पी. तारक और र्गरराज के र्लए इन्फ क्रॉप-सरस ों मॉडल द्वारा फेन लॉजी, 

पत्ती के्षत्रफल सूचकाोंक, बाय मास और बीज उपज का अनुकरण र्कया गया। भरतपुर र्जले के 

मुकुों िपुरा एवों सतारा गाोंव से चयर्नत र्कसान के खेत में इन्फ क्रॉप-सरस ों मॉडल का सत्यापन 

र्कया गया। पत्ती के्षत्रफल सूचकाोंक, बाय मास और बीज उपज का अनुकरण आरएच-406 और 

र्गरराज के र्लए इन्फ क्रॉप द्वारा र्कसान के खेत में र्कया गया। रबी 2017-18 के िौरान इोंफ क्रॉप 

मॉडल द्वारा 50 प्रर्तशत फूल और अनाज भरने के चरण में जमीन के ऊपर बाय मास और बीज 

उपज का पूवाानुमान लगाया गया । अनुभवजन्य मॉडल के र्वकास के र्लए, भा.कृ.अनु.स., नई 

र्िल्ली और राजस्थान राज्य के पाोंच के्षत्र ों से िीर्ाकार्लक मौसम और सरस ों की उपज के आोंकडे 

एकत्र र्कए गए । एसएमएलआर द्वारा पररवतानीय चयन और एएनएन, एसवीएम, आरएफ 

तकनीक ों, पीसीए द्वारा पररवतानीय र्नष्कर्ाण और एएनएन, एसवीएम, आरएफ तकनीक ों द्वारा 

सरस ों की उपज के पूवाानुमान के र्लए मॉडल र्वकर्सत र्कए गए | फसल उपज के पूवाानुमान में 

तु्रर्ट क  कम करने के र्लए वजन के आधार पर र्वकर्सत मॉडल का इष्टतम सोंय जन र्कया गया । 

पररणाम ों से पता चला र्क र्वर्भन्न फीन लॉर्जकल चरण ों के िौरान अनुकूल मौसम की 

स्स्थर्त के कारण, समय पर ब ई गई फसल ों में पत्ती के्षत्रफल सूचकाोंक, बाय मास, र्वर्करण उपय ग 
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िक्षता और अनाज की उपज अर्धक , इसके बाि िेर से ब ई गई और बहुत िेर से ब ई गई फसल ों 

में पाया गया। फली बनने की अवस्था के िौरान तापमान और पानी की कमी के कारण सभी र्कस्म ों 

में िेर से ब ई गई फसल की अवर्ध कम पायी गयी । बुवाई में िेरी के कारण बढ़ते गमा वातावरण 

के कारण पत्ती के्षत्रफल सूचकाोंक, र्वर्करण अवर धन, बाय मास और बीज उपज में कमी पायी 

गयी, र्जसके पररणामस्वरूप र्वर्करण उपय ग िक्षता और फसल सूचकाोंक में कमी पायी गयी । 

तीन ों र्कस्म ों में बुवाई की सभी र्तर्थय ों में आरएच 406 में बेहतर फसल वृस्ि और बीज उपज पाया 

गया। तीन ों र्कस्म ों में पूसा तारक एक छ टी अवर्ध की र्कस्म है। रबी 2017-18 के िौरान 

मौसम की स्स्थर्त बुवाई की तीन ों र्तर्थय ों के र्लए रबी 2016-17 की तुलना में बेहतर 

फसल वृस्ि और उपज के र्लए अर्धक अनुकूल थी। राजस्थान के भरतपुर र्जले के सतारा 

और मुकुों िपुरा गाोंव में र्कसान ों के खेत में बुवाई की तारीख में र्भन्नता पाई गई, र्जसने फसल की 

उपज और जमीन के ऊपर के बाय मास क  प्रभार्वत र्कया। इन्फ क्रॉप द्वारा फेन लॉजी के 

अनुकरण में बेहतर सटीकता के र्लए इस मॉडल क  बुवाई की तारीख के प्रभाव का लेखाोंकन के 

र्लए र्जमे्मिार ठहराया जा सकता है। इोंफ क्रॉप मॉडल द्वारा जमीन के ऊपर बाय मास और बीज 

उपज का अनुकरण एनआरएमएसई मूल्य 15% से कम के साथ अच्छा था। ि न ों वर्ों के िौरान िेर 

से ब ई गई फसल में िेखे गए बाय मास और बीज उपज में प्रर्तशत र्वचलन सबसे 

अर्धक था। पत्ती के्षत्रफल सूचकाोंक र्समुलेशन के र्लए रबी 2017-18 के िौरान र्कसान 

के खेत में आरएच -406 और र्गरराज के र्लए मॉडल पूवाानुमान 22.1% से कम 

एनआरएमएसई मूल्य के साथ उर्चत थी और बाय मास र्समुलेशन के र्लए एनआरएमएसई मूल्य 

20% से कम के साथ अच्छा था। र्कसान के खेत में बीज उपज के र्लए मॉडल र्समुलेशन का 

एनआरएमएसई मूल्य क्रमशः आरएच-406 के र्लए 17.1 और र्गरराज के र्लए 18.1 था। 

इोंफ क्रॉप द्वारा अनाज भरने के चरण में पे्रर्क्षत उपज के आधार पर सरस ों की उपज के पूवाानुमान 

का प्रर्तशत र्वचलन 50 प्रर्तशत फूल चरण में र्कए गए पूवाानुमान से कम था और समय से ब ई 

गई फसल में सबसे कम उसके बाि िेर से और बहुत िेर से ब ई गई फसल में पाया गया । 

मॉडल चाहे एसएमएलआर द्वारा पररवतानीय चयन और एएनएन, एसवीएम, आरएफ 

तकनीक ों का उपय ग करके र्वकर्सत र्कया गया ह  या पीसीए द्वारा पररवतानीय र्नष्कर्ाण और 

एएनएन, एसवीएम, आरएफ तकनीक ों का उपय ग करके र्वकर्सत र्कया गया ह , एसवीएम मॉडल 
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ने सभी छह अध्ययन के्षत्र ों के र्लए सरस ों की उपज पूवाानुमान के र्लए सवाशे्रष्ठ पाया गया। सभी छह 

मॉडल ों में से, पीसीए-एसवीएम सभी अध्ययन के्षत्र ों के र्लए सवाशे्रष्ठ पाया गया।  

एसएमएलआर-एएनएन, एसएमएलआर-एसवीएम, एसएमएलआर-आरएफ तकनीक ों 

द्वारा र्वकर्सत मॉडल और इन तीन मॉडल ों का इष्टतम सोंय जन में से, इष्टतम सोंय जन 

मॉडल अकेले मॉडल की तुलना में बेहतर पाया गया। एसएमएलआर 

(एएनएन+एसवीएम+आरएफ) इष्टतम सोंय जन र्िल्ली और ज न V अध्ययन के्षत्र ों के 

र्लए सवाशे्रष्ठ पाया गया, एसएमएलआर (एएनएन + एसवीएम) ज न II अध्ययन के्षत्र के 

र्लए सवाशे्रष्ठ पाया गया और एसएमएलआर (एसवीएम +आरएफ) ज न I, ज न III और 

ज न IV अध्ययन के्षत्र ों के र्लए सवाशे्रष्ठ पाया गया ।  

पीसीए-एएनएन, पीसीए-एसवीएम, पीसीए-आरएफ तकनीक ों और इन तीन मॉडल ों 

का इष्टतम सोंय जन द्वारा र्वकर्सत मॉडल में से इष्टतम सोंय जन मॉडल ज न III और 

ज न V अध्ययन के्षत्र ों क  छ डकर सभी अध्ययन के्षत्र ों के र्लए अकेले मॉडल की 

तुलना में बेहतर पाया गया। ज न III और ज न V अध्ययन के्षत्र ों के र्लए इष्टतम सोंय जन 

की तुलना में एसवीएम मॉडल बेहतर पाया गया। सरस ों की उपज के पूवाानुमान के र्लए 

पीसीए (एएनएन+एसवीएम) इष्टतम सोंय जन ज न V अध्ययन के्षत्र क  छ डकर सभी 

अध्ययन के्षत्र ों के र्लए सवाशे्रष्ठ पाया गया। ज न V अध्ययन के्षत्र के र्लए पीसीए 

(एएनएन+एसवीएम+आरएफ) इष्टतम सोंय जन सवाशे्रष्ठ पाया गया । मॉडल सटीकता 

मापिोंड ों के आधार पर एसएमएलआर द्वारा पररवतानीय चयन या पीसीए द्वारा पररवतानीय 

र्नष्कर्ाण द्वारा र्वकर्सत मॉडल के प्रिशान की तुलना करने पर पीसीए द्वारा पररवतानीय 

र्नष्कर्ाण द्वारा र्वकर्सत मॉडल, एसएमएलआर द्वारा पररवतानीय चयन द्वारा र्वकर्सत 

मॉडल की तुलना में बेहतर पाये गये इसर्लए इनका उपय ग र्जला स्तर पर सरस ों की 

उपज का पूवाानुमान के र्लए र्कया जा सकता है।  
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