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Abstract: Biomass plays an important role in crop growth and yield formation. The study of 

biomass has been expanded to remote sensing sphere, which provides more ways to the obtainment 

of crop biomass. To carry out the study of winter wheat biomass estimation model, the field 

experiments were conducted at Rougu test area and Wugong test area, Shanxi Province in the 

cropping season 2013-2014. The biomass estimation model was based on the Time-Integrated Value 

of NDVI (TINDVI) and Leaf Water Content Index (LWCI), which was used to predict the winter 

wheat biomass. And the model was validated with the ground measured biomass. The results 

showed that the determination coefficient (R2) and root mean square error (RMSE) between the 

measured and the estimated biomass were 0.7949 and 2.689 t/ha, respectively. The estimated 

biomass was exactly similar to the field measured biomass, therefore this model had a good 

application prospect. 

Key words: winter wheat; biomass; hyperspectral remote sensing; TINDVI; LWCI 

1 Introduction 

The information of crop growing and health condition is essential to the optimization of crop 

production
[1]

. Biomass is an important indicator of crop condition monitoring
[2]

. The quantity of 

biomass affects the grain yield directly
[3]

. Many methods can be used to monitor crop biomass, 

including the estimation of remote sensing information, the prediction of crop model based on remote 

sensing and so on. 

In recent years, a large number of scholars build numerous regression models of biomass 

estimation with the correlativity between remote sensing information and measured biomass, which 

have proved that the agronomy parameters just like Biomass and Leaf N could be evaluated. He Cheng 

used three kinds of data, the Thematic Mapper data, the 30 meters Digital Elevation Model data and 

field observation data, to get the functional relation which was possibly applied between vegetation 

biomass and remote sensing image information
[4]

. Liu Ming used ten spectral vegetation indices to 

estimate the LAI and biomass, and the consequences indicated that the correlations between ten 

vegetation indices and LAI, aboveground biomass were significant, thus using vegetation indexes to 

inverse LAI and aboveground biomass was feasible
[5]

. Gao Shuai designed the microwave and optical 

remote sensing integrated vegetation indexes with the RADARSAT-2 and HJ-1 data, and the results 

showed that compared with original methods, these vegetation indexes had a better evaluating 

performance with the structure parameters just like maize LAI, height and biomass
[6]

. Calera et al 

monitored the growth of corn and barley by applied remote sensing data, and the results showed that 
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the value of TINDVI was linearly related to dry biomass
[7]

. With the purpose of establishing a 

spatial-temporal model for future TINDVI, Andreas Westergaard-Nielsen combined TINDVI and 

observed temperatures with a downscaled regional climate model (HIRHAM5)
[8]

. Hunt mentioned a 

leaf water content index(LWCI) , which was calculated by Landsat near infrared band reflectance and 

shortwave infrared band reflectance, and proved that the leaf water content index had a good 

correlation with the relative water content
[9]

. Daeha Kim mentioned a biomass estimation model, which 

was based on the studies of Calera and Hunt
[10]

. 

Research of remote sensing technology for biomass estimation has been undertaken by many 

predecessors, and they have made corresponding progress, which has made a significant contribution. 

However, most of the estimation models are not universal, and are only suitable for local area, which 

goes against the popularization of these models. Daeha Kim mentioned a biomass model based on the 

value of NDVI and crop information data, but the model was not been validated by the field measured 

biomass. The paper adopts the biomass model of Daeha Kim, and to estimate the biomass collected at 

Rougu test area and Wugong test area with the hyperspectral remote sensing, hoping that the model can 

be applied in different areas.  

2 Site description 

Field experiments were implemented in the Rougu test region and Wugong test region, Shanxi 

Province, China(Fig.1). The test sites are located in central of Shanxi GuanZhong Plain, which is a 

typical arid and semi-arid region. The average temperature of summer is 26.1℃, and the average 

temperature of winter is -1.2℃. The average rainfall of the test sites is 635.1mm. The main crops of the 

two areas are winter wheat and summer maize. Most of the winter wheat is sowed in the middle of 

October, and is harvested in early June. Five times field experiments were carried out and the measured 

agronomy parameters(Table 1) were obtained which included wheat canopy spectra, aboveground 

biomass and yield. The wheat canopy spectra was measured by the America ASD FieldSpec FR 2500 

field spectral radiometer. The aboveground biomass and yield were measured by wheat samples 

obtained from each plot. 

Fig.1 The study area 

 



 

 

 

Table 1 The testing time and growth period of winter wheat in the cropping season 2013-2014 

Testing time Mar05-06 Mar28-29 Apr27 May16-17 Jun10 

Growth 

period 

Returning green stage Jointing stage Heading 

period 

Pustulation 

period 

Mature period 

3 Methods 

3.1Model Description 

Combining the previous researches
[7, 9]

, Daeha Kim
[10]

invented the biomass model which was 

based on TM, ETM and OLI images, and involved the growth of TINDVI and the influence of water 

stress. The core principle of this model is that it translates the value of TINDVI into biomass under 

comprehensively considering the water stress coefficient. The equation for calculating biomass 

production is as follows: 

       ASDB m W TINDVI              (1) 

Where m is conversion coefficient from the value of TINDVI to biomass. W is the water pressure 

coefficient or water pressure factor. BASD is biomass estimated from hyperspectral remote sensing. 

NDVI is the Normal Differential Vegetation Index, which is computed from reflectances of red band 

and near infrared band
[11]

. TINDVI is the Time Integrated Value of NDVI. And it is calculated as: 
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Where t0 is the start time of returning green stage, and t1 is the time when biomass is estimated. 

NDVIsoil is NDVI of bare soil. RED and NIR are red band reflectances and near infrared band 

reflectances, respectively. R890 and R670 are the reflectances of 890th band and 670th band, respectively. 

For dry leaves, the reflectance of shortwave infrared band is almost equal to the reflectance of 

near infrared band
[12-14]

. For green leaves, near infrared band has the maximum reflectance of the six 

Thematic Mapper band, whereas the shortwave infrared band reflectance is reduced because of 

absorption by water
[14, 15]

. So that the difference between the shortwave infrared band reflectance and 

the near infrared band reflectance for the green leaves should be equivalent to the water absorptance in 

the green leaves
[9]

. Absorbance is usually calculated by –log(1-a), where a is the absorptance
[16]

. So that 

the biomass model regards the LWCI as the water pressure coefficient, and the water pressure 

coefficient
[9]

 is defined by NIR and SWIR as: 
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Where SWIR is the reflectance of shortwave infrared band. This study uses the 890th and 1610th 

band reflectances of hyperspectral remote sensing instead of NIR and SWIR. The subscript means that 

the reflectances of these leaves are in the state without water stress. 

The biomass conversion coefficient is associated with the region and the cultivar of winter wheat, 



which is determined by the value of TINDVI and the conservative biomass at mature. The equation of 

biomass conversion coefficient m is as follows: 

 
hB

m
E W TINDVI




)
     (5) 

Where Bh is the conservative biomass at mature, and E［W×TINDVI］ is the average of W×

TINDVI in the region. 

3.2 model verification 

The R
2
 and RMSE were applied to evaluate the biomass estimation results. The more the R

2
 close 

to 1, the more the consistency well. And the more the RMSE close to 0, the more the error small.  

RMSE is calculated based on Eq.(6). 
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4 Results and Discussions 

The estimated winter wheat biomass in the cropping season 2013-2014 was validated with the 

field measured biomass. In the analysis, the R
2
 between estimated biomass and measured biomass in 

the period of Mar05-06, Mar28-29, Apr27 and May16-17 were 0.2836, 0.2042, 0.3412 and 0.1976, 

respectively (Fig.2). The estimated biomass precision was slightly lower in single period. The 

maximum and minimum correlation coefficients were 0.3412 and 0.1976, respectively. The biomass 

estimation precisions were in the range of acceptable precision. 
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Fig.2 The relationship between estimated biomass and measured biomass in the period of Mar05-06(a), 

Mar28-29(b), Apr27(c) and May16-17(d) 

 

The R
2
 and RMSE between the estimated and measured biomass in the whole period of winter 

wheat were 0.7949 and 2.689 t/ha, respectively (Fig.3). The whole period of winter wheat estimated 

biomass had a higher correlation with the measured biomass. 
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Fig.3 The relational graph between estimated biomass and measured biomass in the whole period of winter 

wheat 

 

Thus, the correlations between estimated biomass and measured biomass suggested that this 

biomass estimation model was viable. In this study, the TINDVI and LWCI were applied to estimate 

the biomass of winter wheat, which has more advantages than the biomass regression models. Because 

it can be applied to different areas. Moreover, it combined the former studies by considering both the 

TINDVI growth and the effect of water stress on biomass growth
[10]

. But this model had little 

consideration on rainfall data and irrigation data. Only four biomass tests were carried out in the 

cropping season 2013-2014, which lead to a deviation from the NDVI real situation curve. So that the 

each times single predicted precisions were slightly lower. This model is a new biomass model, thus the 



further research is required to verify and perfect the model. 

5 Conclusion 

This study carried out winter wheat biomass estimation based on a new biomass model through 

hyperspectral remote sensing, and it was verified by the field experimental data from Rougu test area 

and Wugong test area. The estimated wheat biomass had a higher correlation with the field measured 

biomass. Certainly, more field experiments should be carried out. In order to furtherly verify and 

perfect the biomass model, the meteorological data and field management data should also be 

considered. Finally, the model should be applied to remote sensing images. This paper may be valuable 

in guiding further study about crop biomass estimation. 
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