
NPKS Stress in Barley

Michael Nielsen
Aalborg University

Research in remote sensing for surveillance of crops are still confined to simple correlations
between NVDI indexes or faulty estimates of Leaf Area Index and the disease or nutrient deficiency
the given researcher is trying to predict. The trouble is that these methods only estimate whether
something is wrong and if the controlled crops were provoked into having a certain stress it is
obvious that the results are fine.
I will try to model the differences in the symptoms of N, P, K and S deficiency. Lene K. Christensen
found that the symptoms are distinguishable using spectroscopy at tips and bases. I will use 3D
computer vision to extract the data, instead. The symptoms are listed here:

Nutrient Typical Symptoms (all of them result in lower growth rate)

N Lighter green or pale leaves, Steeper leaves, Red bases, symptoms starting at the
bottom

P Red bases. Starting from bottom leaves, darker green at first and then red all over the
leaves. If it is very serious the bottom leaves are yellow. Inhibits number of leaves.

K Starting from the bottom, white-yellow tips, many brown-yellow spots all over the
leaves and in the veins.

S Like N, but when N is not stressed, the symptoms appear on top leaves first.

Table 1 shows the plant experimental setup. The rows were repeated in 2 locations, ie. distribution A
has two rows A1 and A2.

Table 1. Nutrient distribution for experiments A-E,H. kg per hectar 

Row N P K S Stress
A1-2 0 0 0 0 NPKS
B1-2 60 0 60 25 P
C1-2 60 10 0 25 K
D1-2 60 10 60 25 None
E1-2 120 20 120 50 Gluttony
H1-2 60 0 0 0 PKS

Each row was a location, so there were 12 locations in total, and 36 plants.

Three cameras were used for the 3D reconstruction in order to extract leaf area, steepness, and
height information of bases and tips. The cameras were sensitive to infrared light and they were
mounted with filter wheels (Red, Green and narrowband 660 nm, 710 nm, and 770 nm). They were
normalised against light-shading using the sum of the 5 bands. This means that if a green point turns
red, the red component goes up a little (or not at all if the change also result in an intensity
decrease) but the others go down, so the change has to be seen in relation to the others.

The average healthy leaf colour was: 

Red Green 660 nm 710 nm 770 nm

11.07 21.32 9.02 27.3 31.29



In order to predict the symptoms it was necessary to look at bottom tip and base and top tip and
base as a whole. Thus, tip and base points were ranked by height and labelled as top or bottom
leaves (by k-means clustering (k=2)). The 2 topmost and two bottommost tips and bases were
paired as repeated measures for one plant. 

For this preliminary statistical analysis, steepness, area, and normalised -Red, -Green, and -NIR
(770 nm) spectral point measures were investigated. 

Area estimated from the 3D model is correlated with the real area R2 = 0.92.

Steepness is a new measure that has not been used before, so the experiments in this paper will
show the tangibility of this measure. It is approximated with the height of the topmost tip minus the
height of the topmost base divided by the ground plane distance.

Bases and tips were manually segmented. The bases, especially those in the bottom were difficult to
segment from the images, as they were usually occluded. The closest point to the bases were chosen
instead. This yields an insecurity to the label “topmost” and “bottommost” position of the bases.
Furthermore, the topmost tip may not belong to the topmost base, etc.

The data looks like this:

Experiments



The experiments can be divided into two parts. The first part modelled the effect of NPKS stress on
area and steepness. N, P, K, and S were treated as binary variables (1 = stressed when nutrition
amount in table 1 is zero). The second part modelled the tendencies of the spectral data.

First a model of the leaf area with the following hierarchy. Location is assumed relevant because
area is not a direct indication of nutrition stress. Many other factors from the location affect the
area.

Location |
   ------ Plant

This shown a large impact on the area from random location effect. This could be soil compactness
and a strange phenomenon that causes the plant to develop multiple stems when there is a lot of
nutrition stress!

Intervals and tests show the significance of the fixed nutrition parameters:

For 1DF chi sq. should be above 3.8 to be significant (p<0.05). Nitrogen is actually the worst
predictor and P is the best one. P reduces the number of leaves growing from the stem, not only
reduced growth rate like the others. N stress never occurs alone in the data set, so that may cause it
to be insignificant (or given by the others).

Significance is the entire model by chi sq test: 7.837 at 4df: p = 0.09.



If I reduce the model:

Log likelihood did not become worse by reducing the model. If the location effect is removed, the
-2*loglikelihood = 399, so G2 = 399-375 = 24 which on the chi sq is very significant.

The intercept of the B0 is above the average leaf area of all the plants. The fact that S stress has a
positive effect is weird. Well, S stress does not occur alone in the experiment setup (table 1) so its
effect may simply counter the additive negative effect from the other stresses (e.g. P + K) that did
not really affect the real leaf area that much.

The chi sq. test for the entire model is now p = 0.049

ICC(location) is 2979 / (2979 + 883) = 0.77. So it is probable to get similar results when sampling
leaf area from the same location. 

Predicted values against correct values without (left) and with (right) known location. Then the
location is unknown, the variance increases with increasing area:



 

Residuals for location level (left) and plant level (right) look ok:

Lets have a look at the steepness with all stress predictors and the hierarchy:

Location |
   ------ Plant

It is clear that the location random effect is irrelevant. Some of the nutrient stresses look irrelevant
as well. Lets do a chi sq test:



chi.sq. For 1DF should be above 3.8 to be significant p<0.05 and only Nitrogen is that here.
Significance of the entire model 9.541 at 4 df p = 0.05.

So the new simple model is:

Significance of the entire model 5.656 at 1 df p = 0.017

Residuals (left) and predictions (right) look strange, but this may be because it is predicting a
continuous variable with a binary predictor. It can only predict a positive trend in the steepness.



Spectral Data

The 3 chosen spectral bands at each sample spot on the plant will be treated as multivariate
responses because they are correlated in the way that they are normalised. Bands Red, Green and
770 are chosen. Band 660 and 710 are covered by the broad Red band. Red should pick up red and
white symptoms, and green is needed for reference to the red. Band 770 is Near infrared and tells
something about chlorophyll content. If all bands are used, the perfect correlation between them
caues the regression to fails for all bands except the middle one (660 nm). 
Location is assumed irrelevant for the spectral symptoms as these are direct indicators of stress. The
repeated measures for the plants are treated as a new hierarchy. MLWin also treats the multivariate
responses as a low level in the hierarchy:

Plant|
        ------Observation|

--- Response

There will be 4 independent regressions; one for each of tiptop, basetop, tipbottom, and basebottom
per observation. 
Instead of using S stress directly, I will investigate its interaction with N stress, because its unique
symptoms would only be present is there are enough Nitrogen. So the term for S stress is SS*Not
NS.

On the following four figures of the regressions, the most significant fixed effects are highlighted.
Note that I use a relaxed definition of significant because I do not expect that all repeated measures
within a plant has the symptom. I just want to see a trend that resembles the known symptoms
(Refer to the symptom list). Most symptoms are most evident in the bottom of the plant. On the
figures there are most highlighted effects on the tip bottom and base bottom models and it shows
that the significant effects are indeed concentrated around the bottom of the plant.

S stress did not appear in the top, but this may be the recurrent problem that S is not isolated in the
experimental design. P stress seems to turn the top base red. It may be stealing the effect from S
stress, because S stress never occurs without P stress.

In the bottom of the plants, the chlorophyll (770 nm band) is heavily affected. Like in the area
prediction, the S stress seems to counter the additive negative effects of the others.
P stress turns the bottom tip very red, and K stress strongly corrupts the leaf in both ends.
N stress (which only occurs in full stress) strongly effects the chlorophyll 770 nm base at the



bottom. 

The covariance matrices on all four figures show negative correlations between colour bands. A
better independent normalisation  is necessary. Maybe use a blue band as the normalisation factor.

The ICCs between plants and ICCs between observations are almost the same. Does that mean that
plant cluster is weakly defined? (Especially when ICC(obs) is larger than ICC(plant), because there
is a weaker correlation between observations within the same plant).
The way the tips and bases are paired, we cannot expect to the symptoms on all the repeated
measures.







I tested the difference between using SS.NNS and just the SS, and there was no difference. The
conclusion must be that the data cannot separate N and S. There was not enough combinations of
nutrient distributions. 

Preliminary Conclusions

Steepness needs to be better defined and compared to ground truth. Leaf area is more dependent on
location than nutrition K and P and some arbitrary relation of N and S (that the data was unable to
separate) was best predictors. Although additional information about the soil location is necessary
for a prediction.

Colours were difficult to analyse. It seemed to be a big mess, because they were based on leaves
with symptoms and leaves without. The data should be picked intelligently using pattern
recognition, so that leaves with interesting spots (defined as spots that are discoloured) are chosen.

Overall Conclusion 

The data was not the best suited data to use for these analyses. There were too mush fuzziness in the
experimental design and variable definition and no definite ground truth. The clusters (higher level
hierarchies) were not well represented. Binary predictors caused prediction values to be almost
binary  (finite number of possible outcomes), which made residuals very large and non-normal.


