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Abstract 

There is an increasing interest in using 3D computer vision in precision agriculture. This calls for 
better quantitative evaluation and understanding of computer vision methods. lt is difficult to 
evaluate the performance of an algorithm quantitatively, when dense ground truth such as dense 
depth map is not readily available, in contrast to sparse ground truth data at high levels of 
abstraction. This paper proposes a test framework using ray traced crop scenes. This enables 
quantitative comparison of dense 30 reconstruction algorithms, camera- and lighting setups, and 
post-processing before investing in expensive equipment and field experiments. In order to 
illustrate the possibilities in this test framework, 3240 disparity maps were computed and example 
hypotheses were analysed using statistics and graphs. It was to be found a valuable tool to structure 
the otherwise incomprehensible vast informatiOn space and to see relationships between parameter 
configurations and crop features. 

Keywords: 30 computer vision, benchmarking, ray-tracing, remote sensing 

Introduction 

Increased consumer demand for reduced-chemical agricultural practices for food production and 
rising labour costs create a need for automated precision agriculture technologies. Nutrition 
deficiencies, hand weed control and hand thinning of agricultural crops are examples of labour 
intensive tasks that require high levels of accuracy and precision and would greatly benefit from 
automation (Christensen 2004; Lee et a/.,1996; Lund and Segaard 2004). 
Modern 30 computer vision teclmologies are being developed to open up the possibilities of 
mapping highly complex visual scenes for use by robotic systems capable of distinguishing 
nutrition deficiencies, removal of weed seedlings from among crop seedlings or for the removal 
of a subset of small immature fi'uits from a cluster of fruits during a thinning operation. These types 
of agricultural tasks require sub-centimetre 30 positioning accuracy. 
Outdoor agricultural scenes are unstructured and contain a range of challenging 3D reconstruction 
situations including occlusion and specular reflection. There is a need for effective 3D assessment 
techniques to aid the development of improved 3D algorithms and allow reliable methods of 
identifying sources of error for use in determining the direction of future efforts for algorithm 
improvement. 
This calls for better quantitative evaluation and understanding of the performance of computer 
vision methods. It is difficult to evaluate the performance of an algorithm quantitatively, when 
dense ground truth such as a dense dispa1ity map is not readily available. A disparity map shows 
the inverse of the distance (depth) of all pixels in the in1age. Obtaining ground truth may require 
annotation of a thousand pixels by hand. This is in contrast to sparse ground truth data at high levels 
of abstraction. For example, if the test were about weed/crop classification, it would be easy to 
annotate a sequence having few plants on each image. However, in this case it can also be difficult 
if there arc lumdreds of small weeds in each image. The problem is especially elaborate in 
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agriculture which works with non-rigid biological structures that can be very complex, non-planar 
and change from time to time (e.g. the height and orientation of a leaf). 
The aim of this research was to develop a test framework based on the complexity found in 
biological plant stmctures, which allows statistical analysis and graphical representation for 
benchmarking 3D reconstruction algorithms and their many combinations of parameter 
configurations. Previously, the algoritluns have been evaluated quantitatively by reconstructing 
(also called predicting) a known camera view and then comparing the predicted image to the 
recorded image (Szeliski and Zabih, 1999). However, false correspondences happen when the 
wrong match looks similar to the correct point. Hence, a large disparity error may not produce a 
visible error in the projected image. 
For simplicity, a manual method has been used to create ground truth disparity maps by pointing 
out areas of disparities by hand. This method tends to be used with simple scenes and yields 
disparity maps with a sparse resolution in the depth (Szeliski and Zabih, 1 999; Mulligan et 
a/.,2004). Sun (1999) used a frequently used method of generating simple synthetic images with 
primary geometrical objects such as cubes and spheres, and textures such as gradients or random 
noise. Another more accw·ate solution has been to produce ground truth disparity images with a 
dense depth resolution using a time consuming but highly accurate depth measuring method with 
structured light (Scharstein and Szeliski, 2003) or laser equipment (Mulligan et al., 2002). 
Most of the methods are mainly appropriate when the context is not close-up sampling of the 
scenes. If the camera setup looks at a rather distant scene with fronto-planar disparities, the 
disparity image and its evaluation is simpler. Scenes like this include indoor office scenes where 
the disparity planes can be furniture or people at different distances from the camera, the widely 
used Tsukuba head statue image set, or outdoor scenes of buildings, street signs and vehicles at 
different distances from the camera (Szeliski and Zabih, 1999). 
The context is different for sub-leaf scale 3D reconstruction of plants, because the individual leaves 
and their orientation are important. Consider a grass plant such as barley or wheat at a young 
growth stage. Their 10-20 leaves are long and intertwining, most leaves having partial occlusions 
and large projection distortions from one view to another. The disparity map must be dense in all 
three dimensions in order to detect features about their shapes and orientations and distinguish 
closely overlapping leaves. 
The possibilities for applying noise correction are lin:Yted because oflimitcd a-priori knowledge 
about surface constraints and the large amount of disparity discontinuities. 
This paper proposes a test method using synthesized crop scenes. This enables objective 
comparison of dense 3D reconstruction algorithms and camera setups. It also enables testing the 
feasibility of post processing teclmiques (such as the following mesh reconstruction) and sample 
techniques on the ground truth disparity map. 
The scenes and cameras were simulated in ray tracing software. The software simulated typ ical 
problems faced in outdoor agricultural scenes: specular surface reflection on the leaves. occlusions. 
shadows, transmission of green light onto the soil and light source colours. The ray tracer also 
rendered ground truth depth maps that were transformed into disparity maps. 

Material and methods 

The software used for creating the synthesized scenes was Plant Studio2 (http: //www.kurtz
fernhout.com/PlantStudiof), Vrml2Pov (http://www.chemicalgraphics.com/paul/vnnl2pov/ ). and 
Pov-Ray (http://www.povray.org/). Plant Studio was used to generate three grass plant models (such 
as barley) and three large broadleaf plant models (such as tomato and beet plants, referred to a~ 
broadleafplants). The plant models were inserted into a Pov-Ray scene which contained the three 
cameras, light, and soil. The light was simulated with sky blue coloured ambient light and two light 
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sources: sky blue coloured light placed directly above the plant and a powerful white-yellow sun 
placed besides the scene so that the sun light casts slanted shadows. 

Calculating the ground truth disparities 

The camera setup was an aligned trinocular L-setup, where the cameras converged at infinity and 
satisfy epipolar constraints as in (Nielsen eta!. 2004). 
Figure J shows the camera setup and gcometTy in the ray traced scenes. The following notation is 
used in this section: 
h: height from the ground plane 
b: Baseline between the cameras 
f: Focal Length 
v: Field of View 

,' o , 

,, , , 

' 

" , ' 

•"'OY ca.a 1 FOV cam 2 
)CI X J'o 

·1 ~f~-. :. --~~J-

D: Distance of object from camera 
d: Ground truth disparity 
I11 : Image vet1ical resolution 
r: Camera aspect ratio 

Figure I. [Left] An aligned binocular setup where the second camera was transposed [b 0 OJ and 
rotated [0 0 OJ from the first. The third camera in a trinocular setup was transposed [0 b OJ. 
[Right] Example of a rendered "Broadleaf, Spotted" plant, and its smooth counterpart. 

The following equation 1 shows how to calculate the ground truth disparity map (daT) from the 
depth map (DGT) generated by the ray tracer. The depth map was a 16 bit map with values ranging 
from 0 to I created by deleting light sources and replacing the textures with a gradient texture, 
ensuring that the ground plane was at D=J and the cameras were at D=O. Note that the camera 
must be aligned with the axes (ie. rotate the scene, not the camera, if tilted views of the crop are 
desired). The ground truth disparity (dGT) was the inverse of the ground truth distance (Dcr*h) 
scaled by the image resolution (/") and the focal length (j). 

d(") =fbi~ f= i 
, Durh' / 2 tan(~) 

(1) 

Quality metrics 

The estimated disparity maps dE were compared to dGT using the same metrics as (Scharstein and 
Szeliski, 2002), ie. Root Mean Squared Error and Percentage of Bad Matching Pixels: 
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(2) 

PBMP = _.!__ :L<Id£(x,y)- da(x,y)i > c5) 
N( .•. ..,, 

(3) 

where 8 is disparity tolerance. 

RMS measures the average error and is sens1t1ve to large outliers, while PBMP counts the 
proportion of bad matching pixels and does not distinguish between a small error and large error. 
The quality of each measure depends on the application that the estimated disparity maps arc 
intended for if the results vary significantly. 

Estimating disparity maps 

The estimation of the disparity maps were based on dense correspondence matching; Sum of 
Squared Difference (SSD) with Symmetric Multiple Windows (SMW) (Fusiello eta/., 2000). rt 
is simply a cross-correlation algorithm that uses one, five or nine windows UVc), centred in 
different ways around the examined pixel. Cameras are denoted R(ight), L(eft), and T(op). Below 
three different similarity measures are defined. SRI. (Similari~v Right-/,eji) is the standard 
binocular measure, which is the basis for the trinocular measures that also uses SRT (Similarit1 · 
Right-Top). The basic window (Wc=l) is centred around the pixel R(x,y) and L(x+<~y) and 
T(x,y+d). The sum over W c runs through all pixels under those windows. The windows W c> I are 
centred such that the examined pixel is at the edge of the window to each of the 4 sides and 4 
corners. 

Binocular: 

Trinocularmin 

Trinocu larsum 

1..9 

SRL(x,y,d)=argmin(argmin "CR,. - L, . ) ~ ) 
L.J • ' d ,-~1 If (: 

SSD(x,y,d) = arg min(min(SRL (x, y ,d), SRr(x,y, d))) 
d 

SSD(x,y,d) = arg min(SnL (x,y,d) + Sn1 (x,y , d)) 
d 

(4) 

(5) 

(6) 

ln theory, trinocularmin should comparably be more robust to occlusions by choosing the best match 
in a single image pair than trinocularsum· Trinocularsum should comparably be more certain of a 
match if the point is visible in all cameras by choosing the best match where both image pairs are 
good matches. 

The expe1iment 

3240 different disparity images were estimated for the ground truth evaluation. They were based 
on 12 plants (3 grassy, 3 broadlcaf, each with a smooth and a spotted texture). They were processed 
with all combinations of the parameters: Window size [4x4, 8x8, l2x 12, 16x 16, and 20x20]. colour 
space [RBG/Monochromc/chromaticity]. Camera setup [Trinocularmin• trinocularsum' and 
binocular], Single/Multiple Windows [!-center, S-corners, and 9-sides+corners]. and post 
processing median f ilter [off, on]. 
The output included not only arrays of3240 RMS and PBMP values, but also binary indices for 
all parameters and plant- and texture types corresponding to the 3240 tests. For example the index 
array "winsize 12" is true for all tests that are generated with a 12x 12 window and false for all 
others. This makes it easy to compute the mean of all results made from a certain configuration. 
e.g. window size = 12, Leaf type == Broadleaf, and e ither colour or monochrome: r = 
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MJ::AN(RMS(11'insi=el1 and gras~y and (colour f monochrome))). ln order to illustrate the 
tangibility of the presented test framework, a munber of example hypotheses were investigated 
using the one tailed 1: Test and graphs to find the optimal window sizes and to see the relationship 
between the parameters and the plant types: 

111 . (A) Trinocularsum is better than Trinocularmin (B) which is better than J3inocular 
112. (A) RBG Colour is better than chromaticity (B) which is better than monochrome 
113. Applying a post processing Median filter improves the result 
H4. Spotted broadleaf plants are easiest and smooth grassy plants are most difficult 
H5. The optimal window size and number of windows depends on texture and leaf type 

Results 

In this section, a number of hypothesis T-Test results and RMS/PBMP plots will be presented in 
order to evaluate the hypotheses given above. 
The results of all 3240 tests are shown in Figure 2. It was easy to see that something was wrong 
for a certain conf iguration. It tumed out to be the clu·omaticity images that were not a good basis 
for the reconstntction. The clu·omaticity colour space removes shading information which is 
valuable information for the correspondence matching. Hypothesis H2 is changed to 112: RGB 
colour is better than Monochrome. 
Table 1 and 2 shows the means and resu!.ts of the T-Tests. The T-Test revealed that Trinocularsum 
was not significantly (p = 0.031) better than measure I. However, the framework easily allowed 
testing if the trinocularsum was an advantage under certain scene conditions by doing the same 
analysis for results from spotted plants compared to smooth plants and grassy plants compared to 
broadleaf plants; the null hypothesis was rejected only for spotted or grassy plants. 
The median filter (H3) gave a significant improvement only in RMS scores. This can be attributed 
to the fact that the filter removes outliers while preserving the discontinuities and the disparity 
values that are already present in the map. The RMS measure is in general more sensitive to 
outliers. 
The complexity in H4, HS and relating window sizes to plant types called for graphic 
interpretation. The results are shown in Figure 4. 
13roadleaf plants scored better than the grassy plants because the grassy plants are more complex 
with shadows and occlusions. However, it was a surprise that smooth textures scored better than 
spotted textures. This can be explained by higher frequency gradients in the texture used to model 
a smooth leaf compared to the spotted texture, and that the contrast in the smooth texture was too 
large. 

1 
0.9 
0.8 
0.7 

a.0.6 
~0.5 
0.0.4 

0.3 
0.2 
0.1 
0

T 1 

Overall PBMP 

T2 T3 T4 TS T6 T7 TB T9 T10 T11 T12 B1 B3 BS B7 B9 B11 

Figure 2. The performances for all 3240 tests. T/-T/2 are the trinocular results for all 12 plants 
and B 1-B 12 are t he binocular results . The regions that have much higher errors are the results 
based on chromaticity. 
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Table I. Mean RMS and PBMP for the parameters to be examined with the T-Test. 

Parameter RMS PBMP 

Binocular 9.0727 0.2276 
Trinocular min 8.0029 0.1925 
Tri nocu lar sum 7.55 0.178 
Monochrome 7.1680 0.1617 
RGB 6.4793 0.1201 
Chromacity 10.9784 0.3163 
Median Filter off 8.4648 0.2024 
Median Filter on 7.9523 0 .1 964 

Table 2. Results of one-tailed T-Tests. *: Accept/Reject(RMS). +:Accept/ Re-ject (PBMP). The 
hypotheses are true, when H0 is rejected. 

Accept H0 
Reject(p<O.OO I) 

Hypothes is 

HI a 

* + 
(*+) I 

1 for spotted or grassy plants 

Hlb H2 

* + *+ 

H3 

+ 

* 

Window Sizes Related to leaf Type/Texture Window Sizes Related to SM'tY - Brot."ldleaf W indow Sizes Related to SMW - Gmssy 
O.JS 0.3 ., 0 3 

0.3 

j 0.25 

~ 0.2 

~ 0.15 

0.1 

0.05 

Grnssy. Spotted 
Grnssy. Smooth 
B<Oadteaf. Spotted 
BIOOdlcaf. Smooth 

8 12 
Window Size 

16 20 

0.25 

~ 
~ 0.2 

i 0.15 

0.1 

SMW;1 
SMW;S 
SMW: 9 

12 
Window Size 

t6 20 

Window Si?es Related to Leaf Type/Texture Window Sizes Related to SMW • B<Oadleaf 
tO 

11 

10 

~ 
!6 8 .. 
E 

Grassy. Spotted 
Grassy, Smooth 
Broadleaf. Spotted 
B<Oadteaf. Smooth 

12 
Window Size 

16 20 

SMW: 1 
SMW:5 
SMW: 9 

12 
Window Size 

16 20 

0.25 

SMW: 1 
SMW· 5 
SMW·9 

t 0.2 

E~ 0.15 

01 

12 16 
Window Size 

Window Si1es Related to SMW • Gmssy 
10 

§ 8 
c: 

i I 

SMW: 1 
SMW: 5 
SMW: 9 

12 
WindOYISize 

16 ?0 

Figure 4. Comparison of parameters SMW and Window Sizes in relation to Leaf types and 
texture types. The plotted means are based only on RGB and monochrome results. 
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As expect..:d, small window sizes were best for grassy plants while it was a trade-off for broad leaf 
plants. Note that the absolute window si:.:e is to be interpreted in relation to the pixel width of the 
J.:aves. The RMS score improved at larger window sizes, while the PBMP increased. The larger the 
windows were the more probable it was that a disparity discontinuity (e.g. include soil pixels in 
the window) would be embedded in the window as well as m ore projection distortion would affect 

the window. 
Using multiple windows (SMW5 and SMW9) was generally an improvement, except for large 
window sizes. Then, the farther the windows were apart, the chance of embedding a discontinuity 
increased. Nine windows were not much of an improvement over five. Using five windows and a 
window size of 4 for grassy plants and 8 or 12 for broad leaf plants, optimising PBMP or RMS, 
respectively, would be a good choice. 

Discussion 

The test framework was satisfying to work with. It was usable for testing vast amounts of parameter 
configurations and making it easy to do statistics and graphic representation and interpretation of 
the results. The images rendered by the ray tracer looked lively and near realistic by simulating the 
well-known computer vision problems such as many occlusions, shadows and colour distortions. 
The smooth texture was not smooth e nough and was easier to match for the a lgorithms than the 
spotted texture, because it had higher textural frequency. Therefore, the conclusion that the 
Trinocularsum performed better than Trinocularmin on spotted leaves could in reality mean that it 
performs better on smooth leaves. The test tl:amework lacked the ability to classify error types such 
as occlusion errors and discontinuity errors-as Scharstein and Szeliski (2002) did. Consequently, 
it was not possible to test how well the measures dealt with occlusion problems. However, it is 
possible to predict occlusions from the disparity maps. Areas with highlight can also be detected 
easily by rendering the same images without highlights and subtracting this from the images with 
highlights. As Figure I showed, the models generated by Plant Studio were low-count polygons 
which affected the smoothness of shading and specular highlights. The images would be more 
realistic using models with more polygons. 

Future work 

The test framework will be used on a variety of algoritluns in the future and scenes with multiple 
plants. The smooth texture and the geometTic smoothness will be improved to model match the real 
life situation better. Methods for analysing the types of errors such as occlusion, discontinuity and 
specular highlight errors will be developed. Furthermore, it w ill be interesting to test the 
correlation between the results and real life height measurements and 3D reconstructions than bad 
configurations. 

Conclusions 

It can be expensive to perform experiments in this application field. Hence, a tool that makes it 
possible to test performance before investing in expensive equipment and field experiments is 
valuable. Generating simulated images with Ray-Tracing is a versatile approach, which can 
simulate di!ferent camera setups, indoor- and outdoor lighting conditions, glossiness, etc. The test 
framework allowed statistical- and g raphical analysis for benclunarking 3D reconstruction 
algorithms on virtual crop scenes, and to find the relationships between their many combinations 
of parameter configurations and the crop features. It is still necessary to establish authentic ity of 
the methods on real plant images, though. 
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Abstract 

Spreading patterns from fertiliser spreaders are only occasionally measured in the field to ensure 
even distribution. In this study, the possibility of using image analysis to detect fertiliser granules 
automatically in images collected in field conditions was investigated. Images of the granules on 
the ground were taken right next to the location of the comparative collection trays. In these images, 
the granules were segmented automatically without changing any parameters between the 
different images and the area of each granule was converted into volume. This volume was then 
compared to the volume measured in the collection trays. 
The results indicate that the major distribution patterns from normalised volumes, calculated from 
the image analysis, closely follow the distribution patterns from the normalised fertiliser volumes 
measured within the collection trays. These results are valid for both centrifugal broadcasters and 
pneumatic distributors and are indepenc(cnt of the vegetation covers present in this study. As 
expected, the accuracy of the quantitative results from the image analysis decreased with 
increasing vegetation cover. 

Keywords: Spreading pattern, fertilisation, spatial distribution, image analysis 

Introduction 

Agriculture today requires high precision on fertiliser spreading regarding both distribution and 
amount. Most spreaders arc limited to a situation were the field is considered as a homogeneous 
section. Simulation results show that when spreading site-specifically, simply changing the mass 
t1ow leads to a f1uctuating spreading pattern, resulting in large deviations from the intended 
application rate (Oiieslagers eta!., 1996). This increases the demands on a simple control system 
for the f1mctioning of spreaders. 
For research purposes several ways to predict landing positions of fertiliser particles from 
centrifugal spreaders using imaging systems have been described (Olieslagers et a!., 1996 ), 
(Cointault eta!., 2003). Grift and Hofstee (2002) presented an online pattem detennination sensor 
for a centrifugal fetiiliser spreader, giving an indication of the relative dispersion of the fertiliser 
material behind the spreader. (t is a simplified version of a sensor originally designed to work in 
a measurement booth (Grift and Hofstce, 1997). 
Today, in practice, all machinery manufacturers, test stations and the farmers themselves must 
exclusively rely on the traditional collection tray method with subsequent re-weighing (Hensel, 
2003). Measuring the distribution of mineral fertilisation using collection trays is tedious and 
labour intensive. Often, therefore, only the volume of the fertiliser in the trays is measured under 
field conditions in order to save time and labour. In this project, an alternative method to estimate 
spreading patterns was studied. Previous studies in laboratory conditions (Hensel, 2003), have 
indicated that digital image processing enables fertiliser granules to be detected automatically as 
long as the vegetation cover is limited. The aim of this project was to investigate if image analysis 
can be used to develop a method to measure the fertiliser distribution in the field more easily. 
Instead of using collection trays, the spreader volume was calculated from granules detected 
automatically with image analysis in images taken directly on the surface of the field. 
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Factors that influence the spreading distribution arc the condition of the machines, the driver's 
skills, the difficulties of setting the spreader, fertiliser grain size and strength, and prevailing field 
conditions at the site of the spreading. Spreading patterns measured in laboratory conditions show 
a much lower coefficient of variation (CV) than those obtained in the field (Sogaard and 
Kicrkegaard, 1994). ln indoor tests, the spreading pattern CV is usually between 5 and 10%. In 
field conditions, the results are considerably worse. In a review of practical spreading on Swedish 
farms, the spreading distribution CV was on average 25-30% (Lundin, eta/., 1997). 
The accuracy of the spreading pattern, estimated from image analysis, is dependent on how well 
the individual grains can be detected and the amount quantified from the images. Factors 
influencing the possibility to correctly detect the granules are type of spreader, fertiliser colour and 
quality and environmental factors, like soil, sunlight, vegetation, and residue cover. 

Materials and methods 

Measurements of spreading patterns were made in the field at four different sites over 3 days. All 
sites differed regarding weather, time of the day, type of soils, soil moisture, and presence ofresidue 
and vegetation cover. In the following sections, details of the spreaders and fertilisation, collection 
trays, field conditions, image acquisition and image analysis procedures will be explained. 

Spreaders and fertilisation 

Three different types of spreader were used; two centrifugal broadcasters and one pneumatic 
distributor. Two different fertilisers were tested and characteri stics of these fertilisers were tested 
in a lab prior to and after spreading (Table I). The weights of the granules from the different 
collection trays were measured and the size of the granules was determined before spreading and 
at different distances from the spreading track, after spreading. 

Collection trays 

A collection method, previously developed by Norsk Hydro (1979), was utilised in order to evaluate 
the spreading patterns. According to this method, square collection trays, 50 by 50 em, were 
distributed evenly throughout the working width. The spreader passed the trays and the amount of 
fertiliser in each tray was determined. For locations F I and F2 with the centrifugal broadcasters. 
the distance between the centre of the trays was 2m, whereas it was I m for locations F3 and F4 

Table I. Date, location, type of spreader and fertiliser used in this study. 

Date Location Fertiliser spreader Fertiliser Nutrient content 
Manufacturer NPKS,% 

Type Model 

14 April 2004 Tibbie Centrifugal Bogballe D Norsk Hydro 26-4-0-4 

(F I) broadcaster 
16 April 2004 Ramsta Centrifugal Bogballe Norsk Hydro 26-4-0-4 

(F2) broadcaster EWTrend 
19 April 2004 Sa tuna Pneumatic bverum Norsk Hydro 27-0-0-7 

(F3 and F4) distributor Wing jet 4024 
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with the pneumatic distributor. For each tray, both the volume and weight was measured. The 
volume could be measured in the field while the weight was measured later in the lab. 

Field conditions 

The field conditions at the different locations are presented in Table 2. The fertiliser was spread 
on fields with both spring and winter grains, which explains the different crop stages. The crop 
stage was measured with the Zadok scale (Zadok eta!., 1974). The clay content in the soils differed, 
but no laboratory analysis of clay content or soil moisture was made. The clay content affects the 
surface roughness, i.e. due to cracks or clods, which will affect the on ground distribution as well 
as the visibility of the granules. 

J mage acquisition 

For image acquisition, a stationary ordinary digital camera, Sony DSC-PlO, 5 Mpix (2592 x 1944 
pixels) was placed vertically above the soil surface at a distance of0.9 m, displaying single granules 
(or part of granules) with a total number of between 30 and 300 pixels. Each image covered an area 
approximately I . 5 times larger than the collection trays. 
The images were taken I m behind (in the driving direction of the spreader) each collection tuy 
close enough to have approximately the same fertiliser amount, yet far enough to avoid interaction 
with the trays at the site covered by the image. To avoid direct sunlight, a parasol was used to shield 
sunlight. 
After each linage acquisition, while still re{paining in the same camera position, a second image 
containing a square reference area of 2 dn\2 was taken. Each granule in this reference area was 
collected by hand and weighed in order to see if the collection trays had any influence on the 
spreading pattern. 

Image analysis 

A Lab View, (National Instruments), program was developed to segment the granules in the images. 
No parameter was changed in the program when running through the different images. Below a 
description of the algorithm for granule detection is presented. 
The ROB images were transformed into IllS (intensity, hue, and saturation) colour space and only 
the intensity information was used in further calculations. The intensity histogram for each image 
was divided into I 0 classes, where each pixel was assigned to the class in which it had the smallest 

Table 2. Field conditions at the different locations at the ·time of spreading. 

Location Weather Crop Plant density 

Fl cloudy not seeded 0 
wind: 8- 10 m/s some cereal crop residue 

F2 clear sky with few clouds winter wheat 57 plants/m2 

wind:< I m/s crop stage: 29 
F3 clear sky not seeded 0 

wind: 5 m/s 
F4 clear sky winter wheat 84 plants/m2 

wind: 3 m/s crop stage: 30 
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distance to the centre of the class. Segments created from merging the two brightest classes were 
further investigated using a kind of fuzzy threshold described below, in which intensity as well as 
segment configuration was considered. 
The Euclidean distance was calculated from the inside of the segments with increasing distance 
from the background towards the centre of the objects. A threshold for the internal distance was 
set, keeping parts of segments with distances larger than or equal to 3 pixels. These new segments 
were measured and the segments with a length to width ratio smaller than 3.5 were saved for further 
investigations. This step separated granules situated closely together without affecting the initial 
shape too much. At the same time thin, less circular segments were removed. 
The remaining segments were dilated 3 steps to regain their approximate size. A logical AND 
operation between the dilated segments and the segments obtaining the two brightest classes from 
the histogram classification allowed the original shape and size of the remaining segments to be 
regained. 
The relationship of the two b1ightest classes in each segment was investigated, keeping the 
segments that contained a minimum of 60% of the brightest class. Finally, a last shape criteria was 
set, allowing only a length to width ratio smaller than 2.5. Area, length and width infonnation on 
the selected segments was saved to a file and the radius of an approximated circle with the same 
area as the detected area of the segments was used when calculating the approximated volume of 
the segments. 

Results 

The volumes and weights from the collection trays were compared to volumes calculated from the 
image analysis as well as to the weights of the reference samples (Table 3). No reference samples 
were taken at location F3. The correlation (R2) between the measured volume and the measured 
weight was high at 0.99, except for location F4 where an outlier decreased the correlation to 0.93. 
If this outlier was removed the correlation for F4 also reached 0.99. 
To get a small reference from the exact same site as the images and to investigate whether or not 
the collection trays influenced the tracks of the granules, a 2 dm2 square was used as a second 
reference to the image analysis beside the collection trays. The granules in the reference areas were 
weighed and compared to the detected volumes in tUc images. R2 for the measured volume and 
reference weight was smaller (between 0.53 and 008). The granules were also counted and 
compared to the number of detected granules in the images. The results indicate that there are more 
granules not being detected than there are non-granules being wrongly detected. This drawback. 
however, seems to be proportional for all the images and does not affect the spreading pattern. 
The latter higher correlation was connected to one single point and when it was removed. the 
correlation decreased to 0.46. A higher correlation could be noticed, however, between the 
measured volume and the calculated volume, with lower correlation for locations wi th the 
pneumatic distributor than for locations with the centrifugal broadcasters. 
The normalised measured volume (from trays) for each tray position was plotted together with the 
normalised calculated volume (from image analysis) for each location respectively (Figure 1 ). T he 
major distribution patterns from normalised volumes, calculated from the image analysis. 
followed the approximate distribution patterns from the normalised fertiliser volumes measured 
by the collection trays. 
The result of the fertiliser analysis indicated that the centrifugal broadcasters seem to grind down 
the granules, while the pneumatic distributor may have less of an effect on the granule size. The 
calculations of coefficient of variation (CV) was made for working widths of 12 m. 20 m, and 24 
m respectively, including the influence of adjacent spreader runs. The variation was lower for all 
volumes calculated from images except for F3. 
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Discussion 

The measured volume and the volume calculated with image analysis are, for practical reasons, not 
covering exactly the same area. This may have had an effect on the lower CV obtained from image 
calculations than from the trays (Table 3). The big differences in CV for Fl and F2 between trays 
and images may be influenced by the grinding up of the granules as well as the influence ofn·ays 
on the trajectory of the granule in the air. Also there is a relatively large volume fluctuation between 
different adjacent n·ays. 
Centrifugal broadcasters grind up the granules more than a pneumatic distributor creating fertiliser 
powder or very small grain particles ncar the tractor, which is difficult to detect with image 
analysis. The pneumatic distributor, on the other hand, keeps the granules more intact. T he 
spreading patterns for F I and F2 indicate that the calculated volumes are more correct further away 
from the centre, due to a larger size of the granules (Figure I). The volumes of the detected granules 
are calculated using the approximation that the detected area is circular. This is not true. 
The major somce for high correlation in Table 3 for Fl and F2 is the big change in fertiliser amount 
connected to the slopes at both ends of the spreading track. The pneumatic distributors do not 
produce as large a total variation for one single run across the field as the centrifugal spreaders. 
This creates a greater weight at the variations between adjacent trays for the pneumatic distributor 
(F3 and F4) than for the centrifugal distributors (FI and F2). 
The lower correlation between the mea&ured volume and the calculated volume for the F3 and F4 
locations (Table 3) may also be due to tl~e fact that the granules from the pneumatic distributor are 
more intact, i.e. Jess spherical. In the calculations of volume from area, it is assumed that the 
granules are pe1fect spheres. The lower correlation noticed at location F3 compared to that at F4 
has mainly to do with the fact that the right end is missing in location 3 in this study. 
Preliminary measurements, where volume measurements from image analysis are compared to 
weight measures ti-om collecting every granule in the reference areas, indicate a better agreement 
between image analysis and volume compared to that presented in Figure l. For the reference areas, 
however, its size seems to be too small to use for calculation of spreading pattems or to investigate 
any influence of the collection trays. 
Although, direct sunlight was shielded, the effects from shadows seem to be prominent in the 
images. This is indicated by the fact that more granules were missed in the detection than non
granules being wrongly detected. One threshold cannot single out the granules due to its similar 
colour properties to the underlying soil. Although a fuzzy threshold was used in this study, the 
intensity differences seem to vary too much within one image for each granule to be detected. A 
solution may be to use local fuzzy thresholds, instead of a global one as in this study. More efforts 

Table 3. The measured volume from the collection trays compared to the weight from the 
collection trays, weight from the reference sample and calculated volume from the images. 
Coefficient of variation (CV) is calculated for working widths of a 12 m, · b20 m, and 24 m 
respectively, where the adjacent spreader runs are included in the calculation. 

Field location R2 (volume R2 (volume to R2 (volume to CV trays CV image analysis 
to weight} reference weight) image volume) 

Fl 0.99 0.54 0.86 27P 17.9a 
F2 0.99 0.78 (0.46) 0.89 II b 6.3b 
F3 0.62 28.3 29.5 
F4 0.93 (0.99) 0.53 0.77 22.1 20.7 
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Figure I. Normalised spreading patterns measured with collection trays (solid line) and with 
image analysis (dashed line). Trays were positioned every second mete r for Fl and F2 and each 
meter for F3 and F4 to the left (L) and right (R) of the track. 

can also be made to f ind suitable shape characteristics, especially for merged granules or granules 
lying closely together. For single granules, different shape characteristics cannot significantly 
improve the results further since dry soil granules often have very similar shape to the fertiliser 
granules. · 
In this paper, the focus of the study lies in the possibility of correctly detecting the fertiliser 
granules. No efforts have been made to correct the images for lens distortions. [f correct area 
calculations are to be made, the images fi rst have to be corrected for lens distortions. 

Conclusions 

This study investigated the possibility of using image analysis to detect fertili ser granules 
automatically in linages collected in field conditions. Images of the granules on the ground were 
taken right next to the location of the comparative collection trays and these images were 
automatically segmented to find mineral fert iliser granules. Each granule was converted into 
volume and the collected volume from each image was then compared to the volume measured in 
the collection trays. 
There was a high correlation between the measured volume and the measured weight. ind icating 
that image analysis can be used for measuring spreading patterns, assuming the volume of the 
granules can be calculated correctly from the area. 
The major distribution pattem s from nonnaliscd volumes, calculated from the image analysis. 
closely follow the distribution patterns fi·om the normal ised ferti liser volumes measured within the 
collection trays. The results indicate that there are more granules not be ing detected than there arc 
non-granules being wrongly detected. This drawback, however. seems to be proportional for all the 
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images and docs not affect the spreading pattern, which satisfactory follows the spreading pattern 
measured with the collection trays. 
The accuracy of the quantitative results from the image analysis seems to decrease, as expected, 
with increasing vegetation cover. However, the problems seem to be equal across the spreading line 
and do not affect the normalised spreading pattern. These results are valid for both centrifugal 
broadcasters and pneumatic distributors and are independent of the amount of vegetation cover 
present in this study. 
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