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ABSTRACT

This paper aims at evaluating multi-camera configurations as a functittve afescriptive parameters of complex biological objects.
Multi-baseline Stereo has potential to handle projective distortion at largelibas. Being close to the observed object and the
orientation of object surfaces pointing toward the camera increagedjeetion distortion. An example is 3D reconstruction of plants
where the leaves can be pointing steeply toward the cameras, while,aulbdenstruction needs high depth resolution, because the
leaves overlap closely to each other. The paper presents a new disginilaasure, called Sums of Individual Sums of Squared
Differences (SISSD). It takes projection distortion and changingudaebighlights into account by learning the gradual changing of
the feature window. The method was included in the comparative studygédtrealistic ray traced plant models, where the descriptive
parameters of the objects could be controlled. Other configurations ixpeeiment were the commonly used Multi-baseline Sum of
the Sums of Squared Differences (SSSD), the popular binoculah gtép, and two trinocular correlation techniques. Comparison is
in regard to leaf type, texture and orientation, proportion of occlusiorpasbrtion of changing highlights by computing the overall-,
occluded-, and highlighted- percentage of bad matching pixétag, pbmpoce, andpbmppigr). The results showed a complicated
relationship of trade-offs that points toward further development @oimipthe strengths of the individual configurations.

1 INTRODUCTION leaves can be pointing steeply toward the cameras and it needs
high depth resolution because the leaves overlap closely to each

Computer vision based 3D reconstruction of close-up complexther. Excellent depth maps has potential to aid the segmenta-
biological structures is a difficult discipline. There are varioustion of individual leaves (Lee et al., 1996), if the disparity maps
multi-camera configurations to choose from. It would be useful tchave trustworthy discontinuity edges. This is useful in preci-
learn about the performance related to descriptive parameters efon agriculture for segmenting individual leaves for autonomous
the objects at hand, in order to choose the best configuration. Theeed identification, fruit picking, branch thinning, and for find-
Descriptive parameters of the objects aneface shape, surface  ing sampling points on specific locations of a plant (Christensen
orientation, presence of texture, proportion of changing specular and Jgrgensen, 2003, )(Nielsen et al., 2004). The image acquisi-
highlight and proportion of occlusion. The specular highlights tion is expected to be done from a moving platform in an outdoor
in concern are those that changes gradually from one image tenvironment, so reconstruction must be done from a single time
the next across the baseline. Multi-baseline Stereo has been ddice.
scribed and tested in literature as a method for improving the han- .
dling of occlusion and ambiguity across the scan lines (Okutom|" 9€neral terms plants belong to the class of objects that are:
and Kanade, 1993)(Jeon et al., 2001) by using the sum of tha€mitransparent, biological, non-rigid structures. Disparities are
energy measures across the camera array; e.g. Sum of Sumsf" non-planar_and can get vedyep _toward the cameras. Tex-
Squared Difference (SSSD). Attempts have also been made res are npn-gmstent or highly detailed, and having more or less
dealing with specular highlights by actively detecting speculatSpeCUIar hlgh_llghts. _F_ortunately, they are se_gments .Of. smooth
highlights within the algorithm (Li et al., 2002) and treating them surfaces, but intertwining and overlapping. It is very difficult to

as occlusions. However, the problems related to nearby objec%et dense ground truth. The Vision based depth map reconstruc-

are overlooked as the algorithms assume that the area looks t gn Is usually confined to_ fronto-planar depth scenes, where _the
same in all cameras. This paper presents an alternative meas th maps can be.descrlbed asregions of near-equal d|§p.ar|t|.es.
that utilizes the fact that a multi baseline array consists of subset: ese scenes are viewed from a distance and have small finite dis-

of smaller baselines. A large baseline improves depth resolutioﬂa”r:y;pacesi Whe“? itis reasonzbl_lehto mar;)ually %quu're grour}d
but it also makes the correspondence more difficult (Okutomi an Ut -Asan alternative, strgcture '9 tca.n. € used. tuses mul-
Kanade, 1993). Three factors increase this effect: Being close tgple Images so that the objects must be rigid in time (Scharstein
the observed object, window correlation size, and orientation ofmd Szeliski, 2003).

object surfaces.

2 METHODSAND MATERIAL
Precision agriculture is a field with rising interest in 3D computer

vision, which is becoming tangible as new high dynamic rangeThe stereo correspondence algorithms were all based on a basic
cameras and precalibrated multi-view cameras are being devebum of Squared Difference (SSD) dissimilarity (energy) function
oped. These cameras satisfy the epipolar geometry constrainfsq. 1). The presented methods assumes precalibrated images

and the intrinsic- and extrinsic calibration can be skipped. Closesatisfying epipolar geometry constraints, equal baseline, and zero

up 3D reconstruction of plants is an excellent example where theotation.
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d is the tested disparity}’ is the window around«, y), I; is the

ith image. The windows can be placed in various ways around :
the pixel and question, but we limited this experiment to centered i‘ 8
windows. Adding multiple windows can improve the correspon-

dence near disparity borders (Fusiello et al., 2000), but we wanted @)
f[o keep this factpr out of tht_a experlmen_t thl_s time. It was shown SSSD: 017 SISSD: 0.05
in another experiment that five symmetric windows were optimal, 02r

ie. the center and the four diagonals (Nielsen et al., 2005). o gggD

In the classical multi baseline SSSD the Sum of Squared Differ-
ence between the reference camera andttheamera is com-
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We see that the binocular cas¥ (= 2) is a special case of this ' Baseline '
equation. (b)
X Best SSD: 330 Best SSSD: 330 Best SISSD: 336 GT: 335
2.1 Introducing SISSD 140p 5
A new measure Sum of Individual Sums of Squared Differences il
is defined as SISSD (see equation 3). This measure was supposed 1001
to learn the graduate change in the feature window across the £ ol
baseline. This could be a problem with occlusions as it would E
learn the feature of the occluding object, which was countered g 6or
by including the weighted dissimilarity in regard to the reference w0l
camera. In the new measure we computed the Sum of Squared
Difference between the— 1th and theith camera, and between 201
the 1st and theith camera to ensure that it does not adapt to a 0 ‘ ‘ ‘ ‘
completely different object. 200 250 Disparty 850 400
al d(c—1) ©
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c=2 igure 1: The case of steep leaves where projection changes ori-
- F 1: Th f | h h
dlc =1 entation across the baseline. (a) five views of the location on
( ) tati the baseli (a) fi i f the locati
+(1 = a)(Brel@,y, =) () the steep leaf. (b) The development of the dissimilarity across

the baseline. (c) The dissimilarity/energy function across the
We see that SSSD is a special case of SISSD, whete 0.0. scan line in the image. The best match for SSD, SSSD, SISSD
Figure 1 shows an example of the case with steep object whergy = 1), and ground truth (GT) is given over the graph.
the projection distorts the orientation of the leaf. The top shows
parts of images of a five camera array. The middle plot the develthe second switches the disparity to the y-axis. Their baselines
opment of the dissimilarity (energy) across increasing baselineare equal to the largest multi baseline (Imagg
It is obvious that SSSD increases exponentially, while SISSD
is even less than SSD. The bottom plot shows the dissimilarity T (x,y, d) = arg min min(E1 ~, (z,y, d), E1,~, (y, z, d))
for the three measures across the scan line and prints the best ¢ )
match for SSD, SSSD, SISSD and Ground Truth (GT). This trait 7 (3 v d) = argmin(Ey v, (z,y, d) + Ein,(y,z,d)) (5)
should also be an advantage in the presence of specular highlights d
that travel across the baseline. An example is shown in figure 2.
Based on these preliminary results, a benchmark experiment was theory thel’,, should comparably be more robust to occlusions
performed. The goal was to validate that SISSD performed bettapy choosing the best match in a single image pdit. should
than SSSD on steep-leaved objects and in areas where the speomparably be more certain of a match if the point is visible in
ular highlight state changes, and whether the reference similaritgill cameras by choosing the best match where both image pairs
constraint could counter the occlusion problem. are good matches.

2.2 Comparative M ethods One of the best 3D reconstruction algorithms available uses a
graph cut energy minimization, which yields similar results to
The other common multi-camera alternative to the multi baselinghe slower simulated annealing. The difference is that graph cuts
camera array is called the right-angled trinocular L-setup (Mulli-preserves depth discontinuity (Kolmogorov and Zabih, 2002). It
gan and Daniilidis, 2002). Two different trinocular algorithms are does not rely on window sizes which tend to dilate the depth re-
used for comparison, trinocular minimuffi{ eq. 4) and trinocu- gions and are sensitive to perspective distortion. The main ad-
lar sum (s eq. 5). In principle, they use two image pairs, wherejustable parameter is the impact of the smoothness constkaint,
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2.3 Experimental Setup
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(a) The experimental tests were conducted in order to learn more
about the algorithms in the complex context of close-up recon-
struction of complex structures. Hence, near-photo realistic ray
traced scenes of plants were used in order to control the scene
parameters and get valid ground truth disparity maps, occlusion
masks, and highlight masks. The scenes had natural outdoor
lighting and focal blur, which is a natural problem with plants
with steep leaves. Blur is unavoidable, because the aperture can-
not be very small and the shutter must be fast when capturing
images from a moving platform and the plants are waving in the
wind.

SSSD: 3.44 SISSD: 0.49
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Two main classes of plants, long leaf (grass-like, e.g. cereal) and
1 15 2 25 3 35 4 broad leaf (e.g. beet and tomato) were generated. This relates
Baseline to surface shape. For each of these there were plants with steep
(b) leaves and flat leaves, respectively. This relatesittace orien-
Best SSD: 277 Best SSSD: 278 Best SISSD: 272 GT: 271 tation. Steep leaves compared to flat leaves have less highlight,
more occlusion, and vice versa. A natural case with two grassy
plants with flat and steep leaves and a lot of occlusion were used,
too. Each scene was generated with textured (spotted) and no tex-
ture (glossy), both having bump maps. This relateprasence
of texture. Finally, all images very generated with and without
specularity. This served two purposes; 1. it was required to find
the highlight masks (where highlights exist in one frame and not
the other), and 2. in order to test overall performance of the algo-
rithms and the same geometrical structure with and without the
presence of highlights. There were 18 image sets in total. See

20 240 20 260 270 280 290 figure 3 for an example with ground truth.
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Figure 2: The case of flat leaves where the highlight changing
across the baseline. The potential weakness of SISSD is that
dissimilarity difference between the correct match and its sur
roundings is not very pronounced. This makes the global mini-
mum sensitive to jitter.

Since it assumes regions of equal depth, it excels at fronto-planar
scenes, but may have trouble when it comes to steep leaves
plant structures. It was interesting to see how it performed i
this new context. We used Kolmogorov’s implementation of the
graph cut algorithm (Kolmogorov and Zabih, 2002) that is re-
ferred to askzl. This is only a binocular algorithm which used
the 1st and theNth camera.\ was given a small value (half of 3 RESULTSAND DISCUSSION
the automatic setting).

?—ngure 3: A natural case, where two grass-like plants are close
r.iogether and leaves are occluded. The proportion of occluded
plxels is 5% and the proportion of changing highlights are 5%.

The overall results are shown in table 1. It is the mean and
There are three common quality metrics root-mean-square, reprgpread of performance over all plant types. Note that the ground
jection/prediction of a novel view(Szeliski and Zabih, 1999), andtruth maps were calculated in floating points as to represent the
percentage of bad matching pixels. The latter is chosen becaugecaled) inverse of the real height. The disparity maps were inte-
the focus is to generate correct disparity maps. Root-mean-squager pixels. If the ground truth had been rounded, the values would
error does not ensure that the structure and discontinuities are preave been 10-20% lowelM ultis.q., Used the same cameras as
served. Reprojection error does not measure the actual disparityf ultis.q.,, but skipped camera 2 and 4.
error, butwhether the reprojection of one green pixel happen to
hit a matching green pixel in the novel view. However, in a scene The table shows that having those two extra cameras in between
full of green plants that is very likely even if the disparity is very the three cameras did improve the result by 11% in average for
wrong. all pixels, 8% for highlighted pixels, and 8% for occluded pix-

els. Meanwhile, their spread was approximately equal or slightly
The estimated disparity mags were compared to ground truth narrower (for occluded pixels). The significance of 8.9% versus
(deT) using the Percentage of Bad Matching Pixels metrics as ir8.2% is up to the application to decide. The development within



Table 1: Comparison of Stereo setups. Mean PBMP (%) anc=|s.
their standard deviations calculated from all pixels (all), pixels
with different specularity state (high), and occluded pixels (occ).

Stereo Setup All High Occ I
MultisSSSD ~ 89(5.9) 22.1(14.6) 50.3(30.9)
Multiza0.25  8.9(5.6) 20.9(13.7) 55.4(28.7) ]
Multiza0.50  9.9(5.6) 20.6(12.1) 64.6(23.8) - ..

Multisa0.75  13.5(6.6) 23.0(12.2) 69.1(24.0)
MultisSSSD  8.3(5.5) 20.3(13.9) 46.1(28.3)
Multisa0.25  8.2(5.3) 19.4(13.3) 49.9(24.5)
Multisa0.50  8.8(5.4) 19.1(12.7) 55.3(22.5)
Multisa0.75  11.6(6.0) 21.0(12.5) 69.1(20.4)
GraphCut 14.6(8.7) 19.6(16.3) 73.9(24.3)
TrinoMin 10.2(6.5) 23.1(12.5) 30.6(22.3)
TrinoSum 9.8(6.9) 23.6(15.8) 40.3(25.0)
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Figure 5: [Left] Log(disparity error) Multi-baseline SSSD and
[Right] SISSDa = 0.5. These results did not have any banding,
but the difference between the SSSD and SISSD was very small.
The result would be excellent if it were combined with a slope-
and discontinuity preserving graph cut minimization.

Figure 6: [Left] Log(disparity error) trinocular minimuniy,)

Figure 4: [Left] Ground truth and [Right] Graph Cuts and [Right] trinocular sumi.).

Log(disparity error) for steep spotted broad leaf without high-

lights. The banding characteristics were caused by the attemptto ]
impose fronto_p|anar regions on the steep leaves. ranging from 4-12. The same goes for f|gures 8 and 9 that show

the pbmp of highlight pixels and occlusion pixels, respectively.
multis by increasingilpha was devastating for occluded pixels
by 50%, while overall and highlight pixels reach a local minima rigure 7 plot (a)(plants without specular highlights) clearly pins
betweenx = 0.25 anda = 0.5. The benefit was rather small, gown the sources of error for reconstruction in general. The flat-
though; 1% for all pixels and 5% for highlight pixels. The SISSD |eafed plants (since they had no specular highlights on this plot)
measure may be a improvement when using larger window sizegy| score very well. The errors were large when the leaves were
which tend to be the case when using real images. The trinoculagieep or occluding (the model callégio grassy is 5% occluded
measures did well and they excel at occluded pixels, especially comparison to the steep broad leaf which is only 1%).
T... Graph cuts did the worst, except at correcting highlight pix-

els by smoothing those areas. Figure 4 shows why graph cuts d"Phe interesting aspect on plot (a) on figure 7 is that it was the

not do Very well. The disparity map was banded, ie. Stalrcas%teep leaves that best improved slightly from SISSD, while the
shaped, instead of smooth.

flat leaves are reconstructed best through SSSD. However, taking

Figure 5 shows the errors from the multi-baseline reconstructiot 100k at plot (b) reveals that when there were highlight on those
of the same plant. The errors were more recognizable as noidi{at leaves, SISSD was an improvement, too, especially for broad
jitter, which could be removed by an energy minimizing sloped!€af plants.

smooth surface technique.

. ) Note also the fact that the steep leaves were troublesome for
Figure 6 shows the errors from trinocular results for the sameyraph cuts on plot (a) and (c), especially the glossy steep broad
plant. The very steep leaf in the middle and the one to the righfeaf, which was easier for the others compared to grassy plants.
of itare difficult for all the algorithms except trinocular minimum  pjqt (a) to (d) shows consistently tHEs reconstructed grass-like
(T'm). Itis so steep that itis almost a self-occlusion. In the seconghjants better thatf,,, butT,, reconstructed broad leaf plant best.
camera the leaf would be extended along orientation of the basers trend is revisited in figure 8.
line, thus occluding the other leafl’,, simply reconstructed it

from the Y direction. The lesson is that it is not only the orlenta-Figure 7 Plot (d) shows that in the more natural case, SSSD and

tion toward the camera that affects the result, but if the orientatior&, were best, even though,, was best in most occluded parts
of a leaf aligns with the baseline it can be difficult to reconstruct,; ' P

. - . . i figure 9 plot (a) and (b)). Maybe the algorithm could dynam-
it. This is especially a problem with textureless grass-like Ieave%Cally chooseT,, by detecting occlusion with left-right consis-

that aligns with the baseline (Nielsen et al., 2004). In compari-t
son, SISSD was able to reconstruct the steep leaf nearly as goog

but the leaf to the right of it was as bad as Trinocular sii).(

ncy (Fusiello et al., 2000).

Figure 8 plot (a) and (b) shows the subtle strength of SISSD in
Figure 7 plots the all-pixel results grouped by descriptive ob-the highlighted areas. The flat glossy broad leaf was the most
ject parameters, i.e. leaf shape, leaf orientation (flat or steegifficult to reconstruct. Note that this is the plant type that was
leaves), texture, and highlights and occlusion. Horizontal axi$0% highlighted, and there were no texture other than shading
is the setup: M 0.0 (SSSD), M 0.25 (SISSD= 0.25), M 0.5, M and bumps to correlate. The graph cut algorithm were particularly
0.75, Binocular Graph Cut, Trinocular Minimuf,,, and Trinoc-  bad in this case, because it created non existant surfaces in over
ular sumT’,. The vertical axis is the mean pbmp for window sizesthe plant from the errors of the highlights.



4 CONCLUSIONS Jeon, J., Kim, K., Kim, C. and Ho, Y., 2001. Robust stereo
matching algorithm using multiple-baseline cameras. In: IEEE

The relationship between the performances of the algorithms anldacific Rim Conference on Communications, Computers and sig-
the descriptive parameters of the plant objects were investigateial Processing, Vol. 1, pp. 263-266.
A new multi-baseline Sum of Squared Difference based correla- ) )
tion was defined (SISSD) in order to minimize the effect of per-Kolmogorov, V. and Zabih, R., 2002.  Multi-camera scene re-
spective distortion within the windows. The results showed thaf:onstructlon_ via graph cuts. In: IEEE European Conference on
there was a relationship between the performance and the descrip®MPUter Vision.
tiye pgrameters of the.objects. However, SISSD was only a Mafee W. S, Slaughter, D. C. and Giles., D. K., 1996. Develop-
ginal improvement on images with steep leaves (slopes), but more

so in the presence of highlights. It was mainly an improvement afy,q gy application. In: International Conference on Agricul-

the actual highlight areas, especially on shiny broad leaf plant§u | Machi Enai ing '96. Seoul. K 802-811
On the other hand SSSD was better at matching the occluded ars 0 achinery Engineening 9, Seot, Korea., pp- '

eas. The best algorithm for occluded areas was the trino€ular Lj, v,, Lin, S., Lu, H., Kang, S. and Shum, H.-Y., 2002. Multi-
algorithm. Binocular Graph cuts were not able to reconstruct th@aseline stereo in the presence of specular reflections. In: IEEE
slopes in steep leaves, but the smoothness optimization seemgfl| Conf. on Pattern Recognition, Vol. 3, pp. 573-576.

to smoothen over the errors from highlights, when the highlight

areas were not too large. The results showed a complicated réin, M. and Tomasi, C., 2004. Surfaces with occlusions from
lationship of trade-offs that points toward further developmentlayered stereo. In: IEEE Transactions on Pattern Analysis and
combining the strengths of the individual configurations. Machine Intelligence (PAMI), Vol. 26(8), pp. 1073-1078.

ent of a machine vision system for weed control using precision

4.1 Perspectiveson futurework Mulligan, J. and Daniilidis, K., 2002. Trinocular stereo: A real-
time algorithm and its evaluation. International Journal for Com-

An improvement to the SISSD measure could be to hawe-  Puter Vision 47, pp. 51-61.
pend on the distance from reference image. Another 'meresunﬁlielsen, M., Andersen, H. J., Slaughter, D. C. and Granum, E.,

a_lspect would be to place the 5 cameras in a trinocular setup. T%OS. Ground truth evaluation of 3d computer vision on non-
five cameras would then complete two systems of three-camerﬁgid biological structures. In: J. Stafford (ed.), Precision Agri-

multi-baseline systems in each direction. culture 05, Wageningen Academic Publishers, The Netherlands,

Furthermore, a multi-baseline or trinocular algorithm in combi-PP- 549-556.

nation with graph cuts would be interesting to pursue, and tQ\je|sen, M., Christensen, L. K. and Andersen, H. J., 2004. Sub-
improve its ability to reconstruct steep slopes. There are othegaf scale remote sensor for npk discrimination using stereo vi-
works on these aspects to pay special attention to (Buehler &l |n: Engineering the Future, International Conference on

al., 2002)(Lin and Tomasi, 2004). Buehler’s trinocular algorithmAgricuItural Engineering, Leuven, Belgium, 12-14 September,
does not handle the situation where occlusion only exist in ON&gagsion 10 no. 327.

camera pair. This was the strength of the trinocular minimum

algorithm in this paper. Lin and Tomasi’s algorithm for sloped Okutomi, M. and Kanade, T., 1993. A multi-baseline stereo. In:

surfaces relies too strongly on large smooth surfaces. This mafEE Transactions on Pattern Analysis and Machine Intelligence,

be a problem for natural leaves that can be curled and there mighbl. 15(4), p. 353363.

only be small segments showing of each leaf, while the surface

boundaries are only vaguely defined by intensity edges (someScharstein, D. and Szeliski, R., 2002. A taxonomy and evaluation

times not at all). of dense two-frame stereo correspondence algorithms. Interna-
tional Journal of Computer Vision 47(1/2/3), pp. 7-42.

The final step is to create a mesh that is able to treat intertwinin% ) o )

and overlapping leaves as individual surfaces. charstein, D. and Szeliski, R., 2003. High-accuracy stereo depth
maps using structured light. In: IEEE Computer Society Confer-
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proves performance.
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Figure 7: PBMP from all pixels results by object type and leaf MO0 MO25 MOS0 MOTS Gre T TS
orientation. The worst case occlusion is ffweo Grassy Plants b]

model being 5% occluded. The worst case of highlights were the

flat grass-like and flat broad-leaf. 20% of their area suffered from ) )
changing specular highlights. Figure 9: PBMP from occluded pixels results by object type.

Trinocular minimumT,,, is the best algorithm for occluded ar-
eas.



