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Abstract

An approach for rapid, automatic detection of plant roots in minirhizotron

images is presented. The problem is modeled as a Gibbs point process with a

modi�ed Candy model, in which the energy functional is minimized using a greedy

algorithm whose parameters are determined in a data-driven manner. The speed

of the algorithm is due in part to the selection of seed points, which discards

more than 90% of the data from consideration in the �rst step. Root segments

are formed by grouping seed points into piecewise linear structures, which are

further combined and validated using geometric techniques. After root centerlines

are found, root regions are detected using a recursively bottom-up region growing

method. Experimental results from a collection of diverse root images demonstrate

improved accuracy and faster performance compared with previous approaches.

1 Introduction

Minirhizotrons are a widely used, non-destructive technology for measuring and tracking

the production, growth, and turnover of plant roots in experimental and natural ecosys-

tems [8]. These transparent tubes are buried in the ground to allow repeated observation
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of plant roots via miniaturized cameras lowered into the tubes at periodic (e.g., biweekly)

intervals. The vast amount of data captured by minirhizotronspresents a challenge for

researchers, who have traditionally annotated such images by hand | a laborious and

time-consuming process that can consume thousands of hours per experiment. This bot-

tleneck has motivated various researchers to explore ways ofautomatically extracting

root information from the images without manual annotation[15, 2, 4, 5, 6, 7, 17, 14].

These methods have focused primarily on estimatingtotal root length, rather than on

identifying and measuring the length ofindividual roots in each image. This limitation

motivated us in earlier work [18] to develop an algorithm for detecting and measuring

individual roots, a necessary step for the statistical analysis of root turnover and other

important parameters.

In this paper, we model the problem using a Gibbs point process. The model includes

a term for the intensity energy of individual line segments composing a root, as well as

a term for the interaction energy between line segments. The intensity energy aligns the

segments with local maxima in the image known as seed points, while a modi�ed Candy

model [13] is proposed for the interaction energy. An e�cient greedy algorithm for

minimizing the total energy functional is presented, which takes advantage of a rapid

approach for identifying the seed points, borrowing from the idea of interest regions

[9, 3, 12]. Throughout, a data-driven methodology is adopted in which weights and

thresholds are determined by measuring parameters in a labeled training database. The

resulting algorithm is not only orders of magnitude faster than our previous approach,

but it also yields better results on three challenging databases of peach, magnolia, and

maple images.
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2 Root Energy Model

Point processes are used to model random collections of point occurrences [16, 13]. More

formally, let K � R2 be a compact subset of the Euclidean plane, and let 
 =[ 1
n=0 
 n

be the con�guration space, where 
n is the set of all unordered con�gurations! =

f ! 1; : : : ; ! ng consisting of n points ! i 2 K . A �nite spatial point process on K is

de�ned as a random measureN : A ! Z+ , such that N (A) represents the number of

points that lie in the region A � K . The simplest point process is the Poisson process,

in which the points are distributed on the plane according to auniform distribution with

no interaction between the points.

In a Markov process with pairwise interactions, the probability of a particular con-

�guration is a function of both the individual points and the interactions between the

points. By the Hammersley-Cli�ord theorem, this can be written as the product of

clique interaction functions:

p(! ) = �
Y

! i 2 !

e� � (! i )
Y

! i ;! j 2 !

e� 
 (! i ;! j ) (1)

= � exp(� U(! )) ; (2)

where� is a constant that ensures
P

! 2 
 p(! ) = 1, and U(! ) =
P

! i 2 ! � (! i )+
P

! i ;! j 2 ! 
 (! i ; ! j ).

Without loss of generality, the energy termU enables us to consider the process to be a

Gibbs process.

Our goal in this work is to extract the roots in an image, whichwe model as a network

of connected segments. A segment is given bysi = ( ! i ; mi ), where ! i = ( x i ; yi ) are the

coordinates of its center, andmi = ( ` i ; � i ) 2 M are the length and orientation of the

segment, respectively. This is a marked point process, in which each point ! i has an

associated characteristicmi . The line network s = f s1; : : : ; sng that we wish to extract
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is considered as the realization of a point process onK � M . Within the framework of a

Gibbs point process, the probability density of our model isp(s) / exp(� U(s)), where

U(s) = UD (s) + UI (s); (3)

and where the two terms represent theintensity (or data) model and the interaction

model, respectively. The network estimate is obtained by minimizing the energy func-

tional U(s):

ŝ = arg min
s

f UD (s) + UI (s)g:

2.1 Intensity model

The graylevel pro�le of the cross section of a young root approximates a Gaussian curve

[18], with the peak of the Gaussian in the center of the root. Based onthis observation,

the intensity model seeks to �t each segment to nearby local maxima of the image. Let

X be the set of pixels in the image which are local maxima, and letX i � X be the set

of local maxima that lie within a rectangle of �xed width centered and aligned with a

line segmentsi . We say that X i contain the maxima that lend support to si . Let us

de�ne the spread of X i as the shortest path length connecting the points divided by

the number of points jX i j. The spread of a line segment is equivalent to the average

distance between neighboring points in the set, with neighbors de�ned by �rst ordering

the points according to their projection onto the segment. De�ne the residue of X i as

the mean squared error of the points with respect to their distance fromsi .

With these de�nitions, we formulate the intensity energy of a segment as a linear
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combination of various pieces of evidence:

UD (si ) =
NDX

j =1

wj gj (si ); (4)

whereg1(si ), g2(si ), and g3(si ) are respectively the spread, residue, and support ofsi , as

de�ned above. A fourth property is based on the observation that the width of a root

tends to be fairly constant. We de�neg4(si ) as the width stability, or the percentage

of pixels whose width (perpendicular distance to the nearest intensity edge) is within

some tolerance of the estimated root width. The total intensityenergy is obtained by

assuming linear independence between the segments:UD (s) =
P n

i =1 UD (si ), and the

weights wj are learned from the data, as explained later.

2.2 Interaction model

We adopt a modi�cation of the Candy model [13] to represent the interaction between

segments. Letpi = ! i � `
2(cos� i ; sin� i ) and qi = ! i + `

2(cos� i ; sin� i ) be the two endpoints

of si . We de�ne the attraction region A i of si as the set of points such that! 2 A i if

and only if jj ! i � pi jj < � i or jj ! i � qi jj < � i , where � i = ` i =3. Two segmentssi and sj

are considered to have an attraction interaction with one another if pi 2 A j or qi 2 A j

or pj 2 A i or qj 2 A i . Interaction is illustrated in Figure 1.

Segments can be connected at either end to another segment, orthey can be uncon-

nected. The interaction function penalizes segments that are connected but not well

aligned:

UI (si ; sj ) =

( P N I
j =1 w0

j hj (si ; sj ) if si and sj are connected

uc otherwise
(5)

where theproximity h1(si ; sj ) = min fjj pi � pj jj ; jjpi � qj jj ; jjqi � pj jj ; jjqi � qj jjg measures

the minimum Euclidean distance between the end points on two segments, thealignment
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Figure 1: A segments1 and its attraction region. Segmentss3 and s4 interact with s1,
while s2 does not.

h2(si ; sj ) = ( � � � ij )=� , where� ij is the angle between the two segments, measures their

curvature, and uc is a constant. Note that unlike the work of Stoica et al. [13], we do

not penalize superposition and therefore do not need a rejection interaction function.

As with the intensity model, the weightsw0 are learned from the data, and indepen-

dence among the segment pairs is assumed:UI (s) =
P

si � sj ;i<j UI (si ; sj ), where si � sj

means that segmentssi and sj are interacting segments.

3 Minimization Algorithm

The energy functional in (3) is minimized using a greedy approach involving three steps:

Selecting seed points, grouping seed points into connected line segments, and validating

roots. The weights used in these steps are learned from the data.

3.1 Selecting Seed Points

The �rst step of the algorithm is to search for local maxima in thesmoothed im-

age intensity function, which is obtained by convolving witha lowpass Gaussian �lter

(sigma = 2:0) to reduce the e�ects of noise. Computation is greatly reduced by search-

ing in 1-D, only along a fraction 1=N0 of the rows and columns of the original image,

where N0 is the spacing between horizontal or vertical grid lines thatare processed.
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(a) b vs. e (b) g1 vs. g2 (c) g3 vs. g4 (d) h1 vs. h2

Figure 2: Each column shows the distribution of a pair of parameters for actual roots
(red o, top) and false root-like objects (bluex, bottom). A perceptron algorithm yielded
the overlaid decision boundaries, which arev = [0:3 74:9 � 82:4]T , [0:5 21:8 � 176:0]T ,
[8:5 8:8 � 16:6]T , and [1:8 2:8 � 1:2]T , respectively from left to right.

The resulting local maxima from this step in the computation are termedcandidate seed

points.

For each candidate seed point, we compute two properties: the height e, which is the

normalized gray level intensity value, and the breadthb, which is the image distance

between the two neighboring local minima on either side of themaximum. This distance

is computed horizontally (vertically) for candidate seed points along the rows (columns).

To distinguish true seed points from local maxima due to background noise, we apply a

linear discrimator v = [ v1 v2 vT ]T to the (b; e) pair. Points for which [b e 1 ]v � 0

are retained asseed points, while the other points are discarded.Figure 2a shows the

discriminator v learned by applying the perceptron algorithm [10] [11] to data collected

from a training set of 50 images. The positive examples include all the pixels along a

centerline, while the negative examples include the remaining pixels. The plot shows

the results from all three image sizes, scaled to the original size. The true positive rate,

or sensitivity, of the discriminator v on the training set is 92%.
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Figure 3: The optimal grid spacingNo is empirically determined as a tradeo� between
the number of detections and computation. The performanceP, which is the ratio of
the two plots to its left, peaks at N0 = 10.

Processing only a subset of the rows and columns achieves a signi�cant increase in

speed at the expense of missed detections.Figure 3 shows an inverse relationship be-

tween the grid spacingN0 and the number of detected local maxima, seed points, cen-

terline segments, and centerlines (formed by connecting the segments), as well as the

computation time, on the training database. We de�ne the performanceP as the ratio of

the number of detected centerlines and the computation time. As can be observed from

the �gure, the peak at N0 = 10 exhibits a reasonable tradeo� between the computation

cost and detection performance.

By processing only every tenth row and every tenth column, 90% of the data is ignored

outright. After seed points have been detected, then more than99.6% of the data is

ignored in subsequent processing, thus greatly improving the running time of the algo-

rithm. We apply the seed point detection at three separate image scales, downsampling

by a factor of two in each direction for each successive scale. Forthe downsampled image

at level k, the grid spacing used isNk = N02� k , k = 0; 1; 2. Seed points that overlap

another seed point at a lower resolution are discarded, where overlap is de�ned using
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original size (k = 0) half size (k = 1) quarter size (k = 2) combined scales

Figure 4: An example of seed points detected by rows (top) and by columns (bottom) at
three di�erent scales, along with the result from combining thethree scales. The dark
lines are the initiated width of the seed points.

Figure 5: An example of centerline detection.Left to right : detected seed points, �tted
centerline segments, combined centerline segments, and connected centerline segments.
The right image also shows the removal of extraneous segments bythe validation step.

the width of the local maximum. The results of this seed point selection step by rows

and by columns is displayed inFigure 4.

3.2 Root Centerline Detection

Once seed points have been detected in an image, they are used toestimate the location

of the root centerlines. Figure 5 shows the primary steps involved: line segments are

�rst �tted to seed points, then similar line segments arecombined, �nally compatible

line segments areconnected.

A region-growing procedure is adopted to group the seed points. A point is selected at

random, along with its closest neighbor, and a line segment is �tto the pair. The segment
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is then extended and adjusted by iteratively incorporating nearby seed points whose

spreadg1 and residueg2 are small, using the discriminant function shown inFigure 2b.

The points belonging to the segment are removed from further consideration, and the

process is repeated to the remaining points in order to detectadditional segments in the

same manner, terminating once all seed points have been examined.

Because this procedure is based solely upon the coherence of thelocations of local max-

ima in the image intensity function, it sometimes detects bright regions in the background

in addition to the actual roots. To remove these false positives, aseparate validation step

is performed. For each roots detected, the probability P(Dvalid js) = expf�  (Dvalid js)g

is computed, where the energy function is based on the supportg3 and width stability

g4:  (Dvalid js) = w3g3(s) + w4g4(s). The weights are determined by applying a linear

discriminant algorithm to training data, as shown inFigure 2c.

Although the foregoing procedure quickly �ts line segments topoints, it su�ers from

oversegmentation. To remedy this problem, pairs of line segments are tested forcom-

binability. Two line segmentssi and sj are combined into a single segmentsc if the

intensity energy of the combined segment is less:UD (sc) � UD (si ) + UD (sj ): In this

equation, the supportg3 is the same on both sides, and we omit the width stabilityg4

for computational reasons. As a result, the intensity energy considered here is based

only on spreadg1 and residueg2, so that line segments are combined if they are near

each other and well aligned, according to the weighting function described previously.

In addition to combinability, we introduce the connectability function to join attracted

line segments that belong to a curved root whose orientation isnot constant based on

their interaction energy. We de�ne the connectability of two attracted line segments

si and sj as the probability P(Dconn jsi ; sj ) = expf�  (Dconn jsi ; sj )g, where the en-

ergy function is based on theproximity and alignment:  (Dconn jsi ; sj ) = w0
1h1(si ; sj ) +

w0
2h2(si ; sj ): The weights are determined by applying a linear discriminantalgorithm to
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the training data, as shown inFigure 2d, which leads touc = � 1:2.

3.3 Root Region Detection

Up to now, we have modeled a root as a sequence of centerline segments. For studying

�ne root dynamics in plants, it is also important to determine the width and linear

extent of a root. To accomplish this objective, a procedure that we call constrained


ood�ll is applied to the extracted centerlines. An intensity valuev is de�ned as the

minimum graylevel of all the seed points that lend support to the root centerline. The

region is grown from these seed points into all the connected pixels whose graylevel is

at least as bright asv and whose location is within
r pixels of the centerline, wherer

is the average width of the root measured during the validation step, and
 = 0:5 is a

constant.

Although this simple procedure works much of the time, it failsin two cases shown

in Figure 6. First, when the root is partially occluded by dark background noise, dis-

connected regions may be produced for the same root. To handlethis situation, an

occluded dark pixel is automatically selected between the two separate seed points along

the centerline as the start point, then the 
ood�ll algorithm is applied again to detect

the occluded region. The region growing process stops when it reaches the previously

detected regions.

Secondly, when the centerline algorithm of the previous section does not connect all

the segments of a root, the growing procedure will result in disconnected regions. To

solve this problem, an additional root connection process similar to the connectability

function previously described is applied. As before, the intersection type of any two root

sections is determined as anattraction if they overlap near their ends.

Let R1 and R2 be two root regions with an attraction intersection. The intersection
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Figure 6: Examples of root region detection failure caused bybackground occlusion
(top) and broken centerline (bottom). Left to right : detected centerlines, one detected
root region, another detected root region, and the re�ned root region.

I = R1 \ R2 between the regions is computed, as well as the leftover regionsR0
1 = R1nI

and R0
2 = R2nI . Let � = jI j

min( jR1 j;jR2 j) be the overlap ratio, and let' R1 ;R2 be the angle

between the two lines connecting the centroid ofI and the centroids ofR1 and R2. Let

jR00
1j be the size of the second-largest connected component ofR0

1, or 0 if R0
1 has only a

single component; and letjR00
2j be de�ned similarly. Then the two regions are combined

if their overlap is signi�cant or if their angles are compatible and no large leftover regions

exist: � � � � or (' R1 ;R2 � � ' and jR00
1j < � r and jR00

2j < � r ). We set � � = 0:7, � ' = 80

degrees, and� r = 50 pixels.

4 Experimental results

Our algorithm was developed and tested using a database of 450 minirhizotron images

(640� 480) from three di�erent plant species: peach (Prunus persica), Freeman maple

(Acer x freemanii), and sweetbay magnolia (Magnolia virginiana).1 Of these images, 200

contained no roots, while the rest contained one or more young roots of di�erent type,

size, shape, background composition, and brightness. The image backgrounds contained

1The database is available athttp://www.ces.clemson.edu/~stb/research/horticultu re/ .
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a wide variety of bright non-root objects including light soil particles and water droplets.

We randomly selected 50 images for algorithm development andused the remaining 400

images as the test set. For ground truth, roots were labeled by hand if their diameter

was greater than 0:3 mm and their length greater than 1:8 mm.

The results of the algorithm on selected peach images are shown in Figure 7. Multiple

non-overlapping roots with curvature (#11, #36) cause no problem for the proposed

algorithm, while the more di�cult scenario of overlapping roots is also detected correctly

(as in #82). One important challenge for root imagery is the occlusion of the roots by

the soil which makes it di�cult to detect the root as a single region using our previous

work. By applying the 
ood�ll method with a width limitation , the algorithm is able to

correctly recovery the occluded region (#36, #37). For comparison, we also show the

results of our previous matched �lter / local entropy algorithm [18], augmented with

the Adaboost discriminator trained on geometry- and intensity-based cues [19]. The

previous algorithm has di�culty detecting small roots (#11) , estimating the length of

roots when encountering overlap (#82), and correctly handling occlusion (#36, #37).

Compared with the peach images, themaple and magnolia images are of consider-

ably reduced image quality, thus presenting an even greater challenge to root detection.

Nevertheless, as shown inFigure 8, the proposed algorithm achieves accurate results,

correctly detecting roots with low luminance (#141, #149) or low contrast to the back-

ground (#129, #141). Meanwhile, waterdrops or bubbles (#110) are correctly ignored.

A quantitative comparison of the two algorithms on this database is shown inTable 1.

The new algorithm achieves nearly 90% accuracy on all types of plants, whereas the

previous approach achieves only 80%. Moreover, the parameters for the new algorithm

were the same for all experiments, whereas we manually selecteddi�erent parameters

for the three species for the previous algorithm. In addition, the proposed algorithm is

13



4/ 5 3/ 3 (2) 1/ 1 (1) 2/ 2 

5/ 5 3/ 3 1/ 1 2/ 2 

#11 #36 #37 #82

Figure 7: The results of our previous algorithm [18, 19] (middle row) and the proposed
algorithm (bottom row) on some images frompeach. Overlaid on each image is the
number of roots successfully detected (at least 50% of the regionfound) and the total
number of roots in the image, along with the number of false positives (if any). The
number below each image identi�es it in the database.
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1/ 2 0/ 1 0/ 1 0/ 1 

2/ 2 1/1 1/ 1 1/ 1 

#110 #129 #141 #149

Figure 8: The results of our previous algorithm [18, 19] (middle row) and the proposed
algorithm (bottom row) on some images from the more di�cult maple and magnolia
databases.

signi�cantly faster: 344 ms per image instead of 20 s (on a 2.8 GHz Pentium 4 computer).

Root type Peach Maple Magnolia
TPR FPR TPR FPR TPR FPR

Zeng et al. [18, 19] 92% 5% 60% 7% 68% 9%
Proposed algorithm 92% 6% 87% 8% 84% 6%

Table 1: The true positive rate (TPR) and false positive rate (FPR) of the two algorithms
on three di�erent types of roots.

For completeness, we show some examples in which the proposed algorithm fails

in Figure 9. Roots with dark background noise(#35, #158), bright background noise

(#114, #155), or excessive curvature in a root (#155) can confuse the algorithm and

lead to erroneous results. Moreover, the algorithm tends to underestimate root length,

as seen inFigure 7. Such scenarios are reserved for future work.
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1/ 2  1/ 1 (1) 1/ 1/ (1) 1 / 1 (1) 

#35 #114 #155 #158

Figure 9: Examples of detection or measurement errors on di�cult images.

5 Conclusion

In this paper we have described a novel technique for fast and automatic detection of

bright young roots in minirhizotron images. A Gibbs point process is used to model the

formation of line segments composing roots, and a data-driven approach is used to de-

termine the parameters and thresholds of the algorithm. Basedon the assumption that

all pixels on the centerline of a root are local intensity maxima, the greedy algorithm

�ts line segments to rapidly detected seed points. It then combines and connects seg-

ments according to a modi�ed Candy model of interaction energy. From these segments,

the algorithm detects root regions by employing a recursive bottom-up region growing

method known as constrained 
ood�ll. Experimental results show that the algorithm is

not only faster but also more accurate than previous approaches.

One direction for future work is to incorporate the algorithm into an application, such

as our Root
y tool [1], which would enable plant scientists to immediately bene�t from

this research. Along these lines, reinforcement learning techniques could be incorporated

into the method, in order to improve detection accuracy basedupon user interaction with

the software. In addition, further study of occlusion analysis and tracking roots over
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time as their color darkens would yield potential improvements to the algorithm. Finally,

other natural applications of this work include detecting roads in satellite images, vessels

in medical images, and palm prints for biometric systems.
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