
Plant Growth MeasurementTechniques Using Near-InfraredImageryAmr Aboelela John BarronDept. of Computer ScienceUniv. of Western OntarioLondon, Ontario, Canada, N6A 5B7barron@csd.uwo.ca Albert LiptayAgriculture and Agri-food CanadaGreenhouse and Processing Crop CentreHarrow, Ontario, Canada, N0R 1G0liptaya@em.agr.caAbstract We examine the usefulness of variousimaging techniques, including optical 
ow, formeasuring plant growth for corn seedlings andCaster Oil Bean leaves. A near-infrared camera,which allows one to measure optical 
ow in thelight and in the dark, is used. For corn seedlingswe have already used optical 
ow to obtain 3Dimage velocity as a measure of growth perfor-mance. We propose two new growth metrics formeasuring growth, one based on elongation ofthe stem/leaf and the other based on the areachange of the stem/leaf. These metrics are ex-amined by measuring the corn seedling growthunder various combinations of root tempera-tures (warm or cold) and under various lightingconditions (light to dark). For caster oil beanleaves we use Horn and Schunck's optical 
ow al-gorithm to compute the globally consistent 
ow�eld for a moving, growing leaf. We use 1st or-der divergence of the 
ow to hypothesize wheregrowth might be taking place.Keywords: Near-Infrared Imagery, CornSeedling stem/leaf growth, Caster Oil Bean leafGrowth, Optical Flow, Optical Flow Divergence1 IntroductionWe are interested in the measurement of plantgrowth using optical 
ow. We use a nearinfrared-camera with near-infrared light sources,which allows us to measure optical 
ow in thelight and in the dark. Infrared light is just abovered light in the visual spectrum and allows usto \see" in the dark with a normal black andwhite camera with minor modi�cations. Unlike

infrared light, near-infrared light responds onlyminimally to heat. Using a near-infrared cam-era will allow us to measure the growth of cornseedling stems/leafs under various temperatureand lighting conditions. We also examine thegrowth of caster oil bean leaves using a diver-gence of 
ow calculation.2 BackgroundWe have presented a non-contact optical method[6] for measuring minute amounts of plantgrowth using optical 
ow calculations on an im-age sequence of a sprouting young corn seedling.This method eliminates the plant contact re-quired by use of displacement transducers [9,10, 11] and the complexity in the setup requiredwhen using interferometry [12, 13]. In thatstudy [6], we demonstrated the feasibility of themethod for measuring corn seedling growth in100 images when the corn seedling's root tem-perature was decreased from about 25� Celsius(room temperature) to about 11� Celsius andthen back again to room temperature. Plantgrowth and root temperature were well corre-lated (Pearson's coe�cient of 0.93); the methodcould measure growth rates as low as 5 mi-crons/second. In further work [7], much longerimage sequences (more than 2000 images) wasanalyzed by optical 
ow and the growth not onlyof an original corn seedling but also (separately)that of leaves emerging from the coleoptile couldbe measured.A method was presented to measure 3D plantgrowth using the optical 
ow computed on an



image sequence of a growing corn seedling [8].Each image in the sequence consists of two viewsof the same growing corn seedling; one view ofthe corn seedling is front-on while the secondview is a orthogonal view (at 90 degrees) of theseedling made by projecting the plant's orthog-onal image onto a mirror oriented at 45� withrespect to the camera. We compute 3D veloc-ity (motion) of the corn seedling's tip by usinga simple extension of the 2D motion constraintequation used in optical 
ow analysis. We ob-tain 3D image velocities, (vx; vy; vz), in a singleleast squares calculation.3 Apparatus DescriptionOur imaging apparatus consisted of a SonyXCEI50 black and white camera with a Schnei-der Xenoplan 1.4/23mm lens (to allow both vis-ible and near-infrared light to enter the cam-era) and an RM-90 IR �lter (Edmund Optics) infront of the camera's CCD to block out visiblelight. We used 2 IR LED illumination sources(peak intensity at 880nm � 25nm) also made byEdmund Optics. We used a LI-COR-1800 spec-troradiometer to measure the spectrum of thenear-infrared light sources. Figure 1 shows themeasured spectrum for one of our light sources.As can be seen, the spectral irradiance is about0.85 (watts/m2/nm) at 880nm.
Figure 1: Near-infrared spectrum of the infraredlight sources used in our experiment as measuredby LI-COR-1800 spectroradiometer.Corn seeds were sown singly in modi�ed peatmoss growing medium in black polyethylenetubes 10 cm long and with a 1 cm inner diam-eter. The camera, plant/tube and mirror werecontained in a wooden box. Figure 2 shows theexperimental setup use in our lab.The use of the box allowed the elimination

Figure 2: The actual setupof any room air currents and constant main-tenance of the scene temperature and lighting.The tube with a corn seedling at the primary leafstage was inserted into a glass bottle containingwater and coils from water baths set at varioustemperatures. The seedling shoot was exposedto the ambient room air temperature of about20�C while the roots in the tube were exposedto the water bath temperature. The seedlingswere grown initially at temperatures of 12�C or24�C for periods of either 100 or 300 minutes.Similarly, a �bre optics light source was turnedon or o� for either 100 or 300 minute intervals.An image was acquired every 2 minutes duringthis activity (yielding either 50 or 150 images)for each temperature/lighting period.Each image in the sequence consists of twoviews of the same growing corn seedling; oneview of the corn seedling is front-on while thesecond view is a orthogonal side view (at 90 de-grees) of the seedling made by projecting theplant's orthogonal image onto a mirror orientedat 45� with respect to the camera. This allowsus to measure 3D optical 
ow by measuring two2D optical 
ows [8].4 Optical FlowWe use two optical 
ow algorithms in the workdescribed here. We use Lucas and Kanade's al-gorithm [3] extended to give a single 3D imagevelocity, (vx; vy; vz), from front and side views ofthe same corn seedling. We also use Horn andSchunck's algorithm [4] to measure smooth 
ow�elds on a Castor Oil Bean leaf.



4.1 Lucas and Kanade Optical FlowThe basis of all di�erential optical 
ow methodsis the motion constraint equation,Ixvx + Iyvy = �It; (1)where Ix, Iy and It and the spatio-temporalimage intensity derivatives and (vx; vy) are thex and y components of the 2D image motion(image velocity). If the camera is reasonablyclose to the plant these 2D motions are verygood approximations to the actual 3D motionsin those dimensions as then perspective projec-tion is roughly orthographic projection. Equa-tion (1) is one equation in two unknowns. Anyvelocity that satis�es this equation is potentiallythe correct velocity. If we assume the motionis constant in some neighbourhood than two (ormore) sets of derivatives can yield a non-singularlinear (least squares) system of equations thatyield values for (vx; vy).The velocity with the smallest magnitude onthe motion constraint equation is called the nor-mal velocity as it is one of the endpoints on theshortest line from that point to the origin (thisline is perpendicular [normal] to the motion con-straint line) and is given by ~vn = vnn̂, wherevn = �ItjjrI jj2 and n̂ = (Ix; Iy)jjrI jj2 (2)are the normal velocity magnitude and the nor-mal velocity direction and rI = (Ix; Iy) is thespatial intensity gradient. We do not computeor use normal velocities in this study.Di�erentiation was done using Simoncelli's[5] matched balanced �lters for low pass �lter-ing (blurring) (p5) and high pass �ltering (dif-ferentiation) (d5) [see Table 1]. Matched �ltersallow comparisons between the signal and itsderivatives as the high pass �lter is simply thederivative of the low pass �lter amd should yieldmore accurate derivative values. Using thesetwo masks Ix is computed by applying p5 inthe t dimension, then p5 to those results in they dimension and �nally d5 to those results inthe x dimension. Iy and It are computed in asimilar manner. Before performing this �lter-ing we use a simple averaging �lter [14 ; 12 ; 14 ] toslightly blur the images. Simoncelli claims thatbecause both of his �lters were derived from thesame principles more accurate derivatives resultand he demonstrated this on the Yosemite Fly-Through sequence [5, 2]. We use the normal

n p5 d50 0.036 -0.1081 0.249 -0.2832 0.431 0.03 0.249 0.2834 0.036 0.108Table 1: Simoncelli's 5-point Matched/BalancedKernelsmotion constraint equation for (vx; vy) given inequation 1 while we use a modi�ed form of themotion constraint equation for the side image�Ixvz + Iyvy = �It (3)to compute (vy ; vz). Note that the minus sign infront of Ix is necessary as a negative x velocity inthe front image is a positive z velocity in the sideimage. These two equations yield 2 equations in3 unknowns (vx; vy; vz). We measure Ix, Iy andIt for the two views and use equations (1) or(3) to set up a linear system of equations whichwe can solve for in the least squares sense (wemust have at least one derivative set from eachof the views or a (vx; vy; vz) calculation is notpossible).4.2 Horn and Schunck Optical FlowHorn and Schunck [4] combined the gradientconstraint (1) with a global smoothness termto constrain the estimated velocity �eld ~v =(vx; vy), minimizingZD(rI � ~v + It)2 + �2(jjrvxjj22 + jjrvyjj22)dxdy (4)de�ned over a domain D (the image), wherethe magnitude of � re
ects the in
uence of thesmoothness term. We used � = 1:0 and � = 10:0in this study. Iterative equations are used tominimize (4) and yield the optical 
ow �eld as:vk+1x = �vxk � Ix[Ix �vxk + Iy �vyk + It]�2 + I2x + I2y (5)vk+1y = �vyk � Iy [Ix �vxk + Iy �vyk + It]�2 + I2x + I2y ;where k denotes the iteration number, v0x andv0y denote initial velocity estimates which are setto zero, and �vxk and �vyk denote neighbourhoodaverages of vkx and vky . We use at most 100 it-erations in all testing below. Di�erentiation forcomputing Ix, Iy and It was done using Simon-celli's �lters [5] as outlined above.



4.3 Experimental NomenclatureOur experiments consist of measuring cornseedling growth/motion in a variety of condi-tions. For example, STEM-LDL-CWC indi-cates a growth/motion sequence for a stem,with the light/dark condition, LDL, meaninga change in the lighting as Light/Dark/Lightevery 150 frames. At the same time, CWCmeans changing the cold/warm condition asCold/Warm/Cold every 50 frames. At the endof every 150 frames, the CWC sequence re-peats itself again but potentially in a di�erentlighting condition, as in this case. The nameLEAF-LDL-WCW indicates a growth/motionsequence for a leaf where the light/dark condi-tion, LDL, means a change in the lighting asLight/Dark/Light every 150 frames, while thetemperature condition, WCW, means changingthe cold/warm condition every 50 frames asWarm/Cold/Warm. At the end of 150 framesthe WCW cycle repeats itself. Because each im-age is acquired at 2 minute intervals, 50 framesequal 100 minutes while 150 frames equal 300minutes.4.4 Experimental De�nitionsFor estimating the seedling growth value, in Bar-ron and Liptay's work [6, 7, 8], the image veloc-ities, ~v = (vx; vy; vz) were summed over time.Here we introduce a new scalar value calledVnorm�total which means to get the total L2norm of every single velocity at each frame i:Vnorm�total = nXi=1 jj~vijj2: (6)Another scalar value called total displace-ment (Dtotal) is computed as the L2 norm ofthe sum of every single velocity vector at eachframe: Dtotal = jj nXi=1 ~vijj2: (7)Now, the rate of displacement change, Drate,is computed as:Drate = Dtotali �Dtotali�1: (8)Here i denotes the current frame number andi� 1 the previous frame number.The total elongation of the corn seedlingstem/leaf can be approximated by the displace-ment value based on a sum of velocities. Error inthis measure is introduced when the stem/leaf is

bent, then the tip starting point projection po-sition changes with time. Furthermore, becausethe seedling sometimes just sways about whileit is growing, it is inaccurate to measure the L2norm of the image velocity components at thecorn seedling tip for a short time interval, butrather to measure the displacement over a sig-ni�cant time interval to obtain a better approx-imation for the seedling elongation. In this way,respective negative and positive values of the x,y and z components of image velocity will canceleach other out when summed.4.5 Plant ElongationOne way to measure the elongation of thecorn seedling involves projecting the tip startingpoint onto the current growing plant seedling.Figure 3 shows this projection from the tip start-ing point Pt1 to a projected point Ppi on the cornseedling at time (current frame) i.We determine Ppi by �rst getting Pci whichis the intersection of the lines Pt1Pf1 and PtiPfilines, where Pf1 and Pfi are pixels measured inthe bottom row of the corn seedling in frames 1and i respectively.Now r, the distance fromPci to either Ppi orPt1 is equal as it is the distance swept along thearc from Pt1 to Ppi :r = jj ~Pt1Pci jj2 = jj ~PpiPci jj2: (9)Then L, the stem elongation is:L = jj ~PtiPci jj2 � jj ~PpiPci jj2: (10)Given the intersection point of lines Pt1Pf1and PtiPfi , i.e. Pci , we can compute the pro-jection point Ppi as the point on the ray givenby: Ppi = Pci + PciPtijjPciPti jj2 � r: (11)In the event that \bends" appear in the stem,if those bend points can be detected, then thiselongation method can easily be extended tohandle them.



Figure 3: Measuring the corn seedling elonga-tion as the stem sways: we want to measureelongation of the stem only.4.6 Plant Area ChangeA second way to measure corn seedling growth isto measure the area extension of the plant fromframe 1 to frame i, as shown in Figure 4. As inthe previous section, we compute Ppi , the pro-jection of Pt1 onto the line PciPti . From thatpoint (upwards) we compute whether a pixelbelongs to a plant stem or the background bya simple threshold on grayvalue (30). A simplecount of these stem pixels gives a rough estimateof area increase. Note here that we are assumingthat the stem areas below Pt1 and Ppi are equal;actually the area under Ppi will probably be abit bigger because of subsequent growth.For a corn seedling stem/leaf we can alsocount the number of pixels comprising its sur-face. This involves use a threshold � (we usevalue 30) to separate background pixels fromstem/leaf pixels. The total area then representsthe total growth:Atotal = Count(P (i; j)); such that P (i; j) � �;where P (i; j) is the pixel at location (i; j). Also,the P (i; j) pixels should be above the Ppi (Pro-

Figure 4: Another way to measure the growthby computing the area extension of the cornseedling.jection Point) position to be counted in the areacomputations as shown in Figure 4.The initial value for � is 10.0 then we changeit when the lighting condition changes becauseat that time the plant pixel intensities wouldchange also and would give a rise or a decreasein the total computed area, so to compensatethat change, we tune the value � by decreasingor increasing it, to cancel out the light inten-sity change a�ection. We use a binary searchmethod to get the best new � to cancel out theintensity e�ect. This mostly happens in framenumber 150 and 300 when the light conditionchange from dark to light and vise versa.The rate of area change can be speci�ed as:Arate = Atotali � Atotali�1:5 Experimental ResultsFigure 5 shows the result of LEAF-LDL experi-ment when we measure the area (Figure 5a) andwhen we measure the elongation (Figure 5b). InFigure 5a the white coloured pixels are thosewith grayvalue over threshold � � 30. In Fig-ure 5b we see several things: the jagged linesshow the path of the seedling tip as it grows,the straight lines are the displacement vectors,Dtotal, the straight horizontal lines mark 50 im-age intervals and the curved arc-like lines are thepaths of the projections of Pf1 in the front andside views to Ppi in those views.Figure 6 shows the elongation rate, Lrate, andthe total elongation, Ltotal, of LEAF-LDL exper-iment, as a function of the frame number. Fig-



ure 7 shows the area rate, Arate, and the totalarea, Atotal, as a function of the frame number.
Figure 5: LEAF-LDL experiment where weshow how we measure (a) the area and (b) theelongation.
Figure 6: Elongation rate and total elongationfor the LEAF-LDL experiment measured as afunction of frame number.
Figure 7: Area rate and total area for the LEAF-LDL experiment measured as a function of theframe number.

Figure 8 shows normalized elongation rateand area rate, computed by dividing the origi-nal rates measures by the rate averages over thetotal frame period (450 frames). This makesthe two measures have the same minimums andmaximums and allows comparison. The twomeasures are very similar, Pearson's CorrelationCoe�cient is 0.66
Figure 8: LEAF-LDL experiment showing nor-malized elongation and area rate, Lrate andArate. Pearson's Correlation Coe�cient is 0.66.5.1 Corn Seedling Leaf GrowthCorn seedling stem and leaf growth do not seemthat di�erent, although a leaf appears to growmuch faster in the light than the dark. Figure9 shows the growth paths for a leaf totally inthe light and totally in the dark while Figure 10shows the growth paths for a leaf in DLD andLDL lighting conditions. The leaf in the fullylighted scene is drawn to the light source. LDLor DLD lighting conditions seem to have littlee�ect, as for the stem.
Figure 9: The growth of a leaf in light and indark.



Figure 10: The growth of a leaf in a DLD orLDL sequence.5.2 Overall StatisticsFigure 11 shows the average growth for all ourexperiments in the warm or in the cold (orsome combination of these) for all lighting con-ditions. The darks parts (purple) at the top ofthe pole are the standard deviations while thelighter parts (cyan) represent the average values.Figure 12 shows the average growth for all out
Figure 11: Average stem growth rate accordingas a function of root temperature, C, W, CWCor WCW.experiments in the light and in the dark (or somecombination of these) for all root temperatures,These experiments show that the rate of growthis fastest for warm root temperatures, slowestfor the cold root temperatures and in-betweenand about the same for the CWC and WCWsequences Lighted stems grow faster than darkstems and when the lighting is mixed the growthrate is in-between; LDL sequences show slightlymore growth than DLD sequences (which makes

Figure 12: Stem growth rate according to thechange in dark/light conditions.
Figure 13: Leaf growth rate according to thechange in dark/light conditions.sense as they are exposed to more light).Corn seedling leaf overall growth statisticsare not much di�erent than those for a cornseedling stem. Figure 13 shows this.5.3 Castor Oil Bean Leaf GrowthIn this section we examine the divergence of op-tical 
ow as a means to measure leaf growth.Figure 14 shows an image of a Castor oil beanleaf. This leaf is moving as it grows and weveri�ed that the leaf moves with the computed
ow. J�ahne et al. [14] also investigated the useof optical 
ow to measure motion in dynamicprocesses, like castor oil bean leaf growth via di-vergence. They used a 2 frame calibration tech-nique to correct for camera defects. Neverthe-less, we obtained similar results to them usingour near-infrared camera. We �rst tried to mea-sure optical 
ow using Lucas and Kanade's least



squares method [3] but we found the 
ows toosparse. We report Horn and Schunck's method[4] with the Lagrange multiplier � set to 10 andusing 100 iterations. Figure 15 which shows the
ow for frame number 100 from the 450 framessequence.
Figure 14: An image of the Castor Oil leaf inframe number 100.
Figure 15: Horn and Schunck result using � =10. This one is for frame 100.We compute the image velocity divergence as:Divergence = s�@vx@x �2 + �@vy@y �2:�@vx@x ; @vy@y � are computed using Simoncelli's �l-ters on the (vx; vy) computed via the Horn andSchunck iterations. Like J�ahne et al. [14]we hypothesize that high absolute values of

Divergence correspond to positions of growth(but we have no way of verifying this at thepresent). Figure 16 shows the divergence im-age. The black spots indicate high divergenceand made indicate leaf growth.
Figure 16: TheDivergence image for frame 100.6 Conclusions and FutureWorkWe have shown a number of metrics that maybe a useful measuring tool for plant growth.Stem/leaf elongation seems to be good met-rics for corn seedling growth. Corn Seedlingstems/leaves seem to grow faster when their roottemperature is warmer or when they are exposedto more light. These expected results are con-�rmed by our growth measurements. Lastly, wehypothesized that the divergence of an optical
ow �eld of a moving/growing leaf might be ameans of measuring leaf growth.Future work includes, using longer time se-quences (simulating a day which is warm inthe light and colder in the dark), using \older"plants where lighting conditions would producemore pronounced growth e�ects, measuring leafgrowth and correlating this to surface areagrowth and measuring divergence on plants withmany overlapping leaves.Acknowledgements: We thank Nick Dimennafor his technical assistance. This work was sup-ported in part by NSERC (Natural Sciencesand Engineering Research Council of Canada)through an equipment and an operating grantand by Agriculture and Agri-Food Canada. This
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