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6 ABSTRACT7

8

Plant phenotyping is the task of measuring plant attributes mainly for agricultural purposes. We9

term length phenotyping the task of measuring the length of a plant part of interest. The recent10

rise of low cost RGB-D sensors and accurate deep artificial neural networks provides new op-11

portunities for length phenotyping. We present a general technique for length phenotyping based12

on three stages: object detection, point of interest identification, and a 3D measurement phase.13

We address object detection and interest point identification by training network models for each14

task, and develop a robust de-projection procedure for the 3D measurement stage. We apply our15

method to three real world tasks: measuring the height of a banana tree, the length and width16

of banana leaves in potted plants, and the length of cucumbers fruits in field conditions. The17

three tasks were solved using the same pipeline with minor adaptations, indicating the method’s18

general potential. The method is stagewise analyzed and shown to be preferable to alternative19

algorithms, obtaining error of less than 10% deviation in all tasks. For leaves’ length and width,20

the measurements are shown to be useful for further phenotyping of plant treatment and mutant21

classification.22

23

1. Introduction24

As the world’s population is growing the global demand for food and energy is growing as well, requiring innovative25

advances in the agriculture industry [4, 36]. Plant phenotyping is vital tool for improving growth and yield formation,26

which are the basis for nursing the world. In plant phenotyping we measure and assess complex plant traits related to27

growth, yield, and other significant agricultural properties [6]. In some cases plant phenotyping is done in a lab, using28

advanced costly infrastructure [28], but in many cases phenotyping should be done in field conditions to best capture29

the true plant traits. In field phenotyping, most measurements are done manually, by a team of workers.30

As manual phenotyping is extremely costly, there is a need to develop automated analysis methods that are suffi-31

ciently accurate and robust enough for measuring phenotypic traits in field conditions on real crops [28]. Automated32

algorithms are required for accelerating cycles of genetic engineering [38], and for automating agriculture processes33
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(a) Banana trees (b) Banana leaves (c) Cucumber fruits

Figure 1: Length based phenotyping. a: A banana tree with two interest points: basal (red) and upper (blue). The upper

is defined by experts as the highest point of the tree’s peduncle (top of the arch). The distance between them is the tree

height. b: A banana leaf with 4 interest points: basal (red), apex (blue), left (purple) and right (yellow). Only measurable

objects are annotated. The line between the two former points is the leaf center line, and its length is the leaf length. The

distance between the latter points is the width. Note that the position of the latter points (left and right) is somewhat

ambiguous in the direction of the leaf center line. c: A cucumber with two interest points: basal (red) and upper (blue).

The distance between them is cucumber length.

[6]. Field and greenhouse phenotyping are a difficult challenge, as field conditions are notoriously heterogeneous, and34

the inability to control environmental factors, such as illumination and occlusion, makes results difficult to interpret35

[2].36

Image analysis algorithms are crucial for advancing large scale and accurate plant phenotyping [22], and the recent37

success of deep neural networks opens new directions [33, 12]. A second recent advancement is the abundance of low-38

cost sensors, from RGB to depth and thermal sensors, useful for capturing plant traits. While such low cost sensors are39

typically not as accurate as high end sensors, they are well suited for wide field application in the agricultural industry,40

which has low profit margins [31].41

This paper focuses on the problem of measuring 3D physical lengths of plant parts in field conditions, using a42

low cost RGB-D sensor and a deep network architecture. Measuring the length of plant’s parts can provide important43

cues about the plant state [41] and expected utility. For example, measuring the width and aspect ratio (the ratio44

between the length and the width) of young banana leaves in a potted plant, prior to planting in the plantation, can45

determine whether the plant has undergone a mutation that results in undesirable fruits. Specifically, some mutations46

are characterized by narrow leaves, and others by an aspect ratio smaller than normal (lower than 1.8, where the normal47

ratio is 2.2) [10]. Another example is estimating the height of a banana tree. An important goal of variety developers48
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is to lower the banana tree height, enabling easier tree treatment for farmers. An example from a different crop is49

cucumber length measurement. The histogram of cucumber fruit lengths in a given plot provides strong indication50

regarding the cucumber growth rate and expected quality [16]. Another important problem is measuring the width of51

a stem - it is a key characteristic used for biomass potential evaluation [26].52

We term such tasks length phenotyping. While this paper focuses on three of the above examples, there is an53

abundance of similar tasks. Given the repetitive nature of length phenotyping tasks, it is desirable to develop a generic54

process that can be applied, with minimal adjustments, to measure lengths of different plant parts in various plants.55

The paper focuses on two tasks related to banana crops, considered to be the most widely consumed fruit [14], and a56

third one relating to cucumbers fruits. The problems are estimation tasks of a banana tree height (actually a banana57

plant is not a tree, but the term tree is used for simplicity), width and length of banana leaves, and cucumber fruit58

length. The related interest points and length definitions can be seen in Figure 1.59

While focusing on these three problems, we suggest a general algorithmic pipeline, consisting of three stages:60

1. Detecting the objects of interest that needs to be measured.61

2. Identifying interest points on the detected objects, that we are interested in the distance between them.62

3. De-projection of the interest points to world coordinates to compute distances.63

For the first two stages we use Convolutional Neural Networks (CNNs) [12] trained and applied on RGB images.64

RGB images (without depth information) are used for these stages since object detection in RGB images is well stud-65

ied [40, 33, 12] and it is possible to transfer knowledge (reuse network weights for initialization) from well trained66

RGB backbones. Such transfer learning is important because, as we later demonstrate, it enables to identify objects67

successfully by training with only a few hundreds of examples. We use networks based on known architectures [12],68

but adapt their training procedures to the requirements of the agricultural tasks in several ways.69

In the third stage, for measuring distances between interest points, an RGB-D sensor (Intel D435) is used, providing70

a depth channel registered to the RGB channels. Using the depth information for de-projecting points from the 2D71

image to their 3D coordinates is possible [8]. However, given the low cost sensors that we use, straightforward de-72

projection faces problems due to noisy depth values, failing pixels of depth value 0, and intermediate depth pixels. An73

important problem for length measurements are the latter, intermediate depth pixels, positioned on the object edge.74

The depth value of such pixels is interpolated between the depth of the object and its background, providing unreliable75

measurements. A robust length estimation algorithm was developed in order to cope with those challenges, with two76

main stages. First, it re-chooses edge points with more reliable depth for length computation, by fitting a fixed-slope77

interval model. Second, a linear regression is performed over the final depth estimate, to compensate for the shortening78

of the measured interval.79
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More direct alternatives to the three-stage pipeline can be proposed. For example, direct detection of the interest80

points (skipping stage 1) is possible, or even direct inference of the length from the RGBD image without finding the81

interest points (skipping stage 2). Our choice to separate the stages of detection and interest point identification is82

based on two arguments. First, the interest points are often not visually distinctive on their own, i.e. they do not have a83

sufficiently unique appearance which will enable their detection without the object context. For example, the left and84

right interest points of a leaf are only locally characterized by a curved edge, a structure which is abundant in many85

irrelevant plant parts in the image. Direct detection of such points would hence lead to a proliferation of false positives.86

Once the leaf is detected, these points can be identified in well-defined locations with respect to the leaf, enabling robust87

finding and accurate localization. A second reason is that correspondence determination between pairs of points (and88

in the leaf case, quadruplets) of the same object is required for distance computation. Such correspondence is naturally89

provided by the detection stage, which finds an object bounding box containing the related points.90

Our choice to include an interest point detection stage, rather than directly estimating the 3D length, is based on the91

assumption that such estimation, while possible, requires the network to bridge a large inference gap on its own, i.e.:92

it has to learn which cues and image areas are relevant for length regression. While such learning may be possible, it93

may require a very large annotated training set due to the task difficulty. In addition, our model can be trained with 2D94

annotation which is easier to obtain, while acquiring 3D annotation (actual length measurements) is more laborious95

and difficult to collect.96

Our choices and assumptions regarding the three-stage pipeline were tested by experiments with alternative more97

direct algorithms. Specifically, we compare the point detection within an identified object (point detection after object98

detection), to direct interest points detection. We also compared our length estimation using detected interest points99

(the proposed three-stages pipe) to two architectures designed for direct length measurements.100

The suggested method is tested on collected image datasets which include 3D ground truth measurements, obtained101

manually using a ruler. The accuracy of the three stages is analyzed and compared to alternatives. The empirical results102

show measurement deviations lower than 10% for all tasks, and a significant advantage of the proposed pipeline over103

the alternatives. For leaves’ length and width, it is shown that the length measurements enable distinction between104

certain kinds of plant treatments and mutations with significant accuracy.105

The main contributions of this work are hence threefold. First, a general method for plant part length measurement106

is presented, based on a 3 stage pipeline. Second, the pipeline performance on three important real world problems107

is measured and shown to be useful. Third, comparison to alternatives and a detailed stage-wise error analysis is108

conducted, providing valuable information regarding possible further improvements.109
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2. Related Work110

Traditional plant phenotyping is based on extensive human labor, where only a few samples are collected for111

thorough visual or destructive inspection. These methods are time consuming, subjective and prone to human error,112

leading to what has been termed as ’the phenotypic bottleneck’ [7]. Computer vision in agriculture has been studied113

intensively for a few decades, with a primary goal of enabling large scale, automatic visual phenotyping of many114

phenotyping tasks. In [22], an extensive survey of imaging methodologies and their application in plant phenotyping115

is provided. Since recently deep learning techniques have emerged as the primary tool in computer vision, they have116

a growing impact on agricultural applications [19].117

In recent years, the use of RGB-D sensors has been expanding due to their increasing reliability and decreasing118

costs. Well registered depth and color data from such sensors provide a colored 3D point cloud [11] structure, which119

is useful in many applications. For example, Chene et al. [5] showed that depth information can help identifying120

individual leaves, allowing automated measurement of leaf orientation in indoor environments. Vit et al. [37] re-121

cently compared several depth sensors for a plant phenotyping task, in field condition and in various illumination122

conditions. It was shown that the Intel D435 outperforms other alternatives. In [39] the size of mango fruits in field123

conditions was estimated. Jiang et al.[17] presented an algorithm for accurately quantifying cotton canopy size in124

field conditions. They showed that the multi-dimensional traits and multivariate traits were better yield predictors than125

traditional univariate traits, confirming the advantage of using 3D imaging modalities. Miella et al. [27] proposed126

an in-field high throughput grapevine phenotyping platform for canopy volume estimation and grape bunch detection,127

using a RealSense R200 depth camera.128

Plant’s size is an important trait, which can be used as indicator of growth, yield and health of the plant. In [29] the129

area, perimeter, length, and thickness of bananas were measured using a combination of computer vision techniques130

on gray-scale images. In [3, 18] algorithms for estimation of sorghum height were suggested. Estimation was done in131

field conditions from autonomously captured stereo images. The methods are based on classic techniques, with Hough132

transform, typically used for detection and tracking, applied to obtain robust measurements. An et al. [1] presented a133

technique for measuring rosette leaf length by detecting the leaf center and tips in a leaf-segmented binary image. The134

center was estimated as the centroid of all white (leaf) pixels. Leaf tips were detected as peaks of the rosette-outline135

curvature. They didn’t use depth information in their method. Lati et al. [21] used 3D-reconstruction algorithm for136

extracting growth parameters such as plant height and the internode distances in order to detect initial parasitism in137

potted plants of sunflower broomrape in indoor conditions. They found out that Plant height and the first internode138

length provided a significant early morphological indication of infection.139

Gongal et al. [9] used time-of-flight 3D camera for estimating apple size in tree canopies. They defined the apple140

size as the length of its longest axis, and used two techniques for measuring it. The first technique measures the141
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length as the maximal 3D euclidean distance between any two individual pixels in the apple region. The second142

technique used checkerboard images taken in RGBD to estimate pixel size in the real world and from it infer apple size143

based on the number of pixels. In [23] a pipeline was developed for detecting and localizing citrus fruits in outdoor144

orchard environment by analyzing RGB-D images. They used Bayes-classifier based image segmentation and density145

clustering method for localizing each of the fruits. To determine the citrus size, they measured the distance between146

3D coordinates of points in the cluster in the x-axis direction.147

Deep convolutional neural networks (CNNs) have significantly improved the state-of-the-art in computer vision148

tasks and are widely used in several classic vision tasks as object classifcation [20], detection [33], and segmenta-149

tion [12]). These networks are better able to cope with realworld vision problems than previous technologies, hence150

providing new automation opportunities.151

Interest points detection is used extensively in human pose estimation and face recognition. In [12] human joints152

interest points are detected by predicting a one-hot spatial mask for each interest point type. In [30] another architecture153

for human joint detection is suggested, based on progressive pooling followed by progressive up-sampling. In [32] a154

CNN is used for localizing face landmarks. Similar to our work, landmark detection is preceded by face detection.155

In contrast for our work, their proposed architecture explicitly infers the visibility of interest points, to account for156

points invisible at test time. As our goal is to perform 3D measurements, we have no interest in invisible interest157

points, which do not enable such measurements. Instead, we define as ’measurable object’ only objects in which158

all the relevant interest points are visible and train our detector to only detect measurable object instances. Interest159

point detection have not been extensively used in plant phenotyping [35]. Hu et al. [13] developed an algorithm for160

measuring three size indicators of banana fruit, namely length, ventral straight length, and arc height without using161

3D information. They locate five points at the edge of banana and calculated euclidean distances between point pairs162

for determining these indicators. In [15] a leaf counting task with an intermediate stage of interest point finding was163

solved. A model for finding leaf centers is trained with interest points treated as Gaussian heat map similarly to our164

work. The heat map is then used for leaf count regression.165

3. Materials and Methods166

We here discuss our suggested method - a three stage pipeline for length measurement. A High level architecture167

of the pipeline can be seen in Figure 2. The three stages are next described in Sections 3.1,3.2 and 3.3. Alternative168

algorithms compared to the three-staged pipeline are described in 3.4.169

Vit et al.: Preprint submitted to Elsevier Page 6 of 26



Length Phenotyping with Interest Point Detection

Figure 2: High level view of our processing pipeline. Left: the backbone network, extracting a rich feature map in 5

different octaves using the Feature Pyramid Network (FPN). Middle: Extracted representations of 256 Regions of Interest

(RoI) are processed by classification and box refinement branches (1) and the interest point finder (2), whose structure is

detailed. kp denotes the object’s number of interest points. Right: 2D locations of the interest points are extracted from

the output heat map of (2). They are de-projected into world coordinates, and distances among them provide the length

measurements (3).

3.1. Detection using Mask R-CNN170

The first two stages in our proposed pipeline are based on theMask R-CNN [12] architecture with adaptations made171

for our goal. Mask R-CNN extended a previous architecture for object detection termed Faster R-CNN [33], adding172

network modules for object segmentation or alternatively, interest point finding. As in Faster R-CNN, Mask R-CNN173

also consists of two stages. The first stage is a Region Proposal Network (RPN)[33], which generates a set of rectangular174

object candidates, each accompanied by an ’objectness’ score stating the confidence in object existence. The object175

candidates are chosen from an initial large set of candidates termed anchors, containing hundreds of thousands of176

rectangle candidates. The anchor set is based on a grid of image locations, and for each location nine anchors are177

considered with three different sizes and three aspect ratios.178

The RPN is a deep fully convolutional network whose input is a set of feature maps extracted from a backbone179

network. The backbone we use is ResNet-101, followed by a Feature Pyramid Network (FPN) [24]. The FPN creates180

multiple-resolution replicas of the high-level feature maps computed by the backbone. It hence enables detection at181

multiple octaves, i.e. scales differing by a factor of two. Among all anchors in all octaves, 256 top object candidate182

rectangles are chosen for further processing. During training these are labeled as positive if they contain a measurable183

object, and negative otherwise. A ratio of 1:2 is kept for positive versus negative examples during training.184

In the second stage, which is a separate network with no gradient flows between the stages, the model spatially185

Vit et al.: Preprint submitted to Elsevier Page 7 of 26



Length Phenotyping with Interest Point Detection

samples a 7 x 7 x 256 tensor from each candidate region suggested by the RPN. These region representations are186

processed by three distinct branches for classi�cation, bounding box re�nement and point of interest �nding. In the187

classi�cation branch a softmax layer is used to predict the class of the proposed region, and in the re�nement, layer188

o�set values are regressed for re�ning the object's bounding box.189

Unlike standard detection, in our detection stage we need to discriminate and detect only measurable objects, i.e.190

objects with all the relevant interest points visible. Speci�cally, candidates suggested by the RPN are considered191

positive during training i� they contain a measurable object including all its interest points. This creates a di�cult192

detection problem, since non-measurable object candidates, which are often very similar to measurable ones, have to be193

rejected by the object classi�er and function as hard negatives. Furthermore, the measurability constraint adds di�culty194

since it decreases the number of positively labeled anchors. To allow for a su�cient number of positive anchors we set195

the non maximum suppression threshold, used for pruning overlapping candidates, to 0.85 during training (instead of196

0:5 in [12]) so more positive candidates survive. We also �lter the anchoring system based on object size and aspect197

ratio, e.g. in tree height estimation we do not use small or wide anchors.198

3.2. Interest Point Detection199

Following [12], the interest point �nding branch consists of eight 3 x 3 convolutional layers with 512 maps each,200

followed by deconvolution layers scaling up the representation to an output resolution of 56 x 56. In [12] a single201

location in the output map was designated as the true location, and a spatial softmax classi�cation loss was used202

to enforce it during training. However, this con�guration was used for a human pose estimation task, which is less203

ambiguous than our tasks, and hence easier. The locations of human interest points like knee, elbow, neck or eye,204

are spatially well de�ned, and have unique appearance disambiguating them. As opposed to that, interest points in205

the agriculture tasks considered here are not always clearly de�ned spatially. For example, the basal point of a tree206

is de�nes as the contact point of the tree stem and the ground. However, the contact structure is not a point but a207

line. We de�ne the point as the middle of the line in our annotation, but this point does not have a unique appearance208

discriminating it locally from other near points on the contact line. The problem is further complicated because the209

contact line is often hidden by low vegetation and dead leaves. The exact point position is hence somewhat arbitrary,210

with nearby points providing identically good candidates. A similar problem exists for the 'left' and 'right' leaf interest211

points. The spatial softmax loss assumes that there is only one "right" point which is clearly distinguished from the212

other "non right" ones. Hence in our preliminary experiments, the spatial softmax could not cope with the tasks213

di�culty, and we had to adjusted it as described next.214

Instead of using one-hot binary masks, we generate for each annotated interest point a Gaussian ground truth heat215

map, stating multiple locations as successful hits. In addition, we replace the spatial classi�cation loss with a simple216
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(a) (b) (c) (d)

Figure 3: Visualization of the pipeline operation. The �rst row shows progress of banana tree height estimation on

a typical example, the second row shows a case of banana leaves measurement and the last shows a case of cucumber

measurement. a: Ground truth bounding boxes and interest points annotations.b: Ground truth Gaussian heat maps

constructed for interest point detection. For the leaf measurement example, the maps of the starred leaf are shown.c:

Heat maps inferred by the network.d: Object detections and interest point location as inferred by the network. Red

rectangles and points are network outputs, green are the ground truth.

l2 regression loss, i.e. minimize the square distance, across all pixels, between the Gaussian heat map and the output217

of the interest point branch. For all points except leaf 'right' and 'left' points isotropic Gaussians centered on the true218

point were used, with� = 2 variance.219

For the leaf side points we used a non-isotropic covariance, re�ecting that these points are well de�ned in the220

direction perpendicular to the leaf center line, but highly ambiguous in the other direction (see Figure 1). Speci�cally,221

let w = . w[1]; w[2]/ = x1* x2
ððx1* x2ðð

be the leaf center line direction, withx1; x2 the locations of the apex and basal interest222

points respectively. We would like this direction to be the large principal direction of the introduced covariance, i.e.223

its �rst eigenvector. Given this direction and a hyper parameterS stating the requested ratio between the variance in224
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�rst and second principal vectors, the covariance matrix is given by� = AtA with225

A =
b
f
f
d

w[1]S * w[2]

w[2]S w[1]

c
g
g
e

(1)

Figure 3.Middle presents examples of the heat maps generated and predicted. At inference time, we take the.x; y/226

positions of the most likely value in the predicted heat map as the 2D detection for further processing.227

3.3. Obtaining 3D Measurements228

In the �nal stage of the pipeline the distance between the detected interest points is estimated. This is done by229

back-projecting the detected interest point from 2D to 3D world coordinates. Given the distanceD of a point from the230

sensor imaging plane, measured at 2D coordinates.x; y/, one can compute the 3D coordinates.X; Y ; Z / by [8]:231

X =
D � .x * cx /

f x
(2)

Y =
D � .y * cy/

f y
(3)

Z = D (4)

wherecx ,cy are the sensor's principal point coordinates andf x ,f y are the focal lengths expressed in pixel units.232

While, ideally, back projection is simple, in practice there are problems related to absence of depth measurements in233

some pixels (represented by a value of 0), and to problematic depth measurement with large errors in intermediate234

pixels on the edge of an object. Unfortunately, the interest point pixels are usually on an object edge, and hence often235

are intermediate pixels with corrupted depth value. In order to cope with those challenges, we consider the 2D line236

between the two identi�ed interest points and try to �nd two points on it for which a 3D interval model is a good �t.237

This is done using the procedure described next.238

Given two 2D end points suggested by the network, a 2D line ofK1 points between them is sampled, and is239

also extendedK2 pixels beyond them at each side. Hence a straight line ofK1 + 2K2 points is sampled, indexed as240

x1; ::; xK1+2K2
, with x i Ë R2. The original points are located at indicesa = K2 + 1 andb = K2 + K1. The depth241

.d1; :::; dK1+2K2
/ at x1; ::; xK1+2K2

is sampled with bi-linear interpolation, a common technique for calculating image242

values in a fractional index location based on its nearby pixels values. A straight line in 3D between the two end points243

should ideally manifest as a linear function in thed values. Let us denote the number of points byN = K1 + 2K2. We244

look for a pair of points.x i ; xj / on the 2D line (i; j Ë 1; ::; N) which are close to the original points.xa; xb/, yet their245

depth values �t well to a3D interval model. Formally, the criteria optimized are as follows:246
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ˆ End points proximity: The (normalized) square distance of.x i ; xj / from their original anchors is minimized.247

S1.i; j / =
1

2dmax

�
ñx i * xañ2 + ñx j * xbñ2�

(5)

with dmax = ððxN * x1ððis the length of the 2D interval considered.dmax is used as normalization constant to248

haveS1 Ë [0;1], so it can be combine with other terms without scaling issues.249

ˆ Fixed 3D slope: The 3D gradient at pointi is de�ned asgi = di+1 * di . We assume that the object surface,250

restricted to the sampled line, is approximately planar. Hence the function expressed by the depth measurements251

^di ` is expected to be linear, with a �xed slope. The slope in an interval[x i ; xj ], which is also the average gradient252

is given by253

Eg =
dj * di

j * i
=

1
j * i

j *1É

k=i

gk (6)

Since an approximately �xed slope is expected, we ask for small deviation between the gradient values in the254

interval[i; j ] and the slope, or equivalently, for a low gradient variance255

S2.i; j / =
1

ST .j * i /

j *1É

k=i

�
gk * Eg

� 2
(7)

WhereST = S2.1; N / is a normalizing constant. We note that the assumption that the object is planar is256

restrictive, because in agricultural objects, such as leaves, may have a signi�cant curvature. In such cases, this257

speci�c step may be adapted to the speci�c object of interest. For example, one could use the obtained depth258

measurements to �t a curve, e.g., using splines.259

ˆ End points gradient: As x i ; xj are the end points of an interval in 3D, the squared gradients at these points260

should be maximized. We hence minimize:261

S3.i; j / = *
1

2gmax

� �
gi*1

� 2
+

�
gj

� 2
�

(8)

with gmax = maxiË1;:::;N gi262

Our �nal score to optimize isS = � 1S
¨

1 + � 2S
¨

2 + � 3S
¨

3, where� 1; � 2 and� 3 are weighting the relative contribution263

of each criterion. Since normalization constants were introduced to each term, bringing it to the scale of[0; 1], we264

could use� 1 = � 2 = � 3 = 1 without further tuning. For the optimization, a search over all pairs.i; j / with i < j is265

conducted. Figure 4 illustrates the length estimation procedure with an example.266

This function suits cases in which we measure objects from one end to another, like leaves and cucumbers, where267
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Figure 4: Robust depth estimation illustration: An example of 2D surface leaf and its depth surface. The two points

detected by the interest point detector are drawn on them in yellow. The 2D line sampled between these points (and

extending a bit beyond them) is shown in red. The depth values sampled on the red line are shown above as the yellow

curve. Based on the 3D linear line model, the green points are chosen to replace the original yellow ones, since they have

stable depth measurements with a linear line between them. The length between these points is the initial length estimate,

but it is slightly biased toward lower lengths. This tendency is latter corrected using a linear regressor.

end points are on a depth edge. For tree height measurements the end points are not positioned exactly on an object268

edge, though they are not far from the edges. There is a signi�cant change of the depth gradient behavior near the end269

points, and hence, in this case a three-step alternative is suggested and compared to the algorithm above:270

ˆ Collect the depth values in the ball centered around the detected interest point, with a �xed pixel radius (5 pixels271

in our experiments).272

ˆ Ignore all the zero values (depth measurement failure).273

ˆ Compute the average of the lowest10~ values.274

Speci�cally, the last step makes the measurement robust with respect to neighborhood pixels which do not lay on the275

object, belonging to farther background objects.276

The length estimation procedure suggested �nds stable estimates, but is has a bias towards short estimations. The277

reason is that the true end points often do not have stable depth values, and other points which are more interior are278

used instead. Hence a a simple linear regression modely = ax + b was applied for correction, with the parameters279

.a; b/ estimated on a validation set.280
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3.4. Alternative Algorithms281

Several alternative algorithms were developed and compared to the three staged pipeline. In section 3.4.1 direct282

detection of interest points is discussed, and in 3.4.2 two architectures are suggested for direct length regression.283

3.4.1. Direct Detection of Interest Points284

we examined a method for direct detection of interest points, without initial object detection. The 2D interest points285

annotations were placed in bounding boxes and a Faster R-CNN [33] network was trained for their detection as a multi286

class problem, where there is a class for each key-point type. For example, in the banana tree example, there is a class287

for the 'upper' keypoint and another class for the 'basal' keypoint.288

We used two di�erent methods of marking the interest points using bounding boxes, introduced due to di�erences289

between the tasks. Assume an image of sizeW • H , an object of sizel , wherel is the maximum between the object290

width and height, and an interest point with coordinates.x; y/. For cucumber and leaf interest points, the bounding291

box is a square centered at.x; y/ with edge lengthl (if the point is near the image edge the square side length is292

min.l; 2x; 2y;2.W * x/; 2.H * y// ) to keep the square within the image). For banana tree interest points a di�erent293

method was used because the points are typically close to the image edge, andmin.l; 2x; 2y;2.W * x/; 2.H * y// is294

small leading to rectangles not containing enough tree context. Instead, a rectangle is used of size0:5l • l with the295

interest point located0:1l above the lowest edge for 'basal' points, and0:1l below the upper edge for 'upper' points.296

3.4.2. Direct Regression Models297

A direct regression model learns to predict the length directly from the input RGBD images. Two direct regression298

models were developed, both using depth information in the training process instead of 2D interest points annotations.299

The algorithms' architecture is similar to our model, but the interest points �nding branch is replaced with a direct300

regression module. The module accepts additional maps containing the 3D information, sampled from the object301

candidate rectangle. As a preliminary step, each pixel of the depth images is de-projected into 3D coordinates. For each302

candidate RoI, the depth channels are sampled in a56•56 grid (using an RoI-align layer [12]) into a56•56•3 tensor.303

The coordinates are then normalized by mean subtraction - length measurements are invariant to such subtraction, and304

it reduces data variability. The resulting tensor, denoted byL is then used in the following architectures:305

Plain direct regression: This architecture uses standard CNN machinery for the inference. the RoI tensor rep-306

resentation of size7 • 7 • 256 runs through5 convolutions of3 • 3 with 512 maps each and then up-sampled to307

56 • 56 • 8 . The tensorL is added to get a56 • 56 • 11 tensor. Following this3 convolutions of3 • 3 • 11 • 8 are308

applied, withL re-added each time to enable repeated depth reasoning. Finally, two global layers of1024and128309

neurons are applied followed by a single output neuron. This architecture is comparable in its number of neurons and310

computational budget to the interest point �nding module. It is trained to minimize thel2 loss w.r.t the true 3D length311

Vit et al.: Preprint submitted to Elsevier Page 13 of 26



Length Phenotyping with Interest Point Detection

Task Train 2D test 3D test Measured objects
Tree height 577 (757) 157 (175) 103 (103) 103

Leaf measurements 454 (4409) 320 (1303) 276 (1032) 1032
Cucumber length 446 (2261) 152 (1049) 89 (204) 204

Table 1

Number of images and objects (in parentheses) used for training, 2D testing and 3D testing. The right column presents

the number of objects measured by a ruler in each task

measurements.312

Heat-map based direct regression:As in the three staged pipeline, the following algorithm o�ers length com-313

putation which is reduced to an interest point �nding problem (in contrast to the algorithm above), but with two main314

di�erences: there is no supervision for interest points, and length is computed directly by the network instead of a315

post-processing procedure.316

If the locations of the two edge points.i1; j 1/ and.i2; j 2/ in the tensorL are known, the distanced between the317

points is given by:318

d2 = ñL .i1; j 1; :/ * L .i2; j 2; :/ ñ =
3É

d=1

�
L .i1; j 1; d/ * L .i2; j 2; d/

�
(9)

The problem can hence be posed as inferring these locations of the two edge points by using two56x56 interest point319

mapsP1; P2, where the valuePK in location.ik; j k/ is 1 and0 otherwise forK = 1;2. We have320

d =

yxx
w

3É

d=1

�
P1 � L

�
: ; : ; d

�
* P2 � L

�
: ; : ; d

� � 2
(10)

WhereA � B here is an inner product between vecotorizedA andB. This computation can be done in a �xed321

parameter-less layer. The length output is supervised during training, with itsl2 distance to ground truth length mea-322

surements minimized. The keypoint �nding head architecture (see Figure 2) is used to infer the heat mapsP1; P2. A323

spatial softmax operation is then applied over them, followed by a layer implementing Eq. 10. This architecture is324

more informed that the plain architecture, with the distance computation encoded into its structure.325

4. Results and Discussions326

The data sets collected are described in section 4.1, followed by 2D accuracy results in 4.2 and 3D results in 4.3.327

In section 4.4 algorithmic alternatives and visual error analysis are discussed. In section 4.5 leaf measurements are328

used for treatment and mutant classi�cation phenotyping.329
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(a) (b) (c)

Figure 5: Ground truth collection. a: Measuring the banana tree and banana leaves with a ruler (cucumbers were

measured in a similar manner). b: Annotated ground truth bounding box and interest points of leaves.c: Ground truth

Gaussian heat maps derived for the interest points of the upper-right leaf presented in b.

4.1. Dataset and Annotations330

For all problems, images were captured using two types of sensors. RGB images for training were taken with a331

Canon HD camera with4032 • 3024resolution. RGB-D images with resolution1280 • 720were taken using the Intel332

RealSense D435 sensor, based on infra-red active stereoscopy technology. This sensor has a global shutter enabling333

good performance in highly dynamic conditions [8], and was shown to perform well outdoors for phenotyping tasks334

[37]. For Banana trees, images of banana trees at the fruit harvest stage were taken in several plantations in the north335

of Israel. The plantations di�er w.r.t the banana varieties, including Gal, Grand-Naine, Adi and Valerie. Cucumber336

plant images were taken in the south of Israel in greenhouse conditions. For the banana leaves, images were taken in337

greenhouses in the North of Israel. The potted plants were approximately three months old, a stage which enables to338

determine if the plant has a mutation based on its leaf's aspect ratio. Train and test set sizes are summarized in Table 1.339

For evaluation we used two types of test sets. The �rst consists of RGB images not used in the training process,340

including RGB channels of the images taken with the D435 camera. This test set was used for 2D evaluations of our341

methods. The second test set is a subset of the �rst one, including images taken by the D435 for which we took manual342

ground truth length measurements using a ruler of the objects: banana tree height, cucumber length, and banana leaf343

length and width. Figure 5 (Left) shows the rulers and the measuring procedure. This test set is used for 3D evaluations.344

RGB images were annotated with bounding boxes and interest point locations. All annotated objects were measurable,345

i.e., all their interest points were visible. Based on the 2D interest points annotations, Gaussian ground truth heat maps346

were constructed, as showed in Figure (right) 5. The amount of measured objects by a ruler can be seen in the right347

column of Table 1.348

Leaf measurements based phenotyping:204of the potted plants were part of a fertilizer stress experiment in349

which the pots received four di�erent treatments (see Figure 6, top row), 51 pots per treatments. The di�erence between350
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