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A B S T R A C T   

Recent deep learning methods have allowed important steps forward in the automatic detection of wheat ears in 
the field. Nevertheless, it was still lacking a method able to both count and segment the ears, validated at all the 
development stages from heading to maturity. Moreover, the critical step of converting the ear count in an image 
to an ear density, i.e. a number of ears per square metre in the field, has been widely ignored by most of the 
previous studies. For this research, wheat RGB images have been acquired from heading to maturity in two field 
trials displaying contrasted fertilisation scenarios. An unsupervised learning approach on the YOLOv5 model, as 
well as the cutting-edge DeepMAC segmentation method were exploited to develop a wheat ear counting and 
segmentation pipeline that necessitated only a limited amount of labelling work for the training. An additional 
label set including all the development stages was built for validation. The average F1 score of ear bounding box 
detection was 0.93 and the average F1 score of segmentation was 0.86. To convert the ear counts to ear densities, 
a second RGB camera was used so that the distance between the cameras and the ears could be measured by 
stereovision. That distance was exploited to compute the image footprint at ear level, and thus divide the number 
of ears by this footprint to get the ear density. The obtained ear densities were coherent regarding the fertilisation 
scenarios but, for a same fertilisation, differences were observed between acquisition dates. This highlights that 
the measurement was not able to retrieve absolute ear densities for all the development stages and conditions. 
The deep learning measurement considered the most reliable outperformed observations from three human 
operators.   

1. Introduction 

The ear density is one of the three yield components of wheat, which 
makes it an important trait to record. Its traditional measurement in the 
field relies on manual counting along a wooden stick. The method is 
slow, subject to human bias and may necessitate the operator to work in 
an uncomfortable position, leaning forward to isolate the tillers in a row, 
with the risk of back problems. Large uncertainties on that manual 
method were reported (Madec et al., 2019). For this reason, a major 
avenue of improvement in wheat phenotyping is to develop imaging 
methods to automate and objectify the ear counting task. To our 
knowledge, the first attempt of wheat ear detection in the field dates 

back to 1995 (Germain et al., 1995), followed by a period of sparse in
novations dominated by classic image analysis and machine learning 
approaches (Chopinet and Cointault, 2006; Cointault et al., 2012, 
2008a, 2008b; Zhu et al., 2016). From 2018, an impressive intensifica
tion of the wheat ear detection research was observed. Classic image 
analysis approaches continued to be proposed, but none of those studies 
was able to demonstrate a method robust for many wheat cultivars, 
development stages and light conditions. Indeed, most studies were 
validated on images from only one acquisition date (Alharbi et al., 2018; 
Dandrifosse et al., 2020; Tan et al., 2020; Zhou et al., 2018b, 2018a). 
Fernandez-Gallego et al. (2018) acquired images on two sites and at 
three development stages, but they discarded images acquired under 
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non optimal light conditions and development stages. Similarly, Fer
nandez-Gallego et al. (2020) acquired images at five dates but were able 
to validate their approach only on the images from the two dates of 
diffuse sky conditions. In parallel, the use of 3D sensors to detect ears has 
been studied to overcome the issue of illumination conditions, but only a 
few papers concern their implementation in the field (Saeys et al., 2009; 
Velumani et al., 2017), and these methods required expensive sensors. 

In recent years, the field of image analysis has evolved due to the fast 
development of deep learning. Regarding wheat phenotyping, these al
gorithms were identified as the solution to propose a robust ear detec
tion solution based on RGB images. A first deep learning approach was 
used by Pound et al. (2017) on wheat ears in controlled conditions. 
Then, in-field ear counting methods were proposed by Cao et al. (2020), 
Hasan et al. (2018), Lu and Cao (2020), Madec et al. (2019), Xiong et al. 
(2019), Xu et al. (2020), Yang et al. (2019) and Zhao et al. (2021). Each 
of those methods focused on a single or a few growth stages. In parallel, 
a major contribution occurred in 2020 when David et al. (2020) released 
their open access dataset: the Global Wheat Head Detection dataset 
(GWHD). Although other open datasets were released before, for 
example the SPIKE (Hasan et al., 2018) and the WED (Madec et al., 
2019) datasets, the GWHD dataset was identified as the tipping point 
towards a new era of international data regrouping. This first version of 
the dataset gathered data from ten different places and obtained huge 
visibility thanks to an online competition. It was exploited for counting 
tasks by Ayalew et al. (2020), Fourati et al. (2021), Gong et al. (2020), Li 
et al. (2021a, 2021b), Wang et al. (2021), Wu et al. (2020) and Yang 
et al. (2021). A second version of the dataset was released to study the 
robustness of ear detection with respect to the development stage (David 
et al., 2021). New images were added and the development stages were 
organised according to four grades: post-flowering, filling, filling- 
ripening and ripening. Thanks to deep learning methods, the commu
nity started to master the ear counting task. It is however important to 
note that the ability to count the ears in images is not sufficient to get the 
ear density in the field, which is the variable of agronomic interest. To 
estimate the ear density, it is necessary to know the footprint of the 
image at ear height, as underpinned by David et al. (2020). As this 
height may vary from micro-plot to micro-plot the task is not so easy. 
Only a few partial solutions were proposed. Fernandez-Gallego et al. 
(2018) computed ear densities using the camera-canopy distance but is 
not detailed how this distance was measured. Madec et al. (2019) 
exploited a Light Detection And Ranging device (LiDAR) to measure that 
distance but without digging into the question of the reference height to 
compute the image footprint. Sadeghi-Tehran et al. (2019) placed a 
sheet of known dimensions in the image. This technique eliminates the 
camera-canopy distance issue but adds constraints to the acquisition 
system. Most of the other studies concerning ear detection did not 
include a way to measure the ear density. One of the reasons to explain 
this lack is that they often relied solely on existing datasets, such as the 
GWHD. 

The interest of detecting ears goes beyond the counting and the 
estimation of density. It also implies the possibility to segment the ears 
in the images and build a mask that can be used for the extraction of 
further plant traits at the organ scale. Provided a mask of the ears, it is 
possible to study the wheat reflectance, related to its physiology, inde
pendently for the leaves and the ears. It is especially conceivable to 
exploit a mask built from RGB images to extract organ specific reflec
tance from registered multispectral images or even organ temperature 
from registered thermal images. Moreover, W. Li et al. (2021a, 2021b) 
demonstrated the impact of wheat ears on canopy reflectance, which 
supports the need for wheat ear segmentation methods. But ear counting 
and segmentation are two different tasks. The knowledge of ear 
bounding boxes, used for counting, does not directly provide the masks 
of the ears in those boxes. None of the previously mentioned ear 
counting studies tackled the segmentation step. However, as for count
ing, deep learning algorithms have been pointed out as a robust seg
mentation solution. A first deep learning segmentation was proposed on 

rice panicles by Xiong et al. (2017). For wheat, segmentation solutions 
were developed by Ma et al. (2020a, 2020b) and Wang et al. (2019). 
Methods allowing both counting and segmentation were detailed by 
Grbović et al. (2019), Sadeghi-Tehran et al. (2019) and Su et al. (2021). 
The limitation of all those studies is that each of them was validated for a 
few development stages. However, masks allowing to separate the ears 
from the leaves are needed throughout the season, especially if they aim 
at the extraction of physiological plant traits such as nitrogen status, 
senescence dynamics or water stress. Ear masks can also be used at 
various growth stages to look for the presence of diseases (Su et al., 
2021). Additionally, they may provide ear morphological information 
such as ear width or length. In the laboratory, Pound et al. (2017) 
showed that it was even feasible to detect the spikelets. The measure
ment of such morphological information would probably exploit the ear 
masks only at late development stages, when the ears are bent from the 
weight of the grains, and thus imaged along their length. 

This paper firstly proposes a robust deep learning approach able to 
count and segment the wheat ears. The performances for both tasks are 
evaluated at all the key development stages from heading to maturity. 
Secondly, it is detailed how the ear count in an image can be converted 
to an ear density in the field. Ear densities derived from the images are 
studied from heading to maturity and compared with (i) density mea
surements performed in the field at one date by three human operators 
and (ii) reference density measurements performed on harvested wheat 
plants. 

2. Material and methods 

2.1. In-field image acquisition 

Images were acquired during the 2020 season in two field trials 
located in the Hesbaye area, Belgium (50◦ 32′ 40′′ N and 4◦ 44′ 56′′ E) on 
homogenous silty soil and a temperate climate. Trial 1 was planted with 
winter wheat (Triticum aestivum L. variety ‘Mentor’) on November 7th 
2019. Trial 2 was planted with winter wheat (variety ‘LG Vertikal’) on 
November 5th 2019. Both trials were sowed with a density of 250 
grains/m2. The experimental micro-plots measured 1.95 × 6 m and the 
row spacing was 0.14 m. The micro-plots were fertilised three times, at 
BBCH stages 28, 30 and 39 (Meier, 2001), with 27 % ammonium nitrate. 
Trial 1 consisted of a randomised complete block design with eight 
replications of eight nitrogen fertilisation scenarios. Each scenario is 
described by three numbers, indicating the amount of nitrogen (kgN/ha) 
spread at each of the three inputs. The scenarios were: 0-0-0, 30-30-30, 
40-40-40, 50-40-55, 60-60-60, 80-40-60, 90-30-60 and 105-105-105 
kgN/ha. Trial 2 consisted of a randomised complete block design of 
four replications of sixteen regimes combining four fertilisation sce
narios (40-40-40, 60-60-60, 80-60-60 and 100-80-80 kgN/ha) and four 
fungicide application scenarios (zero, one, two or three dates of fungi
cide treatment). Images of trial 1 were acquired on June 3rd, June 11th, 
June 15th, June 18th, June 23rd, July 7th and July 29th. Images of trial 
2 were acquired on June 2nd, June 9th, June 16th, June 26th, July 7th, 
July 13th, July 22nd. Images were acquired by a pair of RGB cameras. At 
each date and for each camera, four images were taken by micro-plot 
except for half of trial 1 replicates, dedicated to punctual destructive 
measurements, for which only two images were taken. 

The RGB cameras were GO-5000C-USB (JAI A/S, Copenhagen, 
Denmark), equipped with a CMOS sensor of 2560 × 2048 pixels and a 
LM16HC objective (Kowa GmbH, Düsseldorf, Germany). Their dynamic 
range was 60 dB. The focal length was 16 mm and the aperture was set to 
f/4.0. The two cameras were spaced from 50 mm. Their optical axes 
were theoretically parallel but small deviations were possible due to 
mechanical imperfections. The cameras were geometrically calibrated 
using 25 images of a 10 × 7 chessboard of 26 mm squares. The average 
error for the camera pair was 0.4 pixels. 

The phenotyping platform was designed to capture nadir frames of 
wheat micro-plots. The camera pair was installed on a cantilever beam 
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to avoid shadows from the rest of the platform in the images. The height 
of the camera pair was adjusted at each acquisition date to keep a dis
tance around 1.6 m from the top of the canopy. Using this distance, the 
theoretical footprint of the frames was 1.26 m2 at the top of the canopy 
and the sampling distance was 0.49 mm/pixel. The images were recor
ded using a colour depth of 12 bits per pixel but reduced to 8 bits per 
pixel for this study. The auto-exposure algorithm was adapted to prevent 
image saturation. Starting from the exposure time computed by the 
manufacturer algorithm, the exposure time was gradually multiplied by 
a reduction factor, until no saturation was detected in the image or that 
the initial value was reduced by ten. The ISO and the aperture were not 
allowed to change. 

2.2. Ear bounding box detection 

2.2.1. Model 
The deep learning model selected for the detection of ear bounding 

boxes was YOLOv5 (https://doi.org/10.5281/zenodo.3908559). 
YOLOv5 is the last born from the YOLO (You Only Look Once) family 
(Redmon et al., 2016). That model was picked because (i) it counted 
among the most recent and popular deep learning solutions, (ii) it is 
faster than other classical models such as models from the R-CNN family 
(Ren et al., 2017), and (iii) it already demonstrated good performances 
for wheat ear detection tasks (Yang et al., 2021; Zhao et al., 2021). The 
method to decide the final predictions among all the bounding box 
propositions was the weighted boxes fusion approach (Solovyev et al., 
2021). 

2.2.2. Image pre-processing and labelling 
The images acquired during the 2020 season (Section 2.1) were 

complemented with the already labelled images of another dataset: the 
GWHD V2 (David et al., 2021). The images from the GWHD V2 were 
already in a square format (1024 × 1024 pixels), as required by the 
YOLOv5 algorithm. Since our images were acquired in the format of 
2560 × 2048 pixels, they required some pre-processing steps. Consid
ering the footprint of the image, if they were directly converted to 1024 
× 1024 pixels the ears would have been too small compared to those in 
the GWHD V2. For this reason, the images were divided into four sub- 
images of 1280 × 1024 pixels, and then each sub-image was resized to 
1024 × 1024 pixels. To label these sub-images, the LabelImg tool was 
used (https://github.com/tzutalin/labelImg). Two labelled sets were 
built from the 2020 sub-images: a set dedicated to validation and a set 
that aimed to complement the GWHD V2 for the model training. To 
build the validation set, at each acquisition date and for each trial, 
around forty sub-images were randomly selected and labelled, leading to 
a total of 64,091 labelled ears in 566 sub-images. Regarding the training 
set, images were picked at growth stages not present or under- 
represented in the GWHD V2: heading and maturity. One hundred and 
three sub-images were randomly picked among two dates at heading 
stage (June 3rd for trial 1, June 2nd for trial 2) and thirty-two sub-im
ages were randomly selected among three dates at maturity stage (July 
29th for trial 1, July 13th and July 22nd for trial 2). It led to a total of 
13,566 labelled ears in 135 sub-images. All the labelled data, called the 
Contrasted-Fertilisation Wheat Ear Dataset 2020 (CFWED2020), are 
available online for future use in the community (https://doi. 
org/10.5281/zenodo.5709821). 

2.2.3. Semi-supervised training 
The training consisted of four steps. Firstly, the model was trained on 

the GWHD V2. Secondly, the trained model was used to predict ear 
bounding boxes on all the images acquired in 2020 (Section 2.1). All the 
predicted boxes were saved as pseudo-labels. Thirdly, both the labels 
from the GWHD V2 and the pseudo-labels were exploited to train the 
model again. Finally, the model was improved using transfer learning 
thanks to the labelled training set built from our 2020 images. That way, 
the last update of the model weights relied on trustworthy data. 

2.2.4. Validation of bounding box detection 
The performances of the bounding box detection were evaluated on 

the labelled validation set built from data acquired on trial 1 and 2 in 
2020 (detailed in Section 2.3.2). The predictions of the model were 
compared with the labels to obtain a number of true positives, false 
positives and false negatives. A true positive (TP) is an ear that was 
correctly detected, a false positive (FP) is the detection of an ear that is 
not an ear, and a false negative (FN) is an ear that was not detected by 
the model but should have been. However, in that kind of object 
detection task, it is quite rare that the detected bounding box perfectly 
matches the labelled bounding box. For this, the definition of a correct or 
incorrect detection was based on the notion of Intersection over Union 
(IoU), i.e. the ratio between the area formed by the overlap of the 
detected box and the labelled box and the area formed by the set of these 
two boxes (Fig. 1). The TP, FP and FN are determined by choosing an IoU 
threshold. A value of 0.5 was chosen. This value is considered as the 
standard to evaluate a detection model. Moreover, it was pointed out as 
the optimal choice in the study of Madec et al. (2019). 

From the TP, FP and FN, several other meaningful and widely-used 
indicators were built. The precision (Equation (1)) measures the frac
tion of correct detections among all the detections. The recall (Eq. (2)) 
measures the fraction of correct detections among all the objects that 
should have been detected. The accuracy (Eq. (3)) is an obvious per
formance metric. Its general formula contains the true negatives (TN) 
but in such object detection tasks, there is no TN. The F1 score (Eq. (4)) 
is the harmonic mean of precision and recall, which provides a robust 
model performance assessment. 

Precision =
TP

TP + FP
(1)  

Recall =
TP

TP + FN
(2)  

Accuracy =
TP + TN

TP + TN + FP + FN
(3)  

F1score = 2
Precision*Recall

Precision + Recall
(4) 

Another useful indicator is the Average Precision (AP), which cor
responds to the area under the precision-recall curve (PRC) (Equation 
(5)). This curve is obtained by plotting the precision versus the recall for 
various confidence levels of the network prediction. The PRC represents 
the influence of this confidence level on the relation between recall and 
precision. 

AP@α =

∫1

0

Precision(Recall)dRecall (5) 

where α is the IoU threshold for which precision and recall are 
determined, and dRecall is the differential of the recall. By averaging the 
AP obtained for each class of the object detection task, the mean average 
precision (mAP) is obtained (Equation (6)). However, in the case of this 
study, there was only one class and therefore the AP was identical to the 
mAP. 

mAP@α =
1
n

∑n

i=1
APi (6) 

where n is the number of classes in the object detection problem. 
Two mAP metrics were considered: the mAP@0.5 and the 

mAP@0.5:0.75. The mAP@0.5 is the AP with an IoU threshold of 0.5. 
The mAP@0.5:0.75 is the mean of AP values for thresholds ranging from 
0.5 to 0.75 with a step of 0.05. One of the interests of building so many 
various indicators is to increase the possibility to compare on a common 
ground the performances with other studies. 
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2.3. Ear segmentation 

2.3.1. Automatic segmentation using DeepMAC 
The state-of-the-art DeepMAC (Deep Mask-heads Above CenterNet) 

neural network model (Birodkar et al., 2021) was used to segment the 
ears in the bounding boxes. The huge advantage of this approach is that 
it did not require manual construction of training masks, which is even 
more arduous and time-consuming work than building bounding boxes. 
Thanks to the strong generalisation ability of the pre-trained DeepMAC 
model, no specific training was needed to segment the wheat ears in 
their bounding boxes. Ear masks were generated for each square sub- 
image (Fig. 2). Then, the four sub-masks obtained associated with an 
image were transformed back to the original sub-image size of 1280 ×
1024 pixels and brought together to form a mask of 2560 × 2048 pixels, 
having the same format as the original RGB image. The ears cut at the 
sub-image junctions were reconstituted when assembling the sub-masks 
(Fig. 3). However, it happened that the parts of such cut ears did not 
match to the pixel, especially when the mask predicted by DeepMAC did 
not extend to the edge of the image. To solve this issue, pixels lying in a 
10 pixel range between two ear pixels from either side of a junction were 
considered as belonging to the ear mask. This filling algorithm has 
visually proven its usefulness. The risk was not excluded to regroup ear 
parts that did not belong to the same ear but the probability of such 
errors was judged small enough to be neglected. 

2.3.2. Validation of segmentation 
A custom annotation tool was created (Carlier et al., 2022). The 

method consisted in annotating eighteen pixels at fixed coordinates in 
each RGB image. The tool automatically zoomed on each pixel. Then, 
the operator pushed one of three buttons to attribute a class to this pixel: 
class 1 for the background (soil, leaves, stems, …), class 2 for the ears, 
and class 3 if it was not possible to decide between class 1 or 2, for 
example if the operator did not distinguish well what the pixel repre
sented or if the pixel was located at the edge between an ear and the 
background. That procedure was executed for all the images of all the 
acquisition dates. 

2.4. Ear counts and density 

2.4.1. Automatic method 
The sum of the bounding boxes in each of the four sub-images pro

vided a biased number of ears for the whole image because some ears 
were cut between two sub-images and thus counted twice. Those 
problematic ears were however reconstituted when gathering the four 
sub-masks. The excess ear parts were counted by the difference between 
the sum of the objects in the sub-masks and in the whole mask. The total 
number of ears was corrected by subtracting the excess ear parts. 

The ear density, expressed in ears per square metre, is the ratio of the 

number of ears in the image to the footprint of the image at ear height. 
That footprint was obtained by Equation (7): 

footprint ears = 4(z + 0.05)2tan
(

HFOV
2

)

tan
(

VFOV
2

)

(7) 

where footprint ears (m2) is the footprint at ear height, HFOV (◦) is 
the horizontal field of view of the camera, VFOV (◦) is the vertical field of 
view of the camera and z (m) is the distance between the camera and the 
tops of the ears. That distance was automatically measured by stereo
vision, exploiting the shift between the images from the two RGB cam
eras. Detailed explanations on the stereovision process can be found in 
Dandrifosse et al. (2020). For this study, the stereovision functions came 
from the OpenCV-Python library (version 4.5.3.56) (Bradski and Kaeh
ler, 2008). Based on the geometrical calibration of the camera pair, the 
left and right images were rectified. To accelerate the matching and 
improve performances, they were binned from 2560 × 2048 pixels to 
1280 × 1024 pixels. The stereo matching was then performed by the 
Semi-Global Block Matching algorithm (Hirschmüller, 2007) configured 
with a block size of 5. Post-filtering used a uniqueness value of 10, a 
speckle range of 4 and a speckle window size of 50. That matching step 
yielded for each pixel a disparity value or a value indicating that reliable 
disparity could not be computed. A second round of post-filtering relied 
on the Weighted Least Squares (WLS) filter (Min et al., 2014) from 
OpenCV-Python to smooth the disparity map and fill the gaps, helped by 
the content of the RGB image. For the last step of the stereovision pro
cess, disparity values were converted to depth values, knowing the focal 
length and the distance between the cameras. By subtracting the depth 
values to the camera height, it was also possible to compute a height 
map (Fig. 4). The ear mask from the segmentation step (Section 2.4.1) 
was applied on the depth map obtained by stereovision to produce a map 
of ear depths. As the ears were vertical most of the time, it was 
considered that the depth points were located at the tops of the ears. The 
distance z in Equation (7) was the median of ear depths. It was increased 
by 0.05 m to account for the size of the ears, and thus estimate the image 
footprint in the middle of the ear layer. 

2.4.2. Manual methods 
Ears were counted by humans on July 6th, 2020 for the 64 micro- 

plots of trial 1. All the micro-plots were assessed by three human op
erators. For each micro-plot, an operator performed three counts, at 
about a quarter, half and three-quarter the length of the micro-plot. The 
row and the exact spot of the count were randomly selected by blindly 
dropping a wooden stick. This selection never occurred in the two first 
rows of the plot in which the ear density could have been influenced by a 
border effect. The stick had a length of 50 cm and was positioned along a 
row, at the basis of the tillers. All fully grown tillers on the row were 
considered to carry an ear, and counted. Ears were also counted in the 
laboratory on wheat samples from trial 1 harvested on July 29th. Each 

Fig. 1. a) Concept of Intersection over Union (IoU). b) Concept of false positive and true positive applied to bounding box detection.  
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sample was collected over 50 cm along three rows located halfway 
across the width of the plot. Knowing the row spacing, both in-field and 
post-harvest counts were converted to ear densities. 

2.4.3. Statistical analyses of differences in ear density 
A two-way analysis of variance with repeated measures was used for 

each trial to investigate the effect of date and fertilisation on the ear 
density measured by the automatic method. The pingouin Python 

Fig. 2. Examples of ear bounding box detection and segmentation. The presented sub-images were randomly selected among the trial 1 images from three dates: 
June 3rd (heading), June 15th (flowering) and July 29th (maturity). The size of the sub-images is 1024 × 1024 pixels. 
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library (version 0.5.0) was used for the implementation (Vallat, 2018). 
The within-subjects factor was the date and the between-subjects factor 
was the fertilisation. The interaction between the factors was significant 
so a one-way analysis of variance was performed for each date to 
compare the fertilisation scenarios. Post-hoc Tukey HSD tests were used. 

A two-way analysis of variance was also led to investigate the effect 
of the measurement method on the ear density of trial 1. The two factors 
were the fertilisation scenario and the measurement method. This last 
factor had five levels: the automatic method, the reference manual 
method and the three human observations in the field. The date was not 
a factor as each manual measurement was performed at one date, and 
the automatic measurement was considered only for July 7th, which is 
the date closest to the human field observations. The interaction be
tween the factors was significant so a one-way analysis of variance was 
performed for each fertilisation scenario to compare the measurement 
methods. Post-hoc Tukey HSD tests were used. All the tests in this study 
had a significance level of 0.05. 

As the fields were quite homogeneous and the disease pressure was 
weak (in particular no fusarium head blight was spotted), random blocks 
and fungicide treatments were not considered as factors for the analyses. 
The purpose of those analyses was to get some clues to evaluate the ear 
density measurement methods, not to explain the smallest variations of 
ear density in our fields. 

3. Results and discussion 

3.1. Evaluation of ear bounding box detection 

The performances of ear bounding box detection for the YOLOv5 
model are detailed in Table 1. Depending on the date, the mAP@0.5 
varied between 0.79 and 0.94 and the F1 score between 0.89 and 0.97, 
with the best performances reached for both trials at flowering stage. 
One detail that could ease detection at that stage is the presence of an
thers on the ears. 

The selection of images to label was random at each date. An 
improvement would be to ensure labelling the same amount of images 
for each fertilisation scenario. That way, detection performances could 
be compared for different fertilisation practices. 

3.2. Segmentation quality 

The performances of ear segmentation are detailed in Table 2. As for 
bounding box detection (Section 3.1), the lowest performances were 
observed at heading and maturity stages, but even in these cases the F1 
scores were close or superior to 0.75, which is considered good. The 
performances in this study were superior to the ones announced by 
Carlier et al. (2022) using a non deep learning segmentation technique 
on a part of the same dataset. 

The DeepMAC model, thanks to its strong generalisation ability, 
performed ear segmentation without having been trained for this 

Fig. 3. Pipeline of sub-image treatment. The process is illustrated for a zone crossed by a sub-image delimitation line. For the steps illustrated in the dotted rectangle, 
the size of the sub-images is slightly different because they had been resized to a square format. 

Fig. 4. Example of wheat height map. The scene was imaged on June 18th on a micro-plot of trial 1. This Fig. shows the RGB image cropped to the zone commonly 
observed by the two cameras, the height map from the raw disparity map, and the height map when the disparity map was filled with the WLS method. The dark blue 
zones, at 0 on the scale, corresponded either to soil or to plant pixels for which the height could be computed. (For interpretation of the references to colour in this 
figure legend, the reader is referred to the web version of this article.). (For interpretation of the references to colour in this figure legend, the reader is referred to the 
web version of this article.) 
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specific task. There is however a downside to this ability: sometimes the 
algorithm segmented another object in the bounding box, rather than 
the ear. This phenomenon is illustrated in Fig. 5. To avoid those issues, 
future ear segmentation pipelines should include some training specific 
to the ear detection task, or at least some criteria to exclude the wrong 
bounding box segmentations. 

3.3. From ear count to ear density: A non-trivial conversion 

The ear densities were computed by dividing the number of ears 
detected in an image by the footprint of the image at ear height. The 

temporal evolution of the measured ear density is presented in Fig. 6 for 
the two trials and considering the different fertilisation scenarios. The 
two-way analysis of variance showed for both trials an interaction be
tween the two factors: date and fertilisation scenario. For that reason, 
the fertilisation scenarios were statistically compared separately for 
each date. Almost all of the corresponding one-way variance analyses 
showed a significant effect of the fertilisation on ear density. The results 
of the post-hoc Tukey HSD test are presented in Table 3 and 4, respec
tively for trial 1 and 2. 

The measured ear densities showed significant increases with the 
fertilisation level of the crop (Tables 3 and 4), which is an expected 

Table 1 
Evaluation of bounding box detection for all the labelled images from the acquired data set. The indicators are presented for each acquisition date, expressed as days 
after heading (DAH). The heading date for both trials was May 28th.  

DAH BBCH stage Trial TP (%) FP 
(%)  

FN 
(%)  

Precision  mAP@0.5 mAP 
@0.5:0.75 

Accuracy F1 
score 

5 55: Heading 2  84.67  5.93  9.4  0.93  0.84  0.79  0.85  0.92 
6 59: Heading 1  87.53  3.76  8.71  0.96  0.87  0.86  0.88  0.93 
12 65: Flowering 2  94.25  2.24  3.51  0.98  0.94  0.93  0.94  0.97 
14 67: Flowering 1  92.99  2.5  4.51  0.97  0.93  0.93  0.93  0.96 
18 69: Flowering 1  90.95  2.92  6.13  0.97  0.91  0.90  0.91  0.95 
19 69: Flowering 2  89.54  4.17  6.29  0.96  0.89  0.86  0.90  0.94 
21 71: Watery ripe 1  91.47  3.35  5.18  0.96  0.92  0.91  0.91  0.96 
26 75: medium milk 1  87.09  4.23  8.68  0.95  0.87  0.85  0.87  0.93 
29 77: Late milk 2  91.68  3.31  5.01  0.97  0.92  0.88  0.92  0.96 
40 83: Early dough 1  87.81  4.04  8.15  0.96  0.87  0.85  0.88  0.94 
40 83: Early dough 2  87.66  4.13  8.21  0.96  0.88  0.87  0.88  0.93 
46 85: Soft dough 2  84.84  4.75  10.41  0.95  0.84  0.82  0.85  0.92 
55 89: Maturity 2  79.73  6.42  13.85  0.93  0.79  0.76  0.8  0.89 
62 89: Maturity 1  81.61  5.35  13.04  0.94  0.81  0.79  0.82  0.9  

Table 2 
Evaluation of segmentation for all the images acquired in this study. The indicators are presented for each acquisition date, expressed as days after heading (DAH). The 
heading date for both trials was May 28th.  

DAH BBCH stage Trial TP (%) FP (%) FN (%) TN (%) Precision Accuracy F1 score 

5 55:Heading 2  4.01  0.78  1.80  93.41  0.84  0.97  0.76 
6 59: Heading 1  4.73  0.72  2.50  92.05  0.87  0.97  0.75 
12 65: Flowering 2  7.14  0.72  0.18  91.95  0.91  0.99  0.94 
14 67: Flowering 1  7.60  0.78  0.24  91.38  0.91  0.99  0.94 
18 69: Flowering 1  10.98  1.39  1.07  86.57  0.89  0.98  0.90 
19 69: Flowering 2  9.27  0.71  1.81  88.21  0.93  0.97  0.88 
21 71: Watery ripe 1  10.91  0.94  1.50  86.66  0.92  0.98  0.90 
26 75: medium milk 1  9.04  1.47  1.01  88.48  0.86  0.98  0.88 
29 77: Late milk 2  10.46  2.94  0.39  86.21  0.78  0.97  0.86 
40 83: Early dough 1  15.41  3.45  0.67  80.48  0.82  0.96  0.88 
40 83: Early dough 2  17.21  0.86  2.46  78.98  0.95  0.97  0.91 
46 85: Soft dough 2  9.21  5.83  0.79  84.17  0.61  0.93  0.74 
55 89: Maturity 2  26.08  2.40  7.58  63.94  0.92  0.90  0.84 
62 89: Maturity 1  22.01  2.40  4.61  70.98  0.90  0.93  0.86  

Fig. 5. Example of wrong segmentation. a) RGB image with the detected bounding boxes. b) Ear mask with correct mask parts in green and erroneous parts in red. In 
the bounding box on the left, DeepMAC isolated a leaf rather than the ear. (For interpretation of the references to colour in this figure legend, the reader is referred to 
the web version of this article.). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 
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behaviour (Oscarson, 2000): the first nitrogen input, at tillering, favours 
the tiller number while the second nitrogen input, at stem elongation, 
allows the tillers to grow and develop the ear. This effect of fertilisation 
highlights the importance of ear density measurement. At almost all of 

the growth stages, the method was useful to identify relative ear density 
differences between fertilisation scenarios. Nevertheless, for a given 
fertilisation object, the measured ear density varied between the dates 
(Fig. 6). Yet, no incident such as lodging was observed in the field and 
thus the number of ears was not supposed to change. That said, some of 

Fig. 6. Temporal evolution of the measured ear density for trial 1 and trial 2. The colour code indicates the different fertilisation levels. The standard deviation is 
indicated on each point. Various cap sizes are used to differentiate the standard deviation bars from different fertilisation levels. 

Table 3 
Tukey HSD test to investigate the effects of the fertilisation scenarios of trial 1 on 
the wheat ear density measured by the automatic method. The test was per
formed for each date, expressed in days after heading (DAH), corresponding to 
one row in the table. On each row, fertilisation scenarios marked with at least 
the same letter are not considered statistically different. The significance level is 
0.05.  

DAH Nitrogen inputs (kgN/ha) at BBCH stages 28-30-39 

0- 
0-0 

30- 
30- 
30 

40- 
40- 
40 

50- 
40- 
55 

60- 
60- 
60 

80- 
40- 
60 

90- 
30- 
60 

105- 
105- 
105 

6 c b ab a a a a a 
14 e d cd bc b ab ab a 
18 e d cd bc b ab ab a 
21 e d cd bc ab ab ab a 
26 e d cd bc abc ab ab a 
40 e d cd bc b bc ab a 
62 b b ab ab ab ab a a  

Table 4 
Tukey HSD test to investigate the effects of the fertilisation scenarios of trial 2 on 
the wheat ear density measured by the automatic method. The test was per
formed for each date, expressed in days after heading (DAH), corresponding to 
one row in the table. On each row, fertilisation scenarios marked with at least 
the same letter are not considered statistically different. The significance level is 
0.05.  

DAH Nitrogen inputs (kgN/ha) at BBCH stages 28-30-39 

40-40-40 60-60-60 80-60-60 100-80-80 

5 a a a a 
12 c bc a a 
19 c bc ab a 
29 c bc ab a 
40 b ab a a 
46 c bc ab a 
55 c b ab a  
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the ear density variations were expected. The smaller densities 
measured at heading can be explained by the fact that not all ears did 
emerge from their sheaths yet. The smaller densities measured at 
maturity can be explained by the change of ear morphology and posi
tion: at this stage, the ears were larger and bent from the weight of the 
grains, which increased the number of ears totally hidden in the image. 
In addition, the bounding box detection at those stages was not as good 
as for the others (Table 1), probably because of many ear overlaps. That 
lower performance is translated by a number of ears that were not 
detected by the model, leading to an underestimation of the ear density. 
A more troubling point for trial 1 is the variation of the measured ear 
density at the other development stages, where the ears were well visible 
and the bounding box detection presented excellent performances with 
mAP@0.5 close or superior to 0.9. 

A first hypothesis to explain those ear density differences across 
dates is the effect of scene lighting. This may be hard to believe since the 
deep learning algorithm succeeded well in detecting the ears in both 
sunny and cloudy conditions. However, the bounding box detection 
performances could be a misleading track. Direct sunlight induces 
shadows and strong contrasts in wheat canopy images. In those condi
tions, some low ears could stand in dark areas and be missed at both the 
human annotation and the automatic detection step. An observation of 
this kind was made by Madec et al. (2019). Looking at the trial 1 data in 
Fig. 6, the ear densities measured at 26 days after heading (June 23rd) in 
sunny conditions are lower than the densities measured at the dates after 
and before, in cloudy conditions. The ear densities measured at 18 days 
after sowing are also lower than expected, and this coincides one again 
with sunny acquisitions. A solution to avoid ears missed by both human 
image annotators and the deep learning algorithm would be to deal with 
the high contrasts responsible for image zones either too dark or satu
rated. It could be achieved by acquiring the same scene using various 
exposure times to build high dynamic range images. 

A second hypothesis to explain the ear density differences across 
dates is the variability inherent to the image footprint estimation. That 
footprint depends on the distance between the cameras and the ears 
(Fig. 7), which may vary depending on the wheat varieties, the fertil
isation level or even the depth of the ruts between the micro-plots in 
which the image acquisition platform was placed. For this reason, the 
distance needs to be measured for each imaged wheat canopy zone. But, 
as highlighted by David et al. (2020), the definition of this distance is 
still an open question. Which depth in the ear layer should be considered 
to compute the image footprint? And how to measure that depth? In this 
study, it was considered the median depth of the tops of the ears plus 
0.05 m, but this choice was quite arbitrary and did not account for the 
possible inclination of the ears. The curve in Fig. 7 (b) illustrates the 
variations of image footprint expected for a modification of the distance 
between the cameras and the ears. 

3.4. Human and deep learning measurements of ear density 

The comparison between the ear density measured by the algo
rithms, the human operators in the field and the reference measurement 
from samples counted in the laboratory is presented in Fig. 8 for the 
eight fertilisation scenarios of trial 1. The highest ear densities were 
recorded by the reference method. For all the scenarios, operator 3 
recorded the lowest values. The two-ways variance analysis showed an 
interaction between the two factors: measurement method and fertil
isation scenario. For that reason, the methods were statistically 
compared separately for each fertilisation level. Almost all of the cor
responding one-way variance analyses showed a significant effect of the 
measurement method. The results of the post-hoc Tukey HSD tests are 
presented in Table 5. In most of the scenarios, operators 1 and 3 were 
significantly different from the reference, while operator 2 was only 
different from the reference in one scenario. The significant differences 
between the operators demonstrated an operator bias. Deep learning 
was never judged different from operator 2 or the reference. Both deep 
learning and operator 2 were reliable but, looking at their mean in each 
scenario (Fig. 8) and the number of scenarios in which they were 
assumed equal to the reference (Table 5), deep learning was considered 
a better estimator. 

The ear densities provided by the reference method were the highest 
in seven fertilisation scenarios out of eight, but that so-called “reference” 
method may itself be questioned. The ear density was computed using 
the ratio of the number of ears counted after harvest to the harvested 
area in the field. This harvested area was delimited by the wheat rows 
and a 50-cm stick. It is possible that some or all the human operators 
tended to harvest a few additional tillers, planted at the boundaries of 
the harvest zone, leading to an overestimation of the ear density. It is 
also to be noted that the reference harvest and the human observations 
in the field included some small late ears that may not have been visible 
in the images. 

It is important to consider the heterogeneity within the micro-plots. 
Both the counting in the field and the counting on harvested plants were 
based on small zones in the micro-plots. On the contrary, the images 
allowed measurements on larger zones and all along the micro-plots. 
Looking at Fig. 8, this may explain the smaller standard deviations 
observed for the deep learning method. To allow a better comparison 
between the deep learning and reference measurements, Madec et al. 
(2019) suggested working on the exact same zones in the micro-plots. 
They also proposed to increase the size of the sampled reference 
zones, which is a laborious task. 

For deep learning, a critical question is the choice of the acquisition 
date to obtain the ear density values. In this study, the method did not 
yield the same ear densities at all the dates. July 7th, at early dough 
stage, was used for the comparison with other methods because the date 

Fig. 7. a) Illustration of the notion of image footprint at ear height. b) Relation between image footprint at ear height and the distance between the ears and 
the camera. 
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was close to the counting made by the human operators (July 6th). It 
was also considered as the most reliable date because performances of 
ear detection were excellent, the sky was cloudy and ear densities 
measured agreed with other reliable measurements sooner in the season. 
Nevertheless, values from another date would have modified the com
parison with human measurements. This latter point highlights that, if 
human operator measurements can show ear density discrepancies on a 
same micro-plot, so does the automatic method. In the future, it will be 
important to work on the weak points of the method: the estimation of 
image footprint and the ears non visible because of shadows or overlaps. 
As only one trustworthy ear density measurement is needed for a season, 
the camera operators have the luxury to select convenient conditions or 
growth stages. 

4. Conclusions 

The combination of the YOLOv5 bounding box detection model and 
the DeepMAC segmentation model brought an innovative solution for 
both counting and segmenting the wheat ears. Thanks to the semi- 
supervised learning of the bounding box detection model, the use of a 
rich existing dataset and the strong generalisation ability of the seg
mentation model, few efforts were necessary to train the whole method 
and adapt it to reach robust performances at all development stages of 

wheat from heading to maturity. Most of the labelling work has been 
dedicated to build a strong validation dataset. All the labels were made 
available to the community. The average F1 score of bounding box 
detection was 0.93 and the average F1 score of segmentation was 0.86. A 
limitation of this study is the diversity of the acquired data set. It covered 
all the development stages of the crops from heading to maturity and 
included contrasted fertilisation scenarios, but it was limited to one 
growing season and two varieties. An improvement would be to acquire 
similar time series on a larger diversity of wheat varieties, especially 
including ears with awns. It would also be interesting to investigate the 
detection performances on ears from other cereal crops such as barley or 
rye. 

A method was proposed to convert ear counts to ear density, i.e. the 
number of ears per square metre, which is the variable of high agro
nomic interest and which has been widely neglected in previous studies 
dedicated to ear detection, limited to the ear counts. The method relied 
on a second RGB camera to determine the distance between the cameras 
and the ears by stereovision and thus compute the image footprint at ear 
height. The most reliable deep learning ear density values outperformed 
observations from human operators in the field. They had the advantage 
to better capture the spatial heterogeneity of the micro-plots compared 
to human observations and reference harvests that were very localised. 
Further studies should not focus solely on ear counting methods based 
on existing datasets but also set field experiments and investigate the 
retrieval of ear density. A particular focus should be put to establish a 
robust reference distance between the camera and the ears to compute 
the image footprint. 
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60-60-60 b bc c ab a 
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