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Abstract: Crown rot is one of the major stubble soil fungal diseases that bring significant yield loss
to the cereal industry. The most effective crown rot management approach is removal of infected
crop residue from fields and rotation of nonhost crops. However, disease screening is challenging as
there are no clear visible symptoms on upper stems and leaves at early growth stages. The current
manual screening method requires experts to observe the crown and roots of plants to detect disease,
which is time-consuming, subjective, labor-intensive, and costly. As digital color imaging has the
advantages of low cost and easy use, it has a high potential to be an economical solution for crown rot
detection. In this research, a crown rot disease detection method was developed using a smartphone
camera and machine learning technologies. Four common wheat varieties were grown in greenhouse
conditions with a controlled environment, and all infected group plants were infected with crown rot
without the presence of other plant diseases. We used a smartphone to take digital color images of the
lower stems of plants. Using imaging processing techniques and a support vector machine algorithm,
we successfully distinguished infected and healthy plants as early as 14 days after disease infection.
The results provide a vital first step toward developing a digital color imaging phenotyping platform
for crown rot detection to enable the management of crown rot disease effectively. As an easy-access
phenotyping method, this method could provide support for researchers to develop an efficiency and
economic disease screening method in field conditions.
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1. Introduction
Crown rot is a stubble soil fungal disease primarily caused by Fusarium pseudograminearum and threatens cereal crop production worldwide. The Australian wheat industry
suffered from economic losses of approximately AUD 80 million due to crown rot in 2009,
and potential losses may reach AUD 434 million per year [1,2]. Crown rot contributes
to failure of grain/seed establishment and causes prematurely senescing culms, which
can cause up to 59% yield loss in wheat [3]. There is currently no effective biological or
chemical control method that can effectively control crown rot disease, and there are no
varieties resistant to it [4,5]. Currently, the most effective disease management solution is
reducing disease inoculum levels in the field by growing nonhost rotation crops for at least
3 years [6]. Disease screening can identify the disease infection region and the severity of
disease infection to help farmers adjust planting plans for minimizing the disease inoculum
level in the field [7]. Therefore, disease detection is extremely important for the management of crown rot. However, it is difficult for farmers to detect crown rot at an early stage
in the field as infected wheat plants do not show obvious symptoms on upper stems and
leaves. At this stage, the symptoms are usually not obvious, because the major symptom
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of crown rot in early growth stages is brown discoloration of the stem close to the soil
surface [8–10]. Furthermore, it can be challenging to screen the crop in a field by observing
the lower stems of wheat in different growing regions many times, as it is labor-intensive,
time-consuming, and costly.
Recently, computer vision technologies have shown great advantages in agricultural
applications, from precision agriculture to imaging plant phenotyping [11,12]. In imagingbased crop phenotyping, research directions can be roughly grouped into two categories:
hyperspectral imaging and digital color imaging [13]. Hyperspectral imaging includes
both the visible light spectrum and the infrared range, and it can provide unique spectral
characteristics of the target plant in the electromagnetic spectrum for understanding the
growth status of the plant [14,15]. For example, near-infrared imaging can detect changes
in reflectance at 680–730 nm in the epidermis and plant cell wall due to Fusarium infection [16,17]. This occurs when plants are invaded by fungi that secrete the toxic mycotoxin
deoxynivalenol, which destroys the chloroplasts of the plants, thereby limiting the photosynthetic activity of the plants [18,19]. In addition, F. pseudograminearum can colonize a
large part of a plant’s vascular system and limit the water transmission of plants [20]. This
leads to water loss in infected plants detected by a change in 682–733 nm and 927–931 nm
wavelengths after growing for 70 days [7]. Although the above studies used hyperspectral
image technology to detect Fusarium-infected plants, the plants were close to maturity,
which is not practical for the detection of the disease in early growth stages. In addition,
hyperspectral cameras are expensive and hardly affordable for use by plant researchers
or farmers. Therefore, using digital color imaging for the early detection of crown rot
presents a viable alternative since digital color camera technology has the advantages of
being low-cost, easy to access, and simple to operate [14,15]. Color imaging can successfully
distinguish Fusarium head blight-infected plants from healthy plants in the early maturity
stage of wheat by imaging wheat head [21]. However, this study is also limited by late detection of Fusarium disease. This research aims to develop a computer vision method using
digital color images to detect crown rot disease in wheat at an early stage. We developed an
algorithm to distinguish infected wheat from healthy wheat under greenhouse conditions.
Crown rot is a disease that is greatly affected by environmental factors [22]. Compared
with the complex environment in the field, the relatively controllable environment provided by the greenhouse can help researchers understand the development of crown rot
disease and evaluate different wheat varieties’ typical phenotypic data and symptoms after
being infected with disease at the seedlings stage [23–25]. We found that crown rot can be
detected from the stems near the ground using the developed computer vision method
after 14 days of infection. This research provides a basis for developing a ground-based
robotic system that can detect crown rot disease at an early stage in a high-throughput,
accurate, economic, and nondestructive manner.
2. Materials and Methods
2.1. Wheat Plant Growth and Disease Infection
Four common Australian wheat varieties were chosen based on their susceptibility
to crown rot, including Aurora, which is durum wheat and most susceptible to crown rot;
Emu Rock, which is susceptible to crown rot; and Yitpi and Trojan, which are moderately
susceptible [26]. All wheat plants were planted in a greenhouse located in the Plant
Accelerator® at the Waite Campus of the University of Adelaide (latitude and longitude
are 34◦ 580 16.400 S and 138◦ 380 23.500 E, shown in Figure S1 in Supplementary Materials). The
plants were grown in a soil substrate under two treatments of “controlled” and “infected”
with 26 replicates, resulting in a total of 208 plants for analysis. All wheat was planted
in a 150 mm common white plastic pot, where the growing medium was a 50:50 mixture
of UC Davis mix [27] and cocopeat. To avoid spatial bias, a random block design was
utilized based on the dae program, which is a package for the R statistical computing
environment [28]. Moreover, plants were grown under 12 h of natural light, supplemented
with light-emitting diode lights from 7:30 a.m. to 5:30 p.m., and grown at 22 ◦ C (day) and
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15 ◦ C (night). All seeds were sown on 21 June 2021 and grew in the greenhouse until disease
infection. Three seeds were sown in each pot to ensure an even germination rate, and two
of the seedlings were removed after 14 days. The removal principle was to only keep one
representative seedling per pot. The disease infection occurred at 14 days after sowing
(defined as first day after infection—1 DAI), and the infection method was developed based
on a previous study [29]. We placed 10 F. pseudograminearum-infected seeds (courtesy of
colleagues at the South Australian Research and Development Institute) near seedlings
and also used a PVC tube (30 mm diameter and 20 mm height) to reduce the movement of
infected seeds. The plants were watered daily to set a target value at 30% of soil weight.
2.2. Manual Screening
In this experiment, a manual assessment was taken by recording the disease severity
levels to understand the disease development at an early infection period. The manual
assessment protocol was modified from a previous study [24], and the manual scores
presented crown rot severity levels: 0 represents healthy plant, 1 represents the first
leaf sheath showing necrotic lesions, 2 represents the first leaf sheath and the subcrown
internode showing occurring brown discoloration symptoms, 3 represents partial second
leaf sheath showing necrotic lesions, 4 represents brown discoloration symptoms on the
second leaf sheath and the subnodes of the subcorona, and 5 and 6 describe the necrosis
of the leaf sheath. The manual assessment was taken three times on 14, 21, and 28 DAI.
A pathogen isolation for pathogen identification occurred on 43 DAI when a plant was
randomly sampled from each treatment and variety for pathogen isolation. The plant’s
crown was excised from the lower stems and placed in plates for pathogen growth for
5 days and then identified by observation under microscope [30].
2.3. Image Collection
The images were collected on 14 and 21 DAI using an iPhone XS (64 GB) between
1:00 p.m. and 3:00 p.m. The lighting was provided by a combination of LED light and
natural indoor light. The photos were acquired at approximately 10 cm between the phone
and wheat, focusing on the low stem regions, including the first node. All images were
saved in JPEG (Joint Photographic Experts Group) format for future analysis. On 14 DAI,
60 images were randomly collected from the controlled and infected group. The disease
levels of the manual assessment of the infected wheat were between 0 and 2. On 21 DAI,
60 images from the infected group were collected, and the disease levels of the infected
wheat covered a large range from 0 to 6. As all of the plants in the controlled group had the
same disease level of 0, only 30 images of the controlled group were collected.
2.4. Image Processing and Analysis
2.4.1. Background Segmentation
The image segmentation was conducted using Plant Computer Vision, which is a
Python package [31]. In background segmentation, all of the original RGB (red, green, blue)
images were converted into the HSV (hue, saturation, value) and LAB (lightness, greens
and magentas channel, blues and yellows channel) color spaces, and then the color features
were used to filter out backgrounds while maintaining regions of interest (ROIs). After an
original image was converted into an HSV and LAB color space, four masks were applied
to filter out unnecessary parts of the image in Figure 1. The purpose of the first mask is
to remove most of the background pixels and maintain the plant. The grayscale images
of saturation and blue-yellow were binarized and then combined to form the first mask,
where the saturation threshold was 120 and the blue-yellow threshold was 155, which were
determined by experiment. The first mask filtered out most pixels of the soil area and the
PVC tube (Figure 1) but had a limitation to remove the cocopeat particles. As the healthy
areas were close to the green color, and the infected areas were close to the brown color, two
masks were developed to further extract the plant region, one for extracting the healthy
areas and the other for the infected areas. Both of the masks used grayscale images of
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Figure 1. Workflow for image segmentation process. Image segmentation occurred by applying four
different masks in sequence to the original image to extract the ROI and produce the final image.

2.4.2. Disease Detection
In this study, we used a machine learning method to perform binary classification
of infected plants and controlled plants. If a plant was correctly classified into the corresponding class, then the detection was considered successful. Each segmented image
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was transformed from an RGB color space to an HSV and LAB color space, and then
each image’s average values of H, S, V, L, A, and B were used to identify the degree of
correlation between the color indices and the infection status (control and infected) by
Pearson correlation coefficient analysis. Select color indexes whose absolute correlation
values were the highest for further classification in HSV and LAB, respectively, and H in
HSV and A in LAB were chosen in this case, as shown in Figure 2. To extract feature vectors,
the pixels of ROI in the images of H and A were converted to normalized histograms of
10 bins with values in the range of 0–1 (examples shown in Figure S2). The histograms
represent the distributions of the colors of the plants and were considered as the initial
color feature vectors. The initial color feature vectors were further processed so that only
the bins made significant contributions to further classification, which were kept to make
it easier to establish a training model to complete the classification task. By conducting
an analysis of variance of each bin of the histograms and the disease infection levels, only
bins with p-values smaller than 0.05 were kept (Figure 2). It is worth noting that in this
experiment, two groups of photos (14 DAI and 21 DAI) were used for analysis. The two
different data collection dates represent different plant growth and infection stages, so
bins whose p-values were smaller than 0.05 at different infection and growth stages were
different. Therefore, the analysis of variance of histograms was divided into 14 DAI and
21 DAI dataset for analysis. The bins to be removed for 14 DAI were hist_h3, 7, 8 and
hist_a1, 2, 5, 6, 7, while for 21 DAI hist_h4, 5, 6, 9 and hist_a0, 4, 5, 6, 7, 8, 9, as shown in
red bars in Figure 3. The final feature vectors were input into a support vector machine
(SVM) for binary classification, and the kernel method was radial basis function (RBF)
kernel. Radial basis function kernel is based on the Gaussian function and is a monotonic
function that finds the Euclidean distance from any point in the space to a certain center [32].
Its function is to deal with the example when the relationship between class labels and
features is nonlinear [33]. We used accuracy and F1 score to evaluate the performance of
the classification, as shown in Equations (1)–(4) [34,35].
Accuracy = TP + TN/TP + FP + FN + TN

(1)

Precision = TP/TP + FP

(2)

Recall = TP/TP + FN

(3)

F1 Score = 2 × (Recall × Precision)/(Recall + Precision)

(4)

where TP is true positive, TN is true negative, FP is false positive, and FN is false negative [34,36]. F1 score and accuracy are both essential metrics for evaluating and determining
the statistical analysis of binary classification results (Mishra & Kumar, 2020). Crossvalidation is a resampling method that can train and validate a model iteratively by using
different portions of the data [37,38]. In machine learning, it is used to estimate how the
model (built by training sets) is expected to perform in general when used to make predictions on data not used during the training (validation sets) in a limited sample size [38,39].
In this experiment, five-fold cross-validation with three repetitions was performed for data
analysis, and we used the weighted average values of the classification metrics of each
validation to represent the results of the cross-validation. This experiment performed two
sets of analyses according to the different varieties. One set analyzed four varieties, and
the other set analyzed only three types of bread wheat (Trojan, Emu Rock, and Yitpi). The
reason was that the lower stem region of the durum wheat variety (Aurora) expresses the
purple color naturally, which is different from other three bread wheat varieties with the
green color on the lower stems.
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4. Discussion
The manual scoring results indicated that on 14 DAI, most of the infected wheat
showed moderate symptoms with levels between 0 and 2. Although the symptoms of
the infected plants on 14 DAI were not obvious, we still obtained an acceptable classification result (F1 score was over 0.75) by using computer vision and machine learning
technologies. When the infection progressed to 21 DAI, the symptoms of the infected
plants were obvious, and levels increased to 3 to 5, meaning that the second and third
leaf sheaths showed brown coloration. With the worsening symptoms of the infection,
the F1 scores on 21 DAI increased significantly, reaching the satisfactory level (over 0.80).
These results are representative of the infection process of crown rot on cereal plants in
other experimental systems [22,24,41,42]. When the plants come into contact with the
source of infection, F. pseudograminearum enters the leaf sheath tissue through the stomata
of the leaves. However, there is no significant increase in fungal biomass and observable
symptoms on the plant during approximately the first couples of weeks of the disease
process [43]. In this experiment, the results of the 21 DAI and 28 DAI were similar, and
there was no significant change from 21 DAI to 28 DAI shown in Figure 4, so it can be
considered that the symptoms of infected plants at 21 DAI are relatively obvious and stable.
Therefore, most of wheat plants showed mild symptoms of brown discoloration on 14 DAI
when the crown rot disease had only just begun to move from the roots to the crowns
for colonization [20,44]. As the infection progressed, the F1 scores increased on 21 DAI,
likely indicating that the colonization in the lower stem had begun. Furthermore, the
manual scoring results on 28 DAI also showed that there was no significant change from
21 to 28 DAI, which indicated that the brown discoloration symptom development of the
infected plant became stable after 21 DAI.
Although the experiment was conducted in a greenhouse condition and the images
were collected by a handheld device, the technology has a high potential to be applied to
autonomous mobile devices. One of the challenges of the proposed technology is that the
imaging needs to be adjusted to focus on the lower part of the wheat; however, several
studies have verified that a ground-based robotic system can enter the inter-row in the field
to identify and photograph different parts of plants [45,46]. For example, a field-tested
robotic harvesting system can precisely identify the lower stem location of iceberg lettuce
and complete harvesting [47]. The key challenge in the field condition comes from the
segmentation of a single plant from the image. Compared with the laboratory environment,
a single field image usually contains multiple plant information, and the background colors
are more complex [48]. Therefore, when this method is applied to the field conditions, it is
necessary to cooperate with a more robust plant segmentation method to ensure that the
ROIs of individual plants can be separated from the original images with sufficient accuracy.
In this experiment, we observed that Aurora had unique color features around the
stems compared with the other varieties. Most of the lower stem and leaf sheaths of
Aurora used in this experiment were purple (Figure 7a). However, the lower stems of
the other three types of bread wheat were all green (Figure 7b). The underlying reason
for the purple leaf base is that this wheat variety has anthocyanin pigmentation, and
anthocyanin pigmentation is closely related to the genetic changes in the wheat breeding
process, but it does not affect plant growth [49,50]. When comparing the analysis of all
four varieties with the three varieties without Aurora, the F1 score significantly improved
when removing Aurora. This result indicates that the performances of the computer vision
and machine learning algorithms are affected by the varieties if they have different color
features. Although Aurora reduced the F1 score due to the purple stem, F1 scores on 21 DAI
of the two datasets were still higher than 0.8. In addition, the results of Aurora also support
that this experiment is not limited to specific wheat varieties. This is because when wheat
is infected with crown rot, although different genotypes may show a different symptom
severity due to a different disease resistance, the initial and early symptom is relatively
concentrated in brown discoloration at the lower stem, such as dark necrotic lesions at the
crown and stem base [51]. Moreover, the method used in this experiment also has certain
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potential in the detection of other plant diseases that cause discoloration at the lower stem,
such as common root rot in wheat [52] and blackleg in canola [53]. This is because these
diseases have a high probability of showing early infection in discoloration at the lower
part of plants. By adjusting the thresholds in the segmentation method in this experiment,
there is a great potential to segment plants with infected areas from the original images.
Therefore, the methodology worked in this study can be indicated to be robust enough to
deal with coloration differences for crown rot disease detection. Although a well-controlled
greenhouse environment can provide a consistent environment for wheats to present
relatively stable symptoms after crown rot infection, it is supportive to train the basic
model. However, in the natural environment, the possibility of plant coloration differences
will be very high, and different diseases and stress may cause plants to show coloration
differences, even if the plant infection is not crown rot. For example, nitrogen deficiency or
rust will cause the plant to show yellow leaves and stem [54]. Increasing the number of
training samples could train more robust models for disease detection; however, this would
be challenging when a large number of varieties have to be involved. Using more powerful
imaging technologies, such as hyperspectral imaging technologies, to detect crown rot
disease and understand disease development would be a further research direction [13].
5. Conclusions
Crown rot disease seriously affects wheat yield, and it requires an effective disease
detection method to help control the disease spread and reduce the reinfection rate. However, crown rot does not show obvious symptoms on the leaves and upper stem in the early
stage of infection, and early screening usually requires observation of the crown section,
which is time-consuming and expensive and inevitably subjective. This study shows that
by using color images of the lower stems of the plants combined with proper computer
vision and machine learning technologies, infected plants can be detected after 14 DAI
with satisfactory F1 scores above 0.75. With the days of infection increasing, the F1 score
increased by over 0.80 on 21 DAI. The limitations of this research and further study are
as follows:
1.

2.

3.

4.

5.

This study was conducted in a greenhouse where the environment was well controlled.
However, there will be many factors that will affect crown rot disease development
and spread in the field; hence, the time of infection start would not be as clear as in
the greenhouse. Furthermore, unstable solar illumination and shadow in the field
could also affect the colorful imaging collection process.
In this study, all plants were only infected with crown rot and grown under a wellcontrolled greenhouse environment. However, when plants grow in the field condition, they may be infected with several different diseases. A necessary further research
is to determine whether the current method will be suitable to screen crown rot in the
field environment with the potential presence of other plant diseases.
In this study, the images were collected using a smartphone. In a future work of field
applications, a ground-based robotic system could be developed to collect the images
of the lower stems of the plants in a more efficient way.
The performances of the proposed method are affected by the color features of the
plants. Even with Aurora included, the results were acceptable, showing that the
proposed method is a promising economical method for assessing crown rot. However, it would be challenging if a large number of varieties of different color features
have to be involved. In the future, using hyperspectral imaging of shoot to understand the disease development process and how fungi affect plant growth is a new
research direction.
In this study, we only tested an SVM; other machine learning algorithms could perform
differently on different data [11]. Therefore, it is worthy to study other machine
learning techniques [55] for digital imaging analysis.
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Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/agriengineering4010010/s1, Figure S1. The location of greenhouse
in this experiment. Shows the greenhouse’s location of the research conducted. The latitude and
longitude are 34◦ 580 16.400 S and 138◦ 380 23.500 E. Figure S2. Example for histogram bins. Depicts
examples for histogram bins for pixels of ROI in one image for hue (H) and greens and magentas
channel (A). Hist_h represents H and hist_a represents A. Figure 2a,b was 14 DAI and Figure 2c,d
was 21 DAI.
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