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Abstract

The quality of a seed potato lot is determined by the number of blackleg-affected potato
plants. To enhance the quality, affected plants are both detected and removed manually
which is laborious and time-consuming. This paper investigates the potential of using a
state-of-the-art machine method for automating the blackleg detection task, a problem
overlooked in the literature. In particular, we assess for the first time the use of an
efficient convolution neural network (EfficientnetV2) for this problem and elaborate
on the explainability of obtained results based on activation maps computed using
Grad-CAM. Conducted experiments considering a dataset comprising 4000 images
depicting potato plants of six different varieties and affected by three different kinds
of Pectobacteriaceae. The EfficientnetV?2’s use led to effective detection results (0.81
recall and 0.91 precision). The qualitative analysis of results using gradient activation
maps (Grad-CAM) suggests that the trained model learned to classify blackleg on
the characteristic symptoms of blackleg. Our results suggest the feasibility of the
practical automation of potato blackleg detection. The investigated detection model
can be embedded in a robot platform or mounted on a vehicle to assist farmers in
scouting blackleg.
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Highlights

e We demonstrate the potential of the use of EfficientnetV2 for potato blackleg
detection.

e We train EfficientnetV2 on a relatively more diverse and general disease dataset
in comparison to similar studies in potato disease detection.

e We apply an image classifier for potato blackleg detection in densely populated
fields.

e We investigate Grad-CAM activation maps for symptom-based explainability and
localization of detection results.

Introduction

Declassification of seed potatoes as a result of the presence of blackleg!is one of the
main reasons for economic loss in seed potato farming (Tsror et al. 2009; Kamp et al.
2020). The impact of seed potato declassification varies between countries, as disease
certification tolerances differ on a national level (Toth et al. 2011). Seed potatoes
are categorized into three categories: certified seed potatoes used to produce tubers
for consumption or industry; basic seed potatoes to produce certified seed potato
tubers; and pre-basic seed potatoes to produce basic seed potatoes. The categories
are subdivided into classes with tolerances for variety mixture, virus symptoms, and
blackleg (Haverkort and Delleman 2018). In the Netherlands, blackleg tolerances for
pre-basic and basic seed potatoes are 0% and range from 0.1-0.3% for certified seed
potatoes (NAK 2012). The Dutch seed crop inspection organization called NAK? is
responsible for classifying seed potato fields. Common procedures include inspecting
seed potato fields twice to spot symptoms of diseases. Later, a post-harvest inspection
of tubers and a lab-based analysis of tuber samples are conducted (Bus et al. 1996).
To ensure positive assessment during a field inspection, Dutch seed potato farmers
inspect their fields at least twice a year to spot blackleg and other diseases. Suspect
potatoes are removed from the field in enclosed bags to prevent them from being a
source of contamination for other potato plants (Bus et al. 1996).

Blackleg is a result of infection with Pectobacteriaceae of genera Dickeya and
Pectobacterium and are latently present in the tuber (Adeolu et al. 2016; Czajkowski
et al. 2011). The predominance of different species Dickeya and Pectobacterium is
different per country and also varies over time (van der Wolf et al. 2017). Since 2004,
Pectobacterium brasiliense has become the most predominant infection source for
blackleg in seed potatoes in western Europe reporting 70% of disease incidence in
Switzerland in 2014 (de Werra et al. 2015). In Europe, the other main species causing
blackleg are Pectobacterium wasabiae, P. atrosepticum, Dickeya dianthicola, and D.
solani (Toth et al. 2011; van der Wolf et al. 2017; Waleron et al. 2013; Nunes Leite
et al. 2014; Van Gijsegem et al. 2021). The most characteristic symptom of potato

1 Older synonym: Erwinia.

2 Nederlandse Algemene Keuringsdienst voor zaaizaad en pootgoed van landbouwgewassen—Dutch gen-
eral inspection service for seeds and seed potatoes in agricultural crops.
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blackleg is a slimy, wet, black rot lesion (Fig. 1a) spreading from the rotting mother
tuber up the stems, especially under wet conditions (Czajkowski et al. 2011). These
symptoms can also occur secondarily as a result of for example late blight, freezing,
and flooding (Bus et al. 1996). However, when conditions are dry, symptoms tend to
be stunting (Fig. 1b), yellowing (Fig. 1c), wilting (Fig. 1d), and desiccation of stems
and leaves (Fig. le and f) (Czajkowski et al. 2011; Pérombelon and Kelman 1980).
Also, in some cases, potato plants do not show symptoms during cultivation but still
hold the bacteria. Pectobacteriaceae spread over tubers via specific soil conditions,
presence in soil, precipitation or irrigation, storage conditions, or contaminated farm-
ing equipment (Chang et al. 2017; van Doorn and van der Wolf 2005; Pérombelon and
Kelman 1980). Consequently, it is difficult to eliminate bacterial infection completely
in seed potato farming.

A promising alternative to the “manual” detection of potato blackleg relies on the
use of automated methods based on computer vision technologies. In fact, computer
vision has been successfully employed in several relevant applications in the agri-
cultural sector, including automatic harvesting, quality testing, monitoring farmland
information, crop growth monitoring, and disease detection or prevention (Tian et al.
2020). A recent example of automating disease detection is found in Tulip Break-
ing virus detection where conducted research evolved from theoretical studies (Polder
etal. 2010, 2014, 2019b) to prototypes (van Vilsteren et al. 2023). According to a large
literature review by Abade et al. (2021), only two studies (Pardede et al. 2018; Kham-
paria et al. 2020) focused on disease detection in potatoes using RGB images. Both

Fig.1 Six examples of potato blackleg and its symptoms. Figure 1a shows a black leg or stem (highlighted
in red) of a potato plant, Fig. 1b shows stunting, Fig. 1¢ shows yellowing, Fig. 1d shows wilting, and Fig. le
and f show the desiccation of the stem and leaves of the potato plant. Figures refer to cropped images from
our dataset
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studies focused on training a convolutional neural network (CNN) on the PlantVillage
dataset that contains among others healthy and infected potato plant leaves. Some other
studies (Polder et al. 2019a; Griffel et al. 2023, 2018) focused on potato virus Y detec-
tion using hyperspectral or multispectral data. However, virus symptoms can be very
subtle in potato plants and only trained experts can distinguish them from non-infected
plants in dark weather conditions, which is the most favorable lighting condition for
observing the virus (Bus et al. 1996). Only Afonso et al. (2019) investigated the potato
blackleg detection problem. Their approach relied on using a ResNet-based image
classifier, which led to promising results for potato blackleg detection. However, their
research used a relatively small dataset (532 images). Also, their dataset comprised
images associated with a single potato variety and was obtained in one season. In addi-
tion, the images displayed a single potato plant showing clear symptoms of blackleg.
In real potato fields, however, potato plants are densely planted, and the symptoms
of blackleg are not always clearly visible. Additionally, the appearance of blackleg
depends on weather conditions and potato variety as mentioned by Haverkort and
Delleman (2018) and Bus et al. (1996).

When it comes to localization of disease in crops, Gradient-weighted Class Acti-
vation Mapping (Grad-CAM) (Selvaraju et al. 2017) has shown promising results in
disease detection in wheat (Ennadifi et al. 2020; Genaev et al. 2021) and detecting
nutrient deficiency in sugar beets and orange trees (Espejo-Garcia et al. 2022). To
the best of our knowledge, Grad-CAM has not been investigated in the context of the
blackleg detection problem.

In this article, we advance the practical automation of potato blackleg detection.
Unlike previous studies, our focus is on collecting data under realistic field condi-
tions and developing effective models for blackleg detection. In actual potato fields,
plants are densely populated, so our captured data consists of images featuring multi-
ple potato plants. We utilized a state-of-the-art image classifier, EfficientNetV2 (Tan
and Le 2021), to determine whether an image contains a blackleg-infected potato
plant. Furthermore, we demonstrate that a positive classification for blackleg is linked
to the visual symptoms using Gradient-weighted Class Activation Mapping (Grad-
CAM) (Selvaraju et al. 2017). Potentially, the investigated solution could be embedded
in a robot platform or mounted on a vehicle to assist a seed potato farmer in scouting
blackleg in an automated way.

Materials and Methods

This section introduces the materials and methods used in this study. To classify the col-
lected images as either blackleg or healthy, we utilized a state-of-the-art convolutional
neural network (CNN), specifically EfficientNetV2L (Tan and Le 2021). Additionally,
we employed Gradient-weighted Class Activation Mapping (Grad-CAM) (Selvaraju
et al. 2017) to localize blackleg within the images. In this section, we describe the
employed research pipeline according to the flowchart shown in Fig. 2.
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Field Data Dataset Model Model
preparation collection construction training evaluation

Fig. 2 Flowchart with the methodological steps, starting with the field preparation and data collection in
the field, followed by the dataset construction, model training, and the Grad-CAM-based analysis

Field Preparation

During the 2021 and 2022 potato growing seasons, data was collected from healthy
and infected potato plants in a field plot of Wageningen University & Research Field
Crops in Lelystad, The Netherlands. The field consisted of six potato varieties (Agria,
Esmee, Fontane, Kuras, Kuroda, and Riviera), with 1250 tubers each. To study the
effect of bacterial inoculation on potato plants, the tubers were divided into four
groups and inoculated with three different Pectobacteriaceae (D. solani 250/1250, P.
atrosepticum 250/1250, and P. brasiliense 250/1250) or just water (500/1250) to avoid
the effect of the inoculation process. Potatoes inoculated with Pectobacteriaceae were
grown in separate plots from the water-inoculated potatoes. The tubers were planted
at a distance of 0.49 m.

In both 2021 and 2022, we counted the number of plants showing symptoms as
shown in Tables 1 and 2. Visually, we noticed that the water-inoculated plants grew
larger in comparison to Pectobacteriaceae-inoculated plants whether they showed
symptoms or not. In 2021, all varieties were inoculated with CFU? 10E6 ml~! of a
specific bacterium inoculated. This amount of inoculum is similar to that employed in
other studies (van der Wolf et al. 2017; de Haan et al. 2008). In 2022, it was decided
to decrease the inoculation concentration with a factor of 10 to CFU 10ES ml~! for
the varieties Agria, Esmee, Fontane, and Riviera. It was expected that with a lower
amount of inoculation, the potato plants would show less severe symptoms. Both
Kuras and Kuroda were still treated with CFU 10E6 ml~! since Table 1 suggests that
these varieties were less sensitive for showing symptoms. In 2021, for variety Agria,
the tubers were naturally contaminated with Pectobacteriaceae before lab inoculation
which is also shown in Table 1 (column water). Consequently, in the field, it was
observed that not all tubers developed into potato plants since the tubers were too sick
to do so.

Data Collection and Dataset Construction

Data collection was performed using a modified selection cart (Fig. 3a) equipped with
a camera system (3 x IDS GV-5280FA-C-HW with a RICOH FL-CC0814-5M 8 mm
lens), four led lights (7400 lumens each) to eliminate shadows, and an rtk-GPS (Emlid
reach RS2+) (Fig. 3b). During a 6-week period, a qualified NAK inspector was hired
to inspect the potato field to mark potato plants with blackleg infection with an orange
stick. During data collection, we stopped at an infected plant, removed the demarcation

3 Colony forming unit: An estimate of the number of microbial cells (among others bacteria) in a sample.
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Table 1 Number of blackleg situations where visual symptoms were observed in the field at the last data
collection moment in 2021

Variety D. solani P. atrosepticum P. brasiliense water
Agria 55/250 89/250 125/250 57/500
Esmee 95/250 116/250 156/250 0/500
Fontane 93/250 100/250 155/250 0/500
Kuras 51250 7/250 11/250 0/500
Kuroda 25/250 30/250 18/250 0/500
Riviera 16/250 29/250 83/250 0/500

Each potato variety Pectobacteriaceae combination contained 250 infected tubers. For variety Agria, we
noticed that we had used a contaminated lot of potatoes and that therefore not all tubers developed into a
potato plant

stick, and captured an image for annotation. In 2021, due to a wet season, we had to
skip parts of the data collection since it was not always possible to drive in the field.
To construct our dataset, 200 images (if possible) for each variety each year spread
were randomly selected for overall data collection moments. The final distribution
of the dataset is shown in Table 3. As shown, in 2021, fewer images were selected
for varieties Kuras and Kuroda due to limited data as a result of a lower disease
incidence. The dataset contains a total of 4528 images of which 50% contain blackleg
potato plants and 50% contain healthy potato plants. The column water in Tables 1
and 2 shows that there were some potato plants showing symptoms of blackleg even
when they were inoculated with water. To select images of healthy potato plants, we
excluded all photos taken within a 1.5-m radius of any infected potato plants marked
by an inspector. This ensured that the images contained only healthy potato plants.

Model Training and Evaluation

We have implemented Efficientnetv2L using the TensorFlow model hub in TensorFlow
2.8.0. We built the model using a dropout (Srivastava et al. 2014) of 0.2 after the
average pooling layer to prevent overfitting and a Dense layer of size 2 with softmax

Table 2 Number of blackleg situations where visual symptoms were observed in the field at the last data
collection moment in 2022

Variety D. solani P. atrosepticum P. brasiliense water
Agria 14/250 54/250 82/250 1/500
Esmee 57/250 38/250 100/250 0/500
Fontane 36/250 83/250 159/250 0/500
Kuras 6/250 32/250 50/250 1/500
Kuroda 15/250 37/250 36/250 1/500
Riviera 12/250 58/250 166/250 2/500

Each potato variety Pectobacteriaceae combination contained 250 infected tubers
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Fig.3 The selection cart (Fig. 3a) equipped with sensors (Fig. 3b) for data collection: A, emlid reach RTK
gps antenna; B, xsense IMU (not used); C, IDS camera lens; D, matronics led lights; and E, touchscreen
PC

activation to observe the final output. Additionally, we applied transfer learning using
the ImageNet dataset (Deng et al. 2009). The model was trained for 150 epochs with
a batch size of 4 using an Adam optimizer with a learning rate of 10~°. We trained the
model using one NVIDIA v100 GPU. The training process was repeated five times,
and we reported the average results of the trained model on the test set.

Our dataset (Table 3) was split into a training (70%), validation (15%), and test
(15%) set. Both the training and validation sets underwent the following augmentation
techniques: random rotation (—40 to 40 degrees), random translation (with factors of
0 and 0.2 for width and height, respectively), random zoom (with a width and height
factor of 0.2), and random horizontal flipping.

Model Evaluation

The model performance was assessed using the precision (Eq. 1) and recall (Eq. 2),
where T P stands for true positive (blackleg classified as blackleg), F P stands for false

Table 3 Content of the dataset with blackleg and healthy potato plants

Year Class Agria Esmee Fontane Kuras Kuroda Riviera Total
2021 Blackleg 200 200 200 76 188 200

Healthy 200 200 200 76 188 200

Total 400 400 400 152 376 400 2128
2022 Blackleg 200 200 200 200 200 200

Healthy 200 200 200 200 200 200

Total 400 400 400 400 400 400 2400

Whenever possible, 200 blackleg and 200 healthy potato plants per year were selected per variety
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positive (healthy classified as blackleg), and F' N, for false negative (blackleg classified
as healthy). The recall is used to evaluate the percentage of correctly classified images
containing a plant showing blackleg symptoms, while precision is used to evaluate
images containing healthy plants misclassified as having blackleg symptoms.

o TP
Precision = ——— (1)
TP+FP
TP
Recall = ——— 2)
TP+ FN

We utilize Grad-CAMs to visualize the regions that a CNN focuses on when classi-
fying an image containing multiple potato plants. Gradient-weighted Class Activation
Mapping (Grad-CAM) is a tool used to understand how deep learning models produce
their predictions for a particular class (Selvaraju et al. 2017). When the gradient is
low, or there is no focus, the color will be a very light blue, when there is more focus
the color moves from yellow to red which indicates the most important pixels. The
color map is then overlaid on the original input image, showcasing the regions where
the algorithm had the most focus.

Results

The results are organized as follows: first, the network effectiveness performance on
the overall test set and across the varieties is presented in the “Network Effectiveness
Performance” section, second, the detection results are evaluated using the gradient
activation maps in the “Evaluation of Classification Using Grad-CAM” section.

Network Effectiveness Performance

Table 4 shows the average network performance for every single variety. Recall and
precision were calculated for blackleg for each separate variety in the test set. On
average, the use of the EfficientNetV2 led to a recall of 0.81 and a precision of 0.91.
However, we observed a difference in network performance for different varieties
ranging from a recall of 0.70 for Kuroda to a recall of 0.89 for Riviera. From a
farmer’s perspective, the recall will affect the quality of a seed potato lot whereas the
precision will only affect the yield.

Evaluation of Classification Using Grad-CAM

This section elaborates on the detection results observed in Table 4 using Grad-CAM
of the last convolutional layer to explain the true classifications (“Correctly Classified
Blackleg and Healthy Potato Plants” section) and false classifications (“Misclassifi-
cation Cases” section).
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Table 4 Network effectiveness performance after training for every single variety and all varieties together

Agria Esmee Fontane Kuras Kuroda Riviera Total
TP 50 40 47 40 40 58 275
FN 7 10 13 11 18 7 65
FP 4 5 4 9 4 3 28
TN 58 55 56 44 45 46 305
Recall 0.88 0.80 0.78 0.78 0.70 0.89 0.81
Precision 0.93 0.89 0.92 0.81 0.92 0.95 0.91

Correctly Classified Blackleg and Healthy Potato Plants

Grad-CAM was applied on the test set to observe how the network identifies black-
leg. Figure4 shows Grad-CAM for six images that contained potato blackleg and
were classified correctly. Figure4a (desiccation of stem and leaves) and b (yellow-
ing/stunting) show that the network focused on the whole plant as the whole plant is
showing symptoms of blackleg. Figures4c (wilting/desiccation of stem and leaves)
and 4d (wilting) show that the network focused on the symptomatic part of the potato
plant. In Fig. 4e and f, it is hard to observe from the image whether this plant was
infected with blackleg or not, the part where the Grad-CAM focused on does not seem
to be associated with a symptom of blackleg. Figure 5 shows truly classified healthy
potato plants on which we applied Grad-CAM for class healthy. The network focuses
on either the plant (Fig. 5a and b) or the surroundings of the potato plant (Fig. 5c).

() Esmee

(b) Riviera

(d) Kuroda (e) Fontane (f) Kuras

Fig. 4 Grad-CAM applied on images containing blackleg. For the shown potato plants, the network has
focused on the whole plant (Fig.4a and b), on symptomatic parts only (Fig.4c and d), or specific parts of
the plant that do not seem to show symptoms (Fig. 4e and f)
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(a) Agria (b) Esmee (c) Kuras

Fig.5 Grad-CAM applied on images that only contain healthy potato plants. Figure 5a, b, and ¢ show the
gradient activation map of class healthy

In the “Data Collection and Dataset Construction” section, it was noted that sticks
were used to identify potato plants exhibiting symptoms of blackleg. To collect an
image of a potato plant affected by blackleg, the demarcation stick was simply
removed, and then an image was taken. However, in eight instances, the stick was
inadvertently left in place, or the plant of interest was surrounded by other plants that
were also marked with sticks. As shown in Fig. 6a and b, the network focused on
the stick instead of the symptomatic part of the potato plant. This suggests that the
network has learned to associate the presence of an upright orange stick with potato
plants that are diseased with blackleg. On the other hand, Fig. 6¢ illustrates a case
where the network correctly identified the plant despite sticks lying beside it.

Misclassification Cases

This section elaborates on misclassification cases. In order to reach the highest possible
quality standard for seed potatoes, it is important to eliminate all infected plants.
Figure 7 shows four examples of potato blackleg being classified as healthy as aresult of
different issues. First, Fig. 7a shows an example (Kuras) where no blackleg symptoms
are visible in the image. Secondly, the plant is completely dead and is barely visible in
the image (Fontane, Fig. 7b), and finally, some wilting leaves are visible in the bottom
part of the potato plant (Kuroda and Riviera, Fig. 7c and d).

(a) Riviera (b) Agria (c) Agria

Fig. 6 Blackleg plants with orange demarcation stick visible in the image. Figure 6a and b show that the
network is triggered by the stick, while Fig. 6¢c shows an example of a situation in which the network was
not triggered by symptoms of blackleg
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(a) Kuras

(b) Fontane

(c) Kuroda (d) Riviera

Fig. 7 Plant with potato blackleg classified as healthy with Grad-CAM applied for class healthy. Figure 7a
shows an example of blackleg which is not visible, Fig. 7b shows an example of a completely dead potato
plant, and Fig. 7c and d show an example of some wilting leaves at the bottom part of the plant

Figure 8 shows three examples of images that contain only healthy plants. Those
images, however, were classified as a blackleg potato plant. For a seed potato farmer,
these misclassifciations will affect the harvest yield. Figure 8a (Kuras) shows an exam-
ple of space in between two potato plants, while Fig. 8b (Agria) presents a plant that
shows light wilting symptoms. Figure 8c (Esmee) shows a healthy but underdeveloped
potato plant. Furthermore, it was observed that 5 out of 24 misclassified healthy potato

(a) kuras (b) Agria (c) Esmee

Fig. 8 Three examples of healthy potato plants being classified as blackleg. Grad-CAM for class healthy
was applied to the image
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plants were collected in the field in 2021 whereas the other 19 were images collected
in the field in 2022.

Discussion

In this section, we discuss the development of blackleg in our field (“Blackleg
Development in Our Field” section) and then the network effectiveness performance
(“Detection Model Performance and Generalization” section). Finally, we examine the
practical applicability of this research (“Practical Implementation and Future Improve-
ments” section).

Blackleg Development in Our Field

Kwasiborski et al. (2013) pointed out that potato blackleg symptoms relate to weather
circumstances. Our data collection took place in two different seasons with different
weather circumstances. In 2021, we had an extremely wet planting season, which made
us start our experiment 4 weeks later. During the data collection, we also had to cope
with wet conditions, which hampered data collection as expected. In 2022, we had a
dry season and had to apply irrigation twice. The distribution of misclassified healthy
plants mentioned in the “Misclassification Cases” section could therefore be related to
drought stress as symptoms can occur for both blackleg and drought stress (Haverkort
and Delleman 2018; Bus et al. 1996). Different studies (Bus et al. 1996; Del et al. 2011;
Bain et al. 1990) state that some varieties are less likely to show symptoms than others.
We observed the same in the field during data collection. Furthermore, we noticed that
the time of symptom development was different across the different species. According
to van der Wolf and De Boer (2007) and Toth et al. (2011), different factors affect
symptom development. For example, Toth et al. (2011) suggest that lower inoculum
densities are required for D. solani than for P. atrosepticum for blackleg symptom
development. Some other studies identified a relation between the severity of blackleg
and soil moisture content (Pérombelon et al. 1989), temperature (Aleck and Harrison
1978), level of inoculum (Aleck and Harrison 1978), nutrient availability (Graham and
Harper 1966), and cultivar susceptibility (Bain et al. 1990; Pérombelon and Hyman
1987).

Detection Model Performance and Generalization

Our trained model achieved a recall of 0.81 and a precision of 0.92 for the class
labeled as blackleg. The best performance for specific varieties was observed with
Riviera, which reached a recall of 0.89 and a precision of 0.95. According to Griffel
et al. (2023), the effectiveness of a neural network tends to decrease when trained on
multiple varieties instead of a single variety. Although our results show slightly lower
performance compared to the study by Afonso et al. (2019), which reported a recall
of 0.91 and a precision of 0.95, our dataset is more challenging, as it involves multiple
plants within a single image. Finally, our network performance aligns with findings

@ Springer



Potato Research

from studies on potato Y virus detection, where Polder et al. (2019a) reported recall
values for different datasets ranging from 0.75 to 0.92 and precision values from 0.30
to 0.92.

In our analysis of misclassification cases (“Misclassification Cases” section), we
identified that the trained network struggled to detect blackleg in dead potato plants
and in plants where the symptoms were not clearly visible in the images. As noted
in previous studies (Bus et al. 1996; Del et al. 2011; Bain et al. 1990), certain potato
varieties are less likely to exhibit symptoms of blackleg than others. This may explain
the lower recall observed for the Kuras variety, as shown in Table 4. In this case,
the symptoms were difficult to discern in the captured images, even though they were
visible to the human eye in the field. Different from our camera system, a field inspector
can examine the plant from multiple angles or physically inspect it before making a
decision. Furthermore, the misclassified healthy plants exhibited signs of drought
stress or underdevelopment, which could also indicate the presence of blackleg, as
discussed in the “Blackleg Development in Our Field” section.

Ruigrok et al. (2023) pointed out that there is a gap between test-set performance
and field performance caused by a generalization error. Currently, model architecture
development and generalization mainly focus on generalizing on benchmark datasets,
such as, for example, ImageNet (Deng et al. 2009) and common objects in context
(COCO) (Lin et al. 2014). However, different studies (Ruigrok et al. 2023; Blok et al.
2021) suggest the need for further research towards ensuring detection models are
more generalizable in different agriculture contexts (e.g., different plant varieties or
different soil types). For example, Ruigrok et al. (2023) investigated the generalization
of volunteer potato detection in sugar beets. In their study, they needed as few as 25
images to avoid the generalization error in some fields. However, to reduce the gen-
eralization error by 90%, they needed on average 300 images. Concerning the factors
related to the symptomatic appearance of blackleg in combination with a low infection
density on the field, multiple hectares of seed potatoes could be needed to avoid the
generalization error. With respect to our dataset, we learned that the network focused
on symptoms of blackleg in the images. However, as shown in the “Misclassification
Cases” section, the model also learned from specific visual properties. For example,
in some cases, activation maps refer to upstanding orange sticks as the main visual
cue to classify an image as containing blackleg (Fig. 6).

Practical Implementation and Future Improvements

This paper shows promising results for moving to a practical implementation toward
the automatic detection and localization of blackleg in seed potatoes. Other studies
(Polder et al. 2019b; van Vilsteren et al. 2023) in tulip disease detection have shown
that it is feasible to move to a practical application of using a computer vision model in
real field crop circumstances to detect disease. The practical use of an EfficientNetV2
model as proposed in this study or in the platforms mentioned in van Vilsteren et al.
(2023) requires a vehicle or robot to move in the field. As a consequence in seed
potatoes, diseases can be spread more easily, as mentioned by Bus et al. (1996).
Alternatively, the use of drones for disease detection in potatoes, as proposed in two
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recent studies (Siebring et al. 2019; Sugiura et al. 2016), could be further explored for
blackleg detection and localization.

Future field implementation using the approach investigated in our research should
also consider the differences between on-field performance and on-dataset perfor-
mance as pointed out by Ruigrok et al. (2020). In our study, the field used differed
from typical farmers’ fields. According to Haverkort and Delleman (2018), a general
potato planting distance is in the range of 13 cm and 33 cm depending on tuber size,
which indicates that a farmer’s field is more densely populated with potato plants.
Furthermore, blackleg potato plants in a typical farmer field are likely to have less
severe symptoms, since the natural tuber inoculation regularly contains a lower CFU
ml~! than we used during laboratory inoculation (Aleck and Harrison 1978). We
expect these conditions will make disease detection even more difficult for both in-
field scouting and image-based approaches. The urgency of more investigations to
address this issue is acknowledged by Zhang et al. (2020) where they reviewed dif-
ferent deep-learning approaches in dense agricultural scenes. We expect that training
a model with images collected under more complex field conditions will be the next
challenge to tackle, as disease symptoms will be less visible in the images.

Conclusions and Recommendations

In this paper, we demonstrated that a convolutional neural network (CNN) model can
effectively detect potato blackleg in open-field conditions. In addition, we highlighted
the potential of using gradient activation maps to analyze the network’s decision-
making process and to localize blackleg disease within images. In our analysis of
misclassified blackleg images, we discovered that the network struggled to detect the
disease when the symptoms were not clearly visible or when the potato plants were
dead. However, in the case of correctly classified potato blackleg images, it became
evident that the network was indeed responsive to the characteristic symptoms of
blackleg, allowing it to localize the disease effectively.

This study is a step toward developing a practical solution for automated blackleg
detection. However, building on recent research regarding the application of CNNs
in open-field situations, we recommend that future studies focus on improving net-
work generalization to overcome the variations caused by different field and weather
conditions.
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