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Abstract
Biomimicry techniques (BmT) can be regarded as crop management concepts 
deployed for detecting, measuring, and responding to diseases during agricultural 
production. In this paper, various approaches of the BmT for the efficient man-
agement of unhealthy plants during preharvest and postharvest operations were 
reviewed. The remote sensors, machine vision, and robotics BmT approaches are 
mostly applied during preharvest operations for detecting plant diseases. Certain 
diseases, such as white-soft, gray-mold, and Sclerotium rots, may attack vegetables 
after harvest, thus requiring a high resolution BmT, like neural network and sup-
port vector machine to manage. To the best of our knowledge, this technology is 
mostly applied for protecting tropical and temperate fruits and vegetables but have 
not been tested for cereal and legume plants disease management. Also, the result-
ing image from the BmT can sometimes be misleading due to bad weather and 
other factors related to equipment performance. Thus, this study will help provide 
meaningful insights for the advancement of the technology on plant management 
practice during preharvest and postharvest processing and storage. 
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9.1	 Introduction

Plant physiology can be influenced by environmental factors such as tem-
perature, rainfall, and soil condition [1]. It can also be affected by diseases 
from bacteria, yeast, fungi, and other pathogens [2–5]. Sometimes, ecto-
parasites, like insects, mites, vertebrate, and other pests, can affect plant 
health by eating its tissue. The physical damage imposed by these agents 
can be so enormous if adequate preventive measures are not taken before 
harvest and during processing or storage [6, 7]. Thus, the control of the 
plant diseases is crucial to the production of food that can meet the pop-
ulation need, and provide a significant solution to the agricultural land, 
and water uses [8]. However, most crops can have in vitro ability for the 
disease control without involving any external agent [9, 10]. The plants 
can be genetically engineered to possess high resistance abilities to protect 
themselves against external agents that can cause diseases [11, 12]. Thus, 
continuous advances in the science of plant pathology are essential to 
improve disease control [13, 14], and ensure healthy food products avail-
ability during preharvest and postharvest operations [15–18]. Structurally, 
this category of the plant contains layers of stomata guard, cuticle, and cell 
wall that can act on the pathogens and render them inactive by creating a 
strong intercellular barrier against the pathogens [5, 19, 20]. 

A physical observation or visual monitoring of the plant on and off 
the farm may not effectively identify the disease or prevent it. There is a 
need therefore for an improved and effective technology that can provide 
in-depth feasibility of the nature of the disease and facilitate plant protec-
tion during processing and storage [7, 21]. Many different techniques have 
been described for detecting plant diseases before and after harvest oper-
ations in agricultural production [22, 23]. The remote sensing, machine 
vision and robotics are among the most applied BmT for the detection 
of the physiological changes in the plant occurring due to the disease 
infestation. Certain diseases, like white-soft, gray-mold and Sclerotium 
rots, may attack vegetables after harvest, thus requiring a high resolu-
tion BmT, like neural network and support vector machine to manage. 
However, these require high level of technical know-how to operate and 
are expensive thereby making them less attractive to the farmers. Also, it is 
mostly applied for protecting tropical and temperate fruits and vegetables 
that are used either as spices or for medicinal purposes. This review pro-
vides detailed information on how these techniques can effectively act on 
the plant to detect the diseases and provide protection. We also proposed 
the use of the BmTs for protecting cereal and legume plants during prehar-
vest and postharvest processing and storage.
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9.2	 Preharvest Biomimicry Detection Techniques

9.2.1	 Remote Sensing Technique Approach

This technique permits the detection and protection of the physical behav-
ior or characteristics of the plant by measuring the way it reflects and 
emits radiation at a distance or before harvest [24–26]. The remote sensor 
(RS) can also enable a quantitative and qualitative assessment of the plant 
growth indices such leave area, stem size, root penetration, and son on, thus 
revealing the health status of the plant [1, 27–29], as shown in Figure 9.1 
(a) and (b) for single and multiphase RS imaging, respectively. According 
to Zhang et al. [30], the RS is a useful technique for monitoring diseases at 
every growth cycle stage of the plant system. In another related study, Feng 
et al. [31] proposed the use of unmanned aerial vehicle RS technique to 
monitor the plant growth and physiology on the farm especially the influ-
ence of genotypes and environment on plant growth. Also, Borges et al. 
[32] designed a pocket RS for controlling and quantifying the color of plant 
leave. The technique was able to sense the nutritional and physiological 
status of the plant. The RS tool has also been successfully applied for the 
detection of diseases in banana plant, classifying color changes due to the 
disease infestation [33] and for rapid screening of a death syndrome dis-
eases in soybeans [29]. A high success rate was reported for detecting the 
banana bunchy top and Xanthomonas Wilt of Banana diseases. In precision 

(a) Mapping with single-phase RS images

(b) Mapping with multi-phases RS images
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Figure 9.1  A typical map of plant diseases with a remote sensing technique [30].
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agriculture, the RS has also found practical application [34]. Thanks to the 
high throughput of this practice, a site-specific fungicide may be applied 
to infested areas if the disease is stable, although the traditional uniform 
application is more suitable for diseases that can spread quickly through 
the field. Although a wide range of practical applications of the RS for plant 
disease monitoring and control have been reported, the commercial appli-
cation of this technology is not yet exploited. Also, the RS tool requires a 
high-level technical ability to operate, thus the uneducated farmers may 
not be able to handle it effectively. Sometimes the image obtained may not 
reflects the plant disease scenario due to bad weather and other factors that 
can affect the equipment performance. There is, therefore, the need to sim-
plify this technology to make it less technical and accommodate different 
weather variables for wider preharvest plant disease detection applications.

9.2.2	 Machine Vision and Fuzzy Logic Approaches

Machine vision (MV) and fuzzy logic (FL) are novel biomimicry tech-
niques applied for detecting plant diseases during preharvest processing. 
The MV is an enabling new automated process in agriculture, which pro-
motes greater efficiency [35–37], while the fuzzy logic (FL) can capture the 
required knowledge of the agriculture domain and detect or control, for 
example, the plant diseases during preharvest operations. These two tech-
niques can be integrated into the precision agriculture technology process 
to ensure an effective automation of the agricultural processes including 
the detection, monitoring, and control of the various degree of the plant 
that may occur during its growth cycle [38–40]. A novel MV was proposed 
for the identification and classification of the plant leaf diseases by Dhingra 
et al. [41]. The quality of the leaf defines the degree of excellence or a state 
of being free from defects, deficits, or variations [42]. According to Iqbal 
et al. [43], who reviewed the potentials of the image processing technology 
for detecting diseases in citrus plant, the MV is an excellent tool for detect-
ing citrus plant diseases, such as canker, blackspot, scab, melanose, green-
ing, and anthracnose defects. A typical citrus plant diseases detected using 
the MV technique is shown in Figure 9.2. If not corrected, this can pose 
serious threats to the economic and production status of the plant [44]. 
Thus, the MV process can help decrease the over dependence on human 
labor for protection offered to the growing plant [43, 45–47]. Hence, the 
planning activities on the farm, which includes routine fertilizer applica-
tion and irrigation, will be encouraged. Meanwhile, the application of FL 
tool in plant disease detection is relatively new. So far, it has only been 
applied for the automatic detection of the black measles diseases [48] in 
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grapes and for wolfberry pickling [49]. To best of our knowledge, the MV 
and FL technique has not been applied for detecting preharvest diseases 
in cereal and legume plants. Thus, these present a new frontier for future 
research.

9.2.3	 Robotics Approach

Robotics (RO) is an artificial intelligent system designed to perform human 
tasks with greater accuracy and efficiency [50, 51]. In agriculture, the RO is 
used to automate slow, dull, and repeating tasks on the field, thus allowing 
the farmers to focus more on the improvement of plant yields [52, 53]. A 
typical robotic system for automatic in-field leaf disease detection is shown 
in Figure 9.3. A pneumatic controlled robotic system, which was devel-
oped by Gao et al. [54] for harvesting or picking cherry tomatoes fruits on 
the farm, can be modified to assist in detecting the disease of the product 
before and during the harvest operations. To archive this, certain detection 
accessories like the hyperspectral MV must be attached to the robot, espe-
cially around the picking device. An experimental electric robotic platform, 
mainly destined for spraying operations, was developed by Loukatos et al. 
[55] to improve its functions and to host a high-quality optical camera for 
detecting and capturing areas of defects on the plant parts. Also, Chen et 
al. [52] designed an automated robotic system for in-field measurement of 
maize leaf diseases as shown in Figure 9.3. The technology uses hyperspec-
tral imaging system to sense and detect areas of defects around the leaf and 
send responses to the farmer who will in turn provide timely treatment for 

Hard spot form of
Citrus Blackspot

Figure 9.2  Typical citrus plant diseases detected using the MV technique [43].
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the defective plant. However, the RO technology is highly technical to oper-
ate and costly, in terms of equipment and energy costs. Thus, it is less attrac-
tive, and many peasant farmers may not be able to afford it. Hence, research 
is needed to build a less technical and more affordable RO system for use in 
the detection of the plant diseases on the farm. 

9.3	 Postharvest Biomimicry Detection Techniques

9.3.1	 Neural Network Approach

Neural network (NN) provides a mapping between the image of the dis-
ease plant (input) to the crop disease pair (output) [56, 57], as shown in 
Figure 9.4. This involves creating a network structure that can effectively 
connect the nodes, edge-weights, input, and output variables together [58, 
59]. The network parameters can be turned to ensure adequate training of 
the input data, as characterized in Table 9.1. To develop accurate algorism 
for the purpose of the plant disease diagnosis, images of diseased plants 
were normally compared with those of the healthy plants [60–63]. The 
application of the NN for detecting various diseases in various plant parts 
has been widely studied and reported in the literature [64–69]. Certain 
diseases, like white-soft, gray-mold and Sclerotium rots, may attack veg-
etables after harvest, thus requiring a high resolution BmT, like the SVM 
to manage. For example, Zhang et al. [70] developed the NN tool for the 
smart disease detection in apple using an Internet of Things (IoT) device 
to extract the color and texture features of the food product. This NN 
could combine the features that are extracted by color and texture analysis 

Figure 9.3  A robotic system for automatic in-field leaf disease detection [52].

FIN
AL



Biomimicry for Plant Disease Detection  205

Image

Label

In
pu

t D
at

as
et

Network training

Network weights and biases

Pr
ed

ic
te

d 
ou

tp
ut

Visualization method

1. Activations & Feature map visualizations

2. Gradient based class activation heat map (Grad-CAM)

3. Perturbation-based heat map (Occlusion sensitivity analysis)

4. Perturbation-based proxy model, feature importance
    (Local interpretable model agnostic explanations, LIME)

5. Gradient-based saliency map (Gradient attribution)
-   Integrated gradients
-  Guided back propagation

6. Dimesion reduction (t-Distributed Stochastic Neighbor
Embedding, t-SNE

Figure 9.4  Plant disease classification procedure using NN biomimicry technique [73].

Table 9.1  Characteristics of NN biomimicry procedure.

Layer name

Number of layers in each network

Network 
1

Network 
2

Network 
3

Network 
4

Network 
5

Image input 1        

Convolution 106

Group 
convolution

7

Batch 
normalization

105 102 100

Instance 
normalization

1 4 6

Group 
normalization

7

Re LU - - 20 - -

Leaky - 20 - - -

Swish 108 88 88 88 87

Elu - - - 20 -

Clipped Re LU - - - - 21

Avg Pooling 13

(Continued)
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subnets, thereby improving the resulting disease image expression of the 
infected apple. The NN has also been applied as a smart device for the 
provision of automatic diagnosis of corn diseases and prevent severe losses 
in silos and bins [71, 72]. This technology was also effective for detecting 
corn leaf disease with an accuracy of 88.46%. Also, Islam et al. [73] and 
Agarwal et al. [74] visualized the tomato leaf disease by combining several 
convolutional NN approaches and predicted the performance of each NN 
protocol in response to their abilities to recognize the plant diseases, as 
shown in Figure 9.4. Regardless of the type of approach used, the authors 
concluded that the NN provided overall training, learning, and detection 
accuracy through the ability to visualize disease symptoms on the target 
tomato leaf. However, as promising as the NN technique may sound, it can 
encounter greater computational problem and is highly dependent on the 
hardware system. The network may malfunction unexpectedly thus mak-
ing prediction unreliable at times. Therefore, further research is needed to 
address these challenges. 

9.3.2	 Support Vector Machine Approach

Support vector machine (SVM) is a supervised learning model that can 
analyze data for classification and recognition purpose [75, 76]. Recently, 

Table 9.1  Characteristics of NN biomimicry procedure. (Continued)

Layer name

Number of layers in each network

Network 
1

Network 
2

Network 
3

Network 
4

Network 
5

Max pooling 3

Space to Depth 5

Addition 7

Depth 
concatenation

9

Dropout 5

Fully connected 1

Soft max 1

Class output 1        

Source: Islam et al. [73].
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the SVM has been applied in agriculture, alone or in combination with 
other techniques, to detect and classify different types of plant leaf diseases. 
For example, a combination of RS and SVM technologies was reported by 
Griffel et al. [77] and Mokhtar et al. [78] for detecting and differentiat-
ing the diseases as they occur during postharvest processing of potato and 
tomato crops. This technique to detect viral diseases in potato (Figure 9.5), 
leading to an improvement in the quality of the product needed to maxi-
mize yields. Rumpf et al. [79] reported a procedure for early detection and 
classification of diseases in sugar beet based on the application of the SVM 
and spectral vegetation indices. The technique was able to differentiate and 
identify the various diseases, including cercospora leaf spot, powdery mil-
dew diseases, before their symptoms are revealed. Also, Leena and Saju [80] 
reported another SVM technology was effective for classifying the micro-
nutrient-deficient parts of a harvested maize crop. The potential of radial 
basis SVM and NN approaches were compared by Omrani et al. [81] for 
detecting apple diseases. The authors concluded that the SVM was a better 
tool especially for identifying and classifying apple black spot, Alternaria, 
and apple leaf miner diseases of the harvested apple fruit. To the best of 
our knowledge, there is not enough information on the commercial appli-
cations of SVM technique for detecting and classifying diseases of cereals 
and legume plants. Thus, this presents a new area for future studies. 

(a) (b)

Figure 9.5  Potato plant (a) appearing healthy before harvest (b) exhibiting strong visual 
symptoms of potato virus disease with stunted growth after harvest as detected using the 
SVM technique [77].
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9.4	 Prospects and Conclusion

A visual control and monitoring of the plant growth during preharvest and 
postharvest processing and storage may not effectively identify diseases 
or provide protection for future use. In this paper, several novel proce-
dures for plant disease detection including the RS, NN, MV, RO, and SVM, 
which are noted for their unique identification abilities were reviewed. 
Although a wide range of practical applications of the RS for plant disease 
monitoring and control have been reported, the commercial application 
of this technology is not yet exploited. It also requires a high-level tech-
nical ability to operate, thus the uneducated farmers may not be able to 
handle it effectively. Recent studies have shown that the MV technique can 
lower the over dependence on human labor for plant protection. It was 
used to detect and quantify the level of nutritional properties in the plant 
at every stage of its growth cycle. However, the application the FL tool in 
plant disease detection is relatively new. So far, it has only been applied 
for the automatic detection of the black measles diseases in grapes and for 
wolfberry pickling. The RO technology is highly technical to operate and 
costly, in terms of equipment and energy costs. Thus, it is less attractive, 
and many peasant farmers may not be able to afford it. Hence, research is 
needed to build a less technical and more affordable RO system for use in 
the detection of the plant diseases on the farm. Also, to best of our knowl-
edge, the MV and FL technique has not been applied for detecting diseases 
in cereals and legumes plants. In general, the image obtained from these 
tools may sometimes not reflects the actual plant disease scenario due to 
bad weather and other factors related to equipment performance. There is 
therefore the need to simplify these technologies to make them less tech-
nical and accommodate different weather variables for wider applications. 
These present new frontiers for future research.
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