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Plant diseases pose a significant threat to crop health that 
ultimately affects both farmers and the  agricultural sector 
as a whole. Coupled with limited technical support, the high 
cost of  disease management often leads to suboptimal 
crop protection and reduced crop productivity (Ferentinos, 
2018; Saleem et al., 2019; Joseph et al., 2023). The  swift 
spread of  plant diseases can cause significant damage to 
crop yields in  a  short period, even decimate entire crops 
in  some instances (Yadav et al., 2022). Relying on expert 
analysis, the  traditional methods for detecting plant 
diseases are largely manual and take considerable time. 
These approaches often face challenges due to the subtle, 
complex, and similar symptoms of  various diseases (Pujari 
et al., 2014). Additionally, the differences in disease spot size, 
shape, and colour on leaves (even within the same disease) 
complicate early disease detection. Environmental factors 
(i.e., lighting, shadows, brightness, soil conditions, etc.) can 
further impact detection accuracy. Due to the  limitations 
of these methods, untrained farmers may resort to high doses 
of  pesticides when diseases progress unchecked. This can 
cause a significant reduction in crop production and severe 
environmental pollution (Richard et al., 2022). Fortunately, 
the application of deep learning (e.g., Convolutional Neural 
Network (CNN)) in  computer vision has led to significant 
advancements, enabling improved accuracy in diagnosing 
plant diseases (Shi et al., 2023; Sarkar et al., 2023; Demilie, 
2024; Iftikhar et al., 2024). By training a  CNN on extensive 
datasets containing images of  both healthy and diseased 
plants, various crop diseases can be effectively identified, 
offering new potential in agricultural disease management 
(Toda and Okura, 2019; Chen et al., 2020; Pandian et al., 
2022). Therefore, this work aims to develop a user-friendly 
application based on CNN to detect and identify plant 
diseases. The main contributions of this paper are as follows:

– Leveraged GenerateShadow, a  data augmentation
technique, to improve plant disease prediction while
considering real-world constraints.

– Proposed Confidence-Aware Multi-Model Image
Classification (CAMIC) framework based on
the  Confidence Filter method to enhance plant disease
detection accuracy by eliminating uncertain or unreliable 
predictions.

– Implementation of  Multi-model FD-Net which is based
on CAMIC to improve crop disease detection.

– Development of  an end-to-end system, providing
a  lightweight mobile application to automate
the detection of foliar diseases in grapes.

The rest of the article is structured as follows. The Materials 
and Methods Section describe the dataset description, basic 
and proposed augmentation techniques, data splitting, 
and our proposed CAMIC framework. Experimental results 
and overall performance comparison with classical transfer 
learning algorithms have been elaborated in  the  Results 
and Discussion Section. The  section Conclusion concludes 
the work with the future perspectives.

Dataset description 
The dataset used in  this project is the PlantVillage dataset 
(taken from the  Kaggle platform). It is a  publicly available 
image dataset containing over 54,000 images of  plant 
leaves, stems, and roots, representing 14 plant species 
(Hughes and Salathé, 2015). It includes images of  plants 
affected by various diseases and each image in the dataset is 
labelled with one of 38 different plant diseases or conditions 
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(i.e., bacterial spots, yellow leaf curl 
virus, and powdery mildew, etc.). It 
also includes the  images of  healthy 
plants for each species to serve as 
a  reference for comparison. It aims to 
help researchers, plant pathologists, 
and farmers to identify plant diseases 
and take necessary actions to 
control them. The  class distribution 
of  the  PlantVillage dataset (shown 

in  Fig. 1) is determined by domain 
experts who identify the specific plant 
species and diseases in each image. It 
can be seen that 31 out of  38 classes 
contain over 500 images, which meets 
the requirement to train deep learning 
models. However, data augmentation 
methods can improve the  model 
performance.

Basic and proposed augmentation 
techniques

Data augmentation is a technique used 
in deep learning to increase the amount 
and diversity of  training data by 
applying various transformations 
to existing data, such as flipping, 
rotating, cropping, adding noise, or 
changing the  colour (Chlap et al., 
2021; Maharana et al., 2022). The class 
distribution of  the  PlantVillage 
dataset is imbalanced. To improve 
the  model performance, we utilised 
data augmentation to enhance 
generalisation, reduce overfitting, and 
better model performance on small 
datasets. For the  designed model, we 
have used augmentation methods 
including random-flip, random-
rotation, and random-crop, as shown 
in  Fig. 2. However, in  the  field study, 
shadows can have a  negative impact 
on computer vision tasks such as 
object detection and recognition that 
rely on CNN models. First, shadows can 
obscure details of  an object, making 
it harder for the model to recognise it 
accurately. This can lead to a decrease 
in  the  overall accuracy of  the  model. 
Second, shadows can create patterns 
that resemble object features, leading 
the  model to incorrectly classify 
non-object areas as objects, resulting 
in  false positives. We developed 
a  new data augmentation method 
named GenerateShadow to encounter 
such a  phenomenon. The  method 
selects a  random rectangular region 
in the image and reduces its brightness 
to mimic shadow-like effects, as shown 

Fig. 1	 Class distribution of PlantVillage dataset

 

before before

before before
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Fig. 2	 Effects of traditional augmentation techniques
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in Fig. 3. The pixel values in the selected region are scaled by 
a random factor α (0 < α <1):

		  (1) 

where:	 I (x, y) – represents the original image; S (x, y) – 
defines the shadowed region; I‘ (x, y) – the modified 
image 

This ensures smooth integration of  shadows while 
maintaining the  overall image structure, as illustrated 
in  Fig. 3. Integrated into the  data augmentation pipeline, 
GenerateShadow enables the  model to generate images 
that simulate varying lighting conditions, ultimately 
enhancing the dataset for training diversity.

Data splitting
In this project, we have taken Grape Foliar images as 
experiment objects and built the Grape dataset consisting 
of  four categories (i.e., Grape Black Rot, Grape Black 
Measles, Grape Healthy, and Grape Leaf Blight). After using 
data augmentation for balancing, we got 1000 images for 
training and validation for each class, while 90% were used 
for training and 10% for validation. Other images (shown 
in Table 1) are used to test model performance. 

Confidence-Aware Multi-Model Image Classification 
(CAMIC)

In deep learning, “confidence“ generally refers to the model’s 
certainty or probability of  its prediction for a  given input 
and is typically represented as a  score between 0 and 1, 

where 0 indicates the  model is entirely uncertain and 1 
indicates the  model is highly confident in  its prediction. 
During the  training process, the  model is trained for 
the  training dataset to obtain the  weights of  the  fully 
connected layers. This model (based on the weights) is used 
for the  recognition and the  results are calculated through 
the  activation function, convolution layers, and pooling 
layers to obtain the predicted values of each result. Finally, 
after applying the Softmax function, we obtain a normalised 
probability distribution over the  possible classes (as 
shown in  Fig. 4), where each class’s probability represents 
the  model’s confidence in  its prediction. The  Softmax 
function transforms the raw logits Zi into probability P(yi|x), 
which can be expressed as: ​​

		  (2) 

where:	 P (yi|x) – the  probability for class yi; C denotes 
the total number of classes

The confidence of  the  prediction is then defined as 
the probability corresponding to the predicted class, which 
is the one with the highest value:

		  (3)

This confidence score reflects the model’s certainty in its 
decision. As illustrated in  Fig. 4, the  predicted class with 
the highest probability is selected, and this value serves as 
the final confidence measure of the model’s prediction.

Table 1	 Data splitting results

Class Original images Training Validation Testing

Grape Black Rot 1180 900 100  195

Grape Black Measles 1383 900 100  273

Grape Healthy 423 900 100  221

Grape Leaf Blight 1076 900 100  221
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Fig. 3	 Effects of GenerateShadow augmentation
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Fig. 4	 Confidence illustration

Concerning the  analysis 
of  the  classification result, we found 
that wrong predictions are often in low 
confidence. Therefore, we developed 
a  Confidence Filter (CF) mechanism 
to validate this phenomenon. In  each 
recognition, if the  confidence was 
lower than 80%, we supposed 
that the  model could not identify 
the  sample accurately, and then 
discarded this result. 

The choice of  an 80% confidence 
threshold was validated through 
a  series of  experiments with varying 
threshold values, as shown in  Fig. 
5. As the  threshold increases, 
the  model accuracy improves 
while the  proportion of  discarded 
predictions increases. At the  80% 
threshold, the accuracy was increased 
from 88.90% to 93.27%, with only 
13.52% of  predictions discarded. This 
threshold can strike a  good balance 
between classification accuracy and 
discard proportion, which allows 
the  model to retain a  majority 
of  predictions while significantly 
enhancing accuracy. The  flowchart 
of this recognition pattern compared to 
the ordinary pattern is shown in Fig. 6. 
To validate the effectiveness of the CF 
approach, we utilised state-of-the-art 
transfer learning models (i.e., ResNet, 
Inception, MobileNet, Xception, and 
EfficientNet-B3) on the  Grape dataset. 
A  brief description of  these transfer 
learning models is given below. 

ResNet is a type of CNN that utilising 
“identity mappings” assists the training 
of very deep neural networks (He et al., 
2016; Koonce, 2021). The Inception CNN 
technique is designed to extract multi-
scale features efficiently (Szegedy et 

Fig. 5	 Impact of confidence threshold on accuracy and discard proportion
 

Fig. 6	 Flow chart of confidence filter image classification
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al., 2015; Baheti, 2023). The  lightweight MobileNet CNN is 
specifically designed for mobile applications that utilises 
depth-wise separable convolutions to reduce computational 
complexity (Howard et al., 2017). Xception is an extension 
of  the  Inception techniques that are designed to improve 
the performance of  image classification tasks by replacing 
the standard Inception modules with depth-wise separable 
convolutions that use fewer parameters (Chollet, 2017; 
Shinde and Ambhaikar, 2024). EfficientNet considers a novel 
scaling method that takes into account depth, width, and 
resolution systematically to achieve high accuracy (Tan and 
Le, 2019; Krishna et al., 2025). 

After comparing the  overall accuracy of  the  original 
models with those incorporating CF, the  validation results 
are presented in Table 2. The axes of  the confusion matrix 
and discard matrix in  Table 2 are ordered by the  four 
classes of  grape leaf symptoms: Grape Black Rot, Grape 
Black Measles, Grape Healthy, and Grape Leaf Blight. 
The  discard matrix represents the  number of  images for 
which confidence is lower than 80% and is treated as 
invalid recognition. The  confusion matrix (after CF) added 
to the  discard matrix equals the  original confusion matrix 
of  the  models. This approach has been proven effective 
through our experiments and the results show that the CF 
can effectively filter a  large quantity of  error recognition 
and improve the model accuracy significantly, especially for 
the models having overall accuracy lower than 90%.

Bi-CF model
The CF can filter some error classifications, but it also 
means that the model cannot provide classification results 
for all the  images since it discards a  part of  the  results. To 
compensate this drawback, we developed a  Bi-CF model 
recognition pattern. In the first step, the first model received 
the  input image and identified it normally. Then, it checks 
whether the confidence of the result exceeds 80%. If it is, this 
recognition result will be considered valid. If the confidence 
is lower than 80%, the recognition will be treated as invalid, 
and the  image will be delivered to model-2 to decide. 
Model-2 is trained using the  same dataset and method 
as model-1, but with either a  different model architecture 
or a  different training batch. This provides diversity 

Table 2	 Validation of CF

Model
Original 
accuracy

Accuracy 
after CF

Confusion matrix after CF Discard matrix
Discard 

proportion

ResNet50 72.20% 82.24% [[3, 78, 0, 8], [0, 265, 0, 0], [0, 22, 
103, 1], [0, 10, 0, 180]]

[[10, 67, 0, 29], [0, 7, 0, 1],  
[0, 37, 57, 1], [0, 9, 0, 22]]

26.37%

MobileNet-V2 79.01% 82.53% [[182, 0, 1, 0], [140, 54, 1, 0], 
[0, 0, 221, 0], [0, 0, 0, 214]]

[[10, 1, 1, 0], [35, 36, 7, 0], 
[0, 0, 0, 0], [3, 0, 2, 2]]

10.66%

MobileNet-V3 95.16% 96.44% [[168, 11, 0, 0], [14, 235, 0, 1],  
[0, 0, 219, 2], [2, 1, 0, 217]]

[[10, 6, 0, 0], [7, 16, 0, 0],  
[0, 0, 0, 0], [0, 0, 0, 1]]

4.5%

Inception-V3 88.79% 95.81% [[73, 14, 0, 2], [6, 183, 0, 0], 
[0, 0, 221, 0], [0, 0, 6, 163]]

[[71, 32, 2, 1], [22, 59, 1, 2], 
[0, 0, 0, 0], [4, 1, 9, 38]]

26.59%

Xception 96.37% 98.47% [[176, 5, 0, 0], [5, 250, 0, 0], 
[0, 0, 221, 0], [2, 0, 1, 187]]

[[9, 4, 1, 0], [6, 12, 0, 0],  
[0, 0, 0, 0], [6, 1, 2, 22]]

6.92%

EfficientNet-B3 97.47% 98.72% [[150, 11, 0, 0], [0, 261, 0, 0], 
[0, 0, 221, 0], [0, 0, 0, 218]]

[[25, 9, 0, 0], [3, 9, 0, 0],  
[0, 0, 0, 0], [0, 0, 0, 3]]

5.38%

Fig. 7	 Bi-CF model image classification flowchart

 

in predictions, improving the overall reliability of the system. 
Then, the  second model will provide the  final judgement. 
The  Bi-CF model recognition process can be expressed 
mathematically as:

		  (4) 

where:	 x – represents the input image; M1 (x) and M2 (x) 
denote the classification results of model-1 and 
model-2, respectively; C (M1(x)) – the confidence 
score of model-1’s prediction; τ – the confidence 
threshold (set at 80% in this study)

The flow chart of Bi-CF model recognition is shown in Fig. 
7, and the related experiment results are shown in Table 3.

This approach has been proven effective through 
our experiments, as shown in  Table 3. Table 3 contains 
the  name and accuracy of  the  two models that are set 
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in  the  architecture, compared to the  whole pattern 
recognition accuracy. Bi-CF model detection accuracy 
outperforms either of  the  two models. This architecture 
complements the  shortcomings of  the  first pattern, as all 
the images will be included in the results. Moreover, it can 
be observed that the  Bi-CF model architecture leads to 
better accuracy when two models have a  small accuracy 
difference.

Tri-CF model
Considering our experimental results, we also observed that 
the model has difficulty in  identifying the Grape Black Rot 
and Grape Black Measles (as it shows a certain probability 
of  recognising Grape Black Rot as Grape Black Measles). 
In contrast, it is easy for the model to distinguish the other 

Table 3	 Validation and comparison of bi-model recognition pattern

Model 1 Model 1 accuracy Model 2 Model 2 accuracy Bi-model accuracy

Inception-V3 88.79% Inception-V3 88.90%  89.34%

Xception 96.37% Xception 93.63%  96.59%

EfficientNet-B3 96.59% EfficientNet-B3 97.41% 97.80%

Inception-V3 88.79% Xception 93.63% 92.64%

Xception 96.37% EfficientNet-B3 96.26% 97.91%

MobileNet-V2 92.53% Xception 93.63% 95.16%

Table 4	 Validation and comparison of Tri-model recognition pattern

Model 1 Model 1 
accuracy

Model 2 Model 2 
accuracy

Model 3 Model 3-Bi-classification 
accuracy

Three-model 
accuracy

Inception-V3 88.79% Inception-V3 88.90% Xception 86.75%  91.21%

Xception 96.37% Xception 93.63% Xception 86.75%  96.59%

EfficientNet-B3 97.47% EfficientNet-B3 96.26% EfficientNet-B3 94.02% 97.58%

Inception-V3 88.79% Xception 93.63% Xception 86.75% 91.76%

Xception 96.37% EfficientNet-B3 96.26% EfficientNet-B3 94.02% 97.80%

MobileNet-V2 92.53% Xception 93.63% EfficientNet-B3 94.02% 95.82%

Fig. 8	 Tri-CF model image classification flowchart

 

two classes. Therefore, we have proposed a  Tri-CF model 
architecture, which is shown in Fig. 8. 

Getting an intermediate result after the  confidence-
aware modules (model 1 and model 2), if the result is Grape 
Black Measles, it has a  certain likelihood that it is actually 
Grape Black Rot. Hence, we set a  third model which is 
specifically used for binary classification of these two disease 
types. Here is the mathematical representation of the Tri-CF 
model based on the proposed architecture and its logic is:

		

where:	 x – represents the input image; M1 (x), M2 (x), 
M3 (x) – denote the classification results of model-1 
model-2, and model-3 respectively; C (M1(x)) – the 
confidence score of model-1’s prediction; τ – the 
confidence threshold (set at 80% in this study) 

The effectiveness of  the  model is shown in  Table 4. 
In  most cases, the  Tri-CF model outperforms the  original 
models, as long as the  three models have close accuracy. 
The  best combination is Xception with EfficientNet-B3 
which achieves an accuracy of 97.80%.
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Foliar Disease Neural Network (FD-Net)
This section presents a  model named Foliar Disease 
Neural Network (FD-Net), which is an instance of  CAMIC. 
The  FD-Net model under the  CAMIC architecture is based 
on the EfficientNet-B3 model. EfficientNet is considered one 
of the best models in the field due to its high accuracy on 
the  ImageNet classification task with 66 M parameters. As 
already mentioned, EfficientNet uses a new scaling method 
that uniformly scales all dimensions of  depth, width, and 
resolution using a  simple yet highly effective compound 
coefficient (Tan and Le, 2019). Its architecture comprises 
eight layers ranging from B0 to B7. As the number of layers 
increases, the  number of  computed parameters remains 
relatively constant while accuracy improves significantly. 
In  this study, the  EfficientNet-B3 model was employed as 
the  basis of  FD-Net with the  distinction of  using Softmax 
activation function (replacing swish of original EfficientNet) 
as the  best results under various experimental conditions 
and hardware constraints observed. The  architecture 
of the proposed FD-Net is illustrated in Fig. 9. 

The model accepts the image dataset as input. In the next 
step, the  image data is pre-processed and augmented 
through a series of transformations to create the final image 
data. The  model then receives this processed image data, 
along with the corresponding metadata regarding the input 
image dataset. Subsequently, the FD-Net model processes 
the collected input. A dense layer comprising four units and 
a Softmax activation function is employed as the final layer.

The overall classification performance of  the  FD-Net 
model using the  Grapes leaf dataset is evaluated in  terms 
of precision, recall, and F1 score (results are shown in Table 
5). Precision evaluates the accuracy of positive predictions 
by taking the  ratio of  true positives (TP) to all predicted 
positives, including true positives and false positives (TP + FP). 
Recall measures the model’s ability to identify true positives 
out of  all TP and FN (where FN stands for false negatives 
and represents actual positives that are misclassified 
as negative). The  F1 score representing the  harmonic 
mean of  precision and recall helps to evaluate a  balanced 
assessment of  classification performance. The  formulae 
of precision, recall, and F1 score are given below.

 		  (6)

However, the detailed performance comparison of both 
variants of  the  proposed FD-Net model (i.e., FD-Net-B 
(FD-Net with Bi-CF model) and FD-Net-T (FD-Net with Tri-CF 
model) with several state-of-the-art transfer learning CNN 
models (using the Grape dataset) is shown in Table 6. Table 
6 illustrates that the  proposed model variants (FD-Net-B 

Fig. 9	 FD-Net flowchart
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and FD-Net-T) outperformed existing approaches in terms 
of accuracy and F1 score. 

System architecture and mobile interfaces
Based on the  proposed FD-Net, a  client-server system 
(mobile application with Windows server) has been 
implemented. The working principle of the system (shown 
in Fig. 10) is explained below.

Steps 1–3: The  Android application on the  mobile 
phone is developed to take photos or select one photo 
from the album and send it to the server via the gateway for 
further processing.

Steps 4–5: Upon receiving the  photo, the  server’s 
communication module invokes the deep learning module 

based on the proposed FD-Net, which ultimately processes 
the images to identify crop/plant disease categories and is 
responsible for sending results back to the phone to display 
the results to the user. The mobile application interfaces are 
shown in Fig. 11.

Several key technical aspects, i.e., image preprocessing 
in  terms of  image resizing, data transmission efficiency 
by using Base64 encoding for image transmission, 
multithreading to handle simultaneous requests from 
multiple users, and the provisioning of precise geographical 
information using FusedLocationProviderClient API have 
been considered during the  development of  this client-
server application.

Table 5	 Classification performance

Class Precision Recall F1 score

Grape Black Rot 0.9831 0.8974 0.9383

Grape Black Measles 0.9310 0.9890 0.9591

Grape Healthy 1.0000 1.0000 1.0000

Grape Leaf Blight 1.0000 1.0000 1.0000

Macro-average 0.9785 0.9716 0.9750

Table 6	 Performance comparison of FD-Net and state-of-the-art transfer learning models

Model Accuracy F1 score Model Accuracy F1 score

ResNet50 72.20% 0.8452 Xception 96.37% 0.9487

MobileNetV2 79.01% 0.8429 EfficientNetB3 97.47% 0.9752

MobileNetV3 95.16% 0.9518 FD-Net-B 97.91% 0.9789

InceptionV3 88.79% 0.9036 FD-Net-T 97.80% 0.9789

Fig. 10	 End-to-end system architecture
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Conclusion
This study proposes the CAMIC framework, an end-to-end 
system designed to detect and classify plant diseases 
effectively. The framework uses the shadow augmentation 
method and Bi-CF and Tri-CF classification techniques 
to improve the  accuracy and reliability of  plant disease 
classification by reducing errors and improving prediction 
confidence. The experimental results show that the CAMIC 
framework performs better than existing transfer learning-
based CNN models. It achieves an accuracy rate of 97.91% 
and an F1 score of 0.9789, demonstrating its strong ability 
to classify plant diseases accurately. Future work can 
explore integrating more functions, such as data analysis 
and treatment suggestions, to make the system even more 
useful and inclusive. 
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