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Abstract

In this work, an Enhanced Mask R-CNN-based segmentation approach combined with an
Adaptive Median Neural Network (AMNN) for denoising is provided for accurate detection
and quantification of pest-affected maize leaf regions. Pest infestation is one of the major
challenges in maize crop production, resulting in great yield losses. Four major pests, namely
armyworms, aphids, grasshoppers, and beetles, are analyzed on datasets from Roboflow and
Mendeley. This Paper using 4 datasets for finding the maize leaf affected percentage. From the
segmentation results, shows that the highest percentage of leaf damage was caused by
armyworm followed by aphids, grasshoppers, and beetles. The exact quantification of damage
was done by calculating the area affected based on pixel-wise segmentation metrics. In the
proposed method, high segmentation accuracy reduces the false positives and improves the
identification of pests. Performance evaluation using accuracy, precision, recall and f-measure
shows model reliability. In these findings the proposed segmentation method achieves 99.53
accuracy values compared to other existing methods. Future enhancements include real-time
deployment with IoT-based monitoring systems and hyperspectral imaging for further
improving the accuracy of detection. It will contribute to precision agriculture, helping farmers
in early pest detection and efficient pest management strategies.
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I INTRODUCTION

One of the major staple crops in the world, maize as a food crop has helped in securing food
and economic stability to millions of people [1-4]. Infestation by pests severely threatens the
productivity of maize by damaging leaves and, in turn, reducing yield. Here, Armyworms [5],
[6] Aphids [7], [8], Grasshoppers [9], and Beetles [10] are common pests and among the most
destructive ones. The detection and quantification of pest-inflicted damage on plant leaves are
crucial for pest management and precision agriculture. Traditional pest monitoring depends on
time-consuming manual inspection, human error, and scalability issues among larger
agricultural expanse [11-14]. Incorporating the novel techniques of artificial intelligence (Al),
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especially using deep learning-based computer vision methods, would automate the process of
making an assessment of pest damage highly accurately and efficiently [15-17].

Pest detection on maize leaves is rendered difficult by several factors, such as background
environmental conditions, intricate leaf structure, and noise in the acquired images.
Conventional image processing techniques such as thresholding and edge detection seldom
provide a firm segmentation of the affected areas, as variable lighting, occlusions, and noise
may prevent accurate analysis. Currently available deep learning methods are also poor at
recognizing different damage patterns due to different pest species [18], [19]. Noise introduces
an entirely new obstacle to segmentation accuracy, causing false positive regions and other
problems within an

otherwise possible pest classification of the affected area [20]. In this regard, robust approaches
are needed to diminish noise while preserving critical feature information of the image,
followed by state-of-the-art segmentation methods to accurately classify and quantify leaf
damage from different pests [21-26].

Upon identifying these challenges, here formulated a two-stage approach which employs deep
learning techniques to detect and quantify maize leaf damage:

In the first step, AMNN is applied to combine an advance median filter that adapts the window
size according to local features, for the purpose of noise removal from maize leaf images. After
noise removal, these images are continuously fed as an input for the segmentation process.

After denoising, the Enhanced Mask R-CNN model performs the segmentation of damaged
leaf areas. The model is composed of a Region Proposal Network (RPN) that detects affected
areas and a mask prediction branch that generates pixel-wise segmentation masks. With
delineation of object boundaries and restriction of false positives, this formulation leads to
accurate identification and quantification of pest-induced leaf damage. The percentage of leaf
damage is calculated as the ratio of the number of affected pixels to the total leaf area after the
segmentation. The model is trained to classify damage caused by different pests; the results
showed that Armyworms cause the highest percentage of damage, followed by Aphids,
Grasshoppers, and Beetles.

Objective of the paper: Aims of this study are to create an automated system for detecting
and quantifying maize leaf damage through a two-step process namely (i) remove noise in leaf
image using Adaptive Median Neural Network (AMNN) and (ii) segmentation procedure with
Enhanced Mask Region Based-Convolutional Neural Network (Mask R-CNN). To increase the
accuracy of delineating infected zones and calculate percentage damage in this case, from these
different pests.

Contribution: This Research has competent precision agriculture, in delivering an automated
and prospective evaluation of maize leaves for pest damage. By optimizing AMNN for image
denoising after that the proposed method leads to further segmentation accuracy using
Enhanced Mask R-CNN. The outcomes offer measures on the level of damage due to pest that
helps farmer’s specific approach towards pesticide intervention.
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Organization: The remaining sections of the paper are organized as follows: Section 2 review
related studies on image denoising and segmentation applications for Crop field. Section 3 is
to present the proposed approach mainly laid out on AMNN-based denoising and Mask R-
CNN-based Segmentation. Experimental results and evaluation metrics are discussed in section
4, finally in section 5; here conclude the paper and point out potential future works.

II RELATED WORKS

Chisonga et al. [27] examine the effects of fall armyworm (Spodoptera frugiperda), an
American invasive pest, on maize yield. The insect has since its entry in Africa posed a
significant food security threat, particularly in nations that rely on maize as a primary

crop. The study demonstrates how varying degrees of defoliation of leaves by larvae influence
maize growth and productivity. Understanding of this relationship is central to the formulation
of effective pest control and minimizing yield loss. The study is useful to farmers and
policymakers who want to enhance the resilience of maize production.

Toepfer et al. [28] contrasted to harmonize and streamline leaf damage rating scales for
assessing fall armyworm (Spodoptera frugiperda) damage in maize. The authors sought to
develop a streamlined and harmonized system for application in the field for easier use, thus
optimizing pest management and control practices. The streamlining rating system offers an
easy way of applying the infestation severity rating by farmers and researchers to enable rapid
decision-making in pest control operations.

Baudron et al. [29] researched the major determinants of fall armyworm damage to Eastern
Zimbabwean smallholder maize production. It establishes the extent to which planting time,
management of the field, and climate shape the level of pest infestation intensity. The research
further estimates the economic and yield losses associated with armyworm damage, shedding
light in an informative way on the effect of the pest on maize productivity and food security in
the region.

Chudik et al. [33] researches present a grasshopper mobile, real-time pest detection system
based on image processing and data aggregation technology. The system allows early
identification of pests that infest crops, enabling efficient monitoring and control. The system
can be deployed in the field, and real-time data collection and analysis will enable farmers to
react in time against infestations, hence preventing crop loss and improving pest management.

2.1 Problem Identification

Maize crop is extremely prone to infestations by several pests, for example, armyworms,
aphids, grasshoppers, and beetles. Despite many research papers attempting to make
conclusions about the prevalence of an individual pest, there is highly limited work conducted
on determining relative damage by a combination of pests on the leaf component of maize.
Much of the existing literature does not state the degree of damage in percent, which renders
their applications toward effective overall insect control less beneficial. This inability to
quantify multi-pest damage presents an issue with optimal control measure prioritization. A
detection system must then be established that detects the presence of many pests
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simultaneously and quantifies leaf damage so that it may aid in maximizing pest management
as well as the protection of maize yield.

III MATERIALS AND METHODS

In this paper, aim to detect the percentage of maize leaf damage. Here used four semi
supervised datasets from Roboflow and Mendeley to assess the affected areas. This study
focuses on maize leaf damage caused by Armyworm, Aphids, Grasshoppers, and Beetles. In
the first step, denoise the images using an Adaptive Median Neural Network (AMNN). Then,
here apply Enhanced Mask Region-Based Convolutional Neural Network (Mask R-CNN) for
segmentation to accurately identify and quantify the affected regions.

Figure 1 shows the maize leaf damage detection process using Enhanced Mask R-CNN. Firstly,
image pre-processing includes the re-sizing, normalization, and tensor conversion of the maize
leaf. Then, the AMNN is utilized to filter out the noise while keeping the details in the image.
Finally, the Enhanced Mask R-CNN model is used for feature extraction and proposal region
generation, and the pest-affected region in an input image is segmented.

Post-processing and refinement are done to enhance the accuracy by filtering false positives.
The pest classification module identifies the responsible pest type. To conclude, evaluation and
accuracy assessment are performed by means of IoU and Dice Coefficient metrics for obtaining
the precise segmentation results.
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Figure 1: Overall workflow of detect the percentage of Maize Leaf Damage.
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3.1 Dataset collection

This paper taken semi supervised dataset from roboflow and mendeley datasets for affected
percentage in maize leaf by Armyworm, Aphids, Grasshopper, and Beetle pests.

Datasetl: https://universe.roboflow.com/cdac-evger/maizefall-army

Armyworm Dataset contains 2000 images at 640x640 resolution, and combined they total 103
MB. These are three classes as such: Fall Armyworm Egg (first infestation), Fall Armyworm
Frass indicates the location of larvae with waste deposits and Fall Armyworm Larva (the stage
of caterpillar’s feed maize leaves). The dataset plays a vital role in machine learning models
for the early detection and management of fall armyworm infestations in maize fields with less
loses.

Dataset2: https://universe.roboflow.com/search?q=class:aphid

The Aphids data has 2000 images of size 210x239 pixels and is around 226 MB in total dataset.
Aphids have three classes: Egg — the first aphid stage in development; Nymph (immature
feeding, growth stage) which differentiates from adults able reproduce very fast. This dataset
is the base for machine learning models that are learning to detect/monitor aphid infestation
and consequently, its application will facilitate the pest management in agricultural crops.

Dataset3: https://data.mendeley.com/datasets/bwh3zbpkpv/1

Grasshopper dataset has 2000 images (400x400 pixels) and 91.1 MB, contains 4 classes —
Egg (the first stage of development); Nymph (grasshopper juvenile stage when they begin to
ingest the vegetation) and Adult that is capable of destroying large amount of crops.

The dataset is good for training the machine learning models that can classify and detect the
grasshoppers for insect control as well to get better yield from your farmland.

Dataset4: https://data.mendeley.com/datasets/bwh3zbpkpv/1

Beetle dataset consists 2000 images each having a resolution of 400*400 In total, the dataset
1s 63.5 MB. Classes are Egg (stage of first development), Larva — also known as active feeding
stage that will destroy crops; Pupa which comes before adulthood; and the Adult an adult stage
that can reproduce and fee listening. This will be a very useful dataset for training machine
learning models that are going to be detecting beetles and classifying them for (insect) pest
management, etc.

3.2 Denoising using Adaptive Median Neural Network

Adaptive Median Neural Network (AMNN) is a hybrid denoising model which cooperates with
adaptive median for filtering and optimizes the neural network to denoise an image but also
retains essential features such as edges and textures. In this step, AMF is used as a preprocessor
to detect and reduce noise—mainly impulse noise (salt-and-pepper noise)—by dynamically
adjusting the filter size according to local pixel variations. However, median filtering alone
may cause image blurring, leading to loss of fine details.

This is overcome by passing the output from AMF through a Neural Network, often a
Convolutional Neural Network (CNN) or Autoencoder, which learns to reconstruct the clean
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image from the filtered input. The NN refines the denoised image by restoring lost details,
improving the overall quality of the image. The AMNN is trained on a noisy and ground truth
image dataset by optimization of loss functions like Mean Squared Error (MSE) or Structural
Similarity Index (SSIM). Such a hybrid approach is especially useful in applications of medical
imaging, remote sensing, and low-light photography, where preserving fine image details
matters much.

3.2.1 AMNN used in denoising the affected maize leaf

The AMNN denoising method improves the pest infested maize leaf detection by first
denoising the images through Adaptive Median Filtering (AMF) and then fine-tuning it using
a Neural Network by Shrestha [40]. Image segmentation techniques are used to select the
damaged areas by the attack of Armyworm, Aphids, Grasshopper, and Beetle after denoising.
The percentage of the affected maize leaf is estimated by finding the ratio of damaged to total
leaf area pixels. This method provides precise pest damage analysis and maintains the basic
structure information of leaves.

The Adaptive Median Filter (AMF) dynamically adjusts its window size based on local pixel
intensity variations to remove salt-and-pepper noise while preserving edges.

Iriterea(x,y) = median {I(i,))|(i,j) € S(x,y)} ------ (1)

Where, I1(i,j)is the pixel intensity in the original noisy image. S(x,y) is the adaptive
neighborhood window centered at (x, ). Iiiterea (X, y) is the output of the median filter for the
pixel at (x,y). In equation (1) the window size S(x, y) is increased until a non-noisy median
value is found, ensuring effective noise removal. This formula helps remove salt-and-pepper
noise and preserve leaf damage patterns by computing the median value of pixel intensities
within an adaptive neighborhood window S(x, y).

In equation (2) the NN refines the AMF output to reconstruct a clean image by learning a
mapping function from noisy to clean images.

lgenoisea = fo (Ifiltered) """"" (2)

Where, I¢jjtereq 18 the AMF-processed image. fy represents the AMNN model with learnable

parameters 0. I onoiseq 1S the final denoised image used for leaf damage detection.. This
equation (2) represents how the AMNN model processes the filtered image to refine it further
and reconstruct a cleaner image.

Use image thresholding or deep learning segmentation to detect pest-damaged areas. Convert
the denoised image to a binary mask.

1: Idenoised(x' y) <T
0, Idenoised(x' y) =T

Where, M(x,y) is binary mask (1 for affected, 0 for healthy). T is threshold for identifying
affected pixels.

MGxy) = e (3)

Calculate the percentage of damaged leaf area relative to the total leaf area.
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EM(x)

2P(X‘y)) X 100 - (4)

Af fected percentage = (

M(X,y) is total number of affected pixels. Y P(x,y) is total number of pixels in the leaf area.

The neural network is trained by minimizing a loss function:

1 . .
L= N ?I=1(Idean(l) - Idenoised(l))z --(5)

Where, 100, (0) is the ground truth clean image pixel. Ijonoiseq (i) is the output from AMNN.
N is the total number of pixels. Equation (5) is the Mean Squared Error (MSE) loss function,
which measures the difference between the clean ground truth image and the denoised image
output from AMNN. Minimizing this loss during training ensures the AMNN model learns to
generate accurate clean images.

Once the image is denoised using AMNN, its quality is evaluated using three key metrics:

Peak Signal-to-Noise Ratio (PSNR):

(Lmax)z
PSNR - 10 loglo( MSE ) (6)

Where, L, is the maximum possible pixel value. Higher PSNR indicates better denoising
quality of leaf image. Equation (6) PSNR quantifies the quality of the denoised image by
measuring how much the denoised image deviates from the clean image.

Structural Similarity Index (SSIM):

(2uxty+C1)(oxy+C2)
(HF+u3+C1)(0F+05+C2)

SSIM =

(7)

Equation (7) measures structural similarity between the clean and denoised images. SSIM
compares the structural information (contrast, luminance, and texture) between the clean and
denoised damaged leaf images. Unlike PSNR, which only considers pixel differences, SSIM
evaluates how well the structure and details are preserved. A value close to 1 indicates high
similarity, meaning better denoising performance.

Root Mean Squared Error (RMSE):
RMSE = \VMSE ----------- (8)

In equation (8) lower RMSE values indicate better denoising performance. RMSE measures
the overall pixel-wise error between the denoised and ground truth leaf images. A lower RMSE
value indicates a better denoised image with fewer distortions.
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Figure 2 shows the AMNN denoising process of maize leaf images infested with pests such as
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Armyworm, Aphids, Grasshoppers, and Beetles. First, it starts with preprocessing, whereby
noisy images are resized, normalized, and filtered to improve their quality. The preprocessed
image is then passed through the AMNN model, which applies adaptive median filtering

followed by neural network-based noise removal while preserving important leaf details.
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Figure 2: Denoising using AMNN
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This then provides the denoised output with a clearer version for further analysis. In the last
stage of the quality evaluation metrics calculation, the denoising quality is evaluated using
PSNR, SSIM, and RMSE for ensuring that the noise reduction is done correctly.

Algorithm 1 and Figure 3 the Adaptive Median Neural Network (AMNN) denoising algorithm
improves the quality of noisy images through a combination of Adaptive Median Filtering
(AMF) and deep learning-based refinement. It first utilizes AMF to eliminate salt-and-pepper
noise but keeps the basic characteristics of the original image. The image filtered by AMF is
passed into the AMNN model, where it learns how to reconstruct the cleaner image through a
mapping function trained on pairs of noisy images and their corresponding ground truths.

The model parameters are optimized during training in order to minimize the loss function,
which in this case is the Mean Squared Erro—MSE—using gradient descent. After training,
the AMNN model is ready to be used for the denoising of new images. The performance of the
denoised output is evaluated in terms of PSNR (Peak Signal-to-Noise Ratio), SSIM (Structural
Similarity Index), and RMSE (Root Mean Squared Error)

to validate the accurate noise removal while keeping the | Figure 3: Adaptive Median Neural
image details. Network Flow diagram
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3.3 Segmentation using Enhanced Mask Region-Based Convolutional Neural Network
3.3.1 RCNN

Region-Based Convolutional Neural Network (RCNN) is a deep learning-based object
detection technique that detects objects in images by first proposing regions and then
classifying them with a Convolutional Neural Network (CNN). Research by Li, et al. [41] eases
the task of object detection, segmentation, and localization by extracting meaningful features
from each proposed region. In the detection of maize leaf-affected percentages, RCNN first
extracts regions of interest (Rols) from an image through a selective search. The regions are
then passed through a CNN for classification of the pest damage caused by Armyworm,
Aphids, Grasshopper, or Beetle attacks; a segmentation process aids in measuring the affected
area of the maize leaves. It thereafter calculates the percentage of damage by comparing the
segmented area affected with the total leaf area.

Received: August 06, 2025 113



International Journal of Applied Mathematics

Volume 38 No. 11s, 2025
ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version)

The limitations of RCNN include high computational cost because the process for every region
proposal is done individually; hence, it's slow and less efficient in real-time applications. It also
comprises large storage in handling extracted features and is not end-to-end trainable since it
has many independent steps, which are region selection, feature extraction, and classification,
thus making it hard to optimize. In addition, RCNN is not good at precise segmentation for fine
details, resulting in lower precision in the detection of maize leaf damage percentages. The
drawbacks of those mentioned above necessitate to resort to Enhanced Mask R-CNN which
speeds up detection & estimate and quality, also segmentation.

In order to overcome the aforementioned shortcomings, Enhanced Mask R-CNN provides
object detection and segmentation with faster, accurate predictions.

In comparison to RCNN, RPN in Enhanced Mask R-CNN executes the whole image, where it
is trying to mitigate wasteful computation. The enhanced variant further boosts the accuracy of
segmentation by the methods such as attention mechanisms and features fusion which facilitate
with precise detection of leaf area affected by pest on maize-crop in real time.

3.3.2 Enhanced Mask RCNN

R-CNN (Region-Based Convolutional Neural Networks — Improved Mask) — an advanced
segmentation technique combined with deep learning method used for detecting objects and
pixel wise classification are implemented here. Exploiting the Mask R-CNN architecture, this
work focuses on improvement in attention feature fusion with improved region proposal
networks for better accuracy. It consists of: 1) detecting regions of interest with RPN, 2)
classifying objects and finally (3) obtain segmentation mask for each instance. After thorough
object boundary refining and extraction, Enhanced Mask R-CNN is strong enough to work on
tasks, even the challenging ones like those with diseased or pest-affected areas present in
agricultural images.

The Enhanced Mask R-CNN improves the segmentation of pest-infested maize leaf areas by
accurate detection and outlining of damage caused by Armyworm, Aphids, Grasshopper, and
Beetle attacks. It uses a Region Proposal Network (RPN) for the identification of affected
regions and a mask prediction branch for pixel-wise segmentation. The approach refines object
boundaries and reduces false positives, hence ensuring the exact computation of the affected
maize leaf percentage, helping in effective pest damage assessment.

1,if pixel (x,vy)is classified as af fected
M(x,y)z{ fpixel (x,y) f frected ©)

0, otherwise

Where M (x,y) represents the binary mask generated by Enhanced Mask R-CNN. 1: Pixel is
affected by a pest. 0: Pixel is healthy. Equation (9) represents the binary segmentation mask,
where affected regions are marked as 1, and unaffected areas are marked as 0.

Ag = Z¥/=1Z§;I=1 M(x,y) ------—------ (10)

Where A,the total number of affected pixels, W and H is are the image width and height.
Equation (10) calculates the total number of affected pixels by summing up all 1’s in the binary
mask.
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A =Z;‘?’=12§3=1L(x,y) """"""" (11)

Where A;the total number of pixels corresponding to the maize is leaf, and L(x, y)represents
the binary leaf mask. Equation (11) determines the total number of pixels corresponding to the
maize leaf.

P, = % NG (1) J— (12)

Where P, gives the percentage of the maize leaf affected by pests. Equation (12) computes the
percentage of the maize leaf affected by pests, which is crucial for assessing damage severity.

Intersection over Union (IoU) for Accuracy Evaluation:

(13)

Where M, is the predicted mask, and Mgy is the ground truth masks. Equation (13) represents

IoU measures the accuracy of segmentation by evaluating the overlap between the predicted
and actual affected regions. A higher IoU value indicates better segmentation performance.

2XMpNMgr

= 14

|Mp|+IMgr| (14)

Equation (14) Measures the overlap between the predicted and actual affected regions. The
Dice coefficient quantifies the similarity between the predicted and actual segmentation masks.
A higher Dice score indicates better segmentation accuracy. The workflow of the Enhanced
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Mask R-CNN in Figure 4 first begins with the preprocessing stage, where an input image is
resized to a specified size, normalized, and converted into a tensor format. Then, features
involved in pest damage patterns and textures are extracted by the backbone CNN. The Region

Figure 4: Segmentation using Enhanced Mask R-CNN

Proposal Network (RPN) then generates candidate object regions by filtering out unimportant
background regions.

Through Rol alignment, these regions are resized and aligned for accurate segmentation. The
mask prediction step generates pixel-wise segmentation masks to outline the pest-affected areas
precisely. In post-processing, the masks are refined, false positives are reduced as much as
possible, and the affected areas are quantified.

Next comes the evaluation and classification of pests, in which segmentation accuracy is
evaluated with IoU and Dice Coefficient, and a classifier identifies the type of pest, such as
Armyworm, Aphids, Grasshopper, and Beetle. Finally, percentage calculation is performed to
obtain the ratio of affected leaf area by calculating the ratio of damaged to the total leaf pixels,
thereby enabling a precise assessment of pest impact.

Enhanced Mask R-CNN segmenting is done, then it is found that Armyworm causes the highest
percentage of damage to maize leaves, followed by Aphids, Grasshoppers, and Beetles.

Algorithm 2 and Figure 5 present the enhanced mask R-CNN algorithm used for segmenting
and analyzing maize leaf damage caused by pests such as armyworm, aphids, grasshoppers,
and beetles. The following steps first pre-process the input image by resizing, normalizing, and
converting it into a tensor. Then, the model is trained with a combination of Binary Cross-
Entropy and Dice Loss to improve the accuracy of segmentation. Once trained, the model
segments the damaged leaf regions, calculates the percentage of affected area, and classifies

Alzorithm 3: 5 ion using Enhanced Mazk R-CNN
Inputs: I,,.,,— Dnput maize leaf denoised image, Pre-trzined Mask R-CNN model My, Threshold values for
sezmentation and classification
Training Parameters: Leaming Rate (1), Number of Epochs (E)
Begin:
Step 1+ Preprocess Tmage (Fp )
Rasize 1., to fined dimenzions (2 g, 1024:1024)
Mommalize pixel values (0 to 1)
Corvart to tansor format
Ratum preprocessed image (L., pracpsien)
Step 1: Tram Enhanred Mazk RCHN (Datasst, Model M,, Leamng Fate n, Epochs E):
Initizlize model parameters §
Forepoch=11o E:
For sach training image /.., and ground truth mask M,.,.:
oepracense = Preprocass Image (1., )
Predicted mask M, =Modal My (L.opocisia)
Compute Loss L:
L = Binary Cross-Entropy (M., M,...) + Dice Loss (M, M,.)
Update Mods] Parameters:
G=0-n*VL(H
End For
End For
Fatum Tramed Modal M,
Step 3: Segment Leaf Damage (1., Tramed Model M, ):
Livspricessed = PTeprocess Image (7,....)
My =My Uyppeprocessed)
Affacted Area = Count Mon-Zero Pixels in M,
Totzl Leaf Area = Count Nen-Zero Pixels in Leaf Mask

B = T' % 100
Ratum M, P,

Step 4: Classify Pest (M, Trained Model 3,):
Fxtract faztures from affected ragions
Apply trained pest classifier
Pest Label = Aremax (Model M, (M)
Fatum Pest Label

‘Qutputs:

Segmentztion mazk of affectad ragions
Parcentage of affected leaf area
Pest classification (Ammyworm, Aphids, h -, Beatls)

(Ctel) =
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the pest responsible for the damage. The percentage of affected area (P_a) is calculated by
comparing the damaged region to the total leaf area. The final output will be a segmentation
mask, the extent of damage, and the identified pest type, which helps in early pest detection
and precision agriculture strategies

J Preprocess ‘
"l Image

— |

Start —> Inputs

Train
Enhanced Mask
R-CNN

Predicted
mask=Model m(6)

Segment
Leaf Damage

Classify
Pest

Figure 6: Denoising Results (Fall Armyworm)
Figure 5: Enhanced Mask R-CNN Flow Diagram
IV RESULTS AND DISCUSSIONS

This paper developed by Python to detect maize leaf damage percentage caused by Armyworm,
Aphids, Grasshoppers, and Beetles. Results show that the Enhanced Mask R-CNN model can
effectively achieve the segmentation and quantification of pest-induced damage on maize
leaves. After denoising with the Adaptive Median Neural Network (AMNN), the segmentation
of affected regions became clearer. Here taken 4 datasets from roboflow and mendeley pest
datasets for calculating the affected maize lead percentage. Among the detected pests,
Armyworm, Aphids, Grasshoppers, and Beetles the Armyworm damaged highest percentage
of maize leaf damage. Evaluation metrics confirmed segmentation accuracy, showing high
accuracy and hence ensured reliable pest damage assessment. The proposed Enhanced Mask
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R-CNN achieves the 99.53% accuracy in detecting the pest affected leaf percentage
calculation.

A percentage of the affected leaf area for each pest type was also calculated for precise pest
impact evaluation. The results demonstrate the potential of this approach in the early detection
of pests and for precision agriculture in order to provide farmers with timely preventive
measures.

4.1 Denoising and Segmentation Results
4.1.1 Fall Armyworm

Figure 6 reveals the efficiency of the Adaptive Median Neural Network (AMNN) denoising.
The noisy original image (left) has extreme visual interruptions and is difficult to analyze. The
image is brighter after denoising (right), with visible details such as texture of leaves and
detectability of pests for simpler detection and analysis

| ? i")l"

Figure 7: Segmentation Result (Fall Armyworm)

Figure 7 depicts the outcome of segmentation, in which the original image includes an
infestation of a pest on a maize leaf. Following segmentation, the background is eliminated,
leaving only the pest and damaged leaf area isolated. This provides improved focus on the area
of interest, facilitating easier subsequent analysis, such as pest detection or damage
measurement.

4.1.2 Aphids

Figure 8: Denoising Result (Aphids)
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Figure 8 illustrates the denoising outcome of an aphid-infected plant surface. The noisy input
image on the left-side of the figure contains visual noise which hides minute details. The
denoised output via AMNN on the right side properly eliminates noise, improving clarity and
the separability of aphid infected regions and surface textures.

Figure 9: Segmentation Result (Aphids)

Figure 9 contrasts a healthy leaf with an aphid-infected leaf and its segmented counterpart. In
the segmented image, the background and unnecessary space are eliminated such that only
damaged leaf space and aphid-damaged space remain. Segmentation provides more emphasis
on priority regions, enabling better analysis of damage severity and aphid infection.

4.1.3 Grasshopper

e

! [
" . ¥ 2
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il ¥ ” 4 g 4

X

Figure 10: Denoising Result (Grasshopper)

Figure 10 contrasts a noisy input image and denoised image using AMNN for an infested plant
with grasshoppers. The left noisy image has visual interferences that hide fine details. Upon
denoising, the right image is clearer, with less noise and sharper textures, such that the plant
structure and grasshopper infestation are more discernible.

Figure 11: Segmentation Result (Grasshopper)

Figure 11 shows the original input and the segmented output for an infested grasshopper plant.
From the original image, one can observe that there is damage to the plant caused by
grasshoppers on the leaves. The segmented image distinctly delineates the damaged areas so
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that the damaged areas visible background is rejected, allowing for easy focus on pest-related
damage for analysis.

4.1.4 Beetle

Figure 12: Denoising Result (Beetle)

Figure 12 shows the denoising result of Beetle-infected plants. The noisy input, shown on the
left, shows lower visual clarity due to noise interference. The image on the right, denoised by
applying the AMNN denoising technique, minimizes noise to a great extent, making the plant
structures and regions of beetle infection more distinct for further analysis.

. :

S a8 |
Figure 13: Segmentation Result (Beetle)

Figure 13 is the segmentation result of Beetle-damaged leaves. The left image is the original
input, with visible damage from beetles. The right image is the segmented output, successfully
separating the damaged

area from the rest of the healthy leaf to better detect and analyze pest damage.
4.2 Performance metrics
4.2.1 Accuracy

In predictive modeling, accuracy is the measure of closest model’s projections is to
real-world outcomes. It evaluates the model because many choices and forecasts rely on its
accuracy and dependability.

T-True, F-False, P-Positive, N-Negative
(15)

TP+TN
TP+TN+FP+FN

Accuracy =

4.2.2 Precision

In predictive modeling, accuracy is the proportion of total expected positive
observations to correctly forecast positive observations it demonstrates the model’s successful
reduction of false positives, guaranteeing that the positive forecasts it delivered are accurate
and reliable by extension and error reduction in many other domains.

Precision = ——— --—--- (16)

TP+FP

4.2.3 Recall
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Recall in predictive modeling is the fraction of real positive instances properly detected
in the model. In sectors like disease detection, identifying all positives is critical since it shows
the efficient detection of all relevant instances in a particular class.

TP
TP+FN

Recall = —— -—---- (17)

4.2.4 F-measure

F-measure, which determines the harmonic mean of recall and accuracys, is a strong all-
around measurement of the efficient performance in model that is necessary for preventing
both false positives and false negatives.

PrecisionXrecall
F — measure = 2 X — (18)
precision+recall

Table 1: Comparison table for Denoising

Algorithms/ PSNR SSIM RMSE
Metrics

Dataset 1 NLM [42] 12.76 0.52 0.21
Wavelet [43] 13.34 0.58 0.20
AMF [44] 13.76 0.62 0.19
AMNN 14.71 0.66 0.18
(Proposed)

Dataset 2 NLM [42] 12.66 0.49 0.24
Wavelet [43] 13.14 0.51 0.21
AMF [44] 13.46 0.59 0.19
AMNN 14.21 0.62 0.15
(Proposed)

Dataset 3 NLM [42] 12.70 0.40 0.22
Wavelet [43] 13.25 0.47 0.20
AMF [44] 13.32 0.52 0.17
AMNN 14.41 0.58 0.15
(Proposed)

Dataset 4 NLM [42] 12.18 0.49 0.23
Wavelet [43] 12.94 0.52 0.21
AMF [44] 13.31 0.60 0.18
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AMNN 13.99 0.62 0.14
(Proposed)

Table 1 compares the four algorithms such as NLM, Wavelet, AMF, and proposed AMNN
over four different datasets using three evaluation metrics: PSNR, SSIM, and RMSE. PSNR
values for the proposed AMNN algorithm were consistently higher, signifying better image
quality restoration. In a similar thread, the values of SSIM, defined as structural similarity, also
confirm that AMNN is superior to other methods indicating some improvements in perceived
similarity to the ground truth images. The RMSE is markedly less for AMNN in all datasets,
showing very little reconstruction error. They also consistently push the performances forward
for datasets, further indicating the resilience of AMNN. The results suggest that the proposed
method performs better in enhancing image quality compared to traditional approaches. This
positions AMNN as the method of choice for image denoising or restoration.

In Dataset 1 compares PSNR, SSIM, and RMSE values across four algorithms: NLM, Wavelet,
AMF, and AMNN (Proposed). The AMNN method achieves the highest PSNR and SSIM,
indicating better image quality and structural similarity, while also having the lowest RMSE,
reflecting minimal error. This confirms the superior performance of the proposed AMNN
approach over the other methods. In this chart the x-axis show the denoising algorithms and
the y-axis shows the values for metrics.

In Dataset 2 compares PSNR, SSIM, and RMSE values across four algorithms: NLM, Wavelet,
AMF, and AMNN (Proposed). The AMNN method achieves the highest PSNR and SSIM,
indicating better image quality and structural similarity, while also having the lowest RMSE,
reflecting minimal error. This confirms the superior performance of the proposed AMNN
approach over the other methods. In this chart the x-axis show the denoising algorithms and
the y-axis shows the values for metrics.

In Dataset 3 compares PSNR, SSIM, and RMSE values across four algorithms: NLM, Wavelet,
AMF, and AMNN (Proposed). The AMNN method achieves the highest PSNR and SSIM,
indicating better image quality and structural similarity, while also having the lowest RMSE,
reflecting minimal error. This confirms the superior performance of the proposed AMNN
approach over the other methods. In this chart the x-axis show the denoising algorithms and
the y-axis shows the values for metrics.

In Dataset 4 compares PSNR, SSIM, and RMSE values across four algorithms: NLM, Wavelet,
AMF, and AMNN (Proposed). The AMNN method achieves the highest PSNR and SSIM,
indicating better image quality and structural similarity, while also having the lowest RMSE,
reflecting minimal error. This confirms the superior performance of the proposed AMNN
approach over the other methods. In this chart the x-axis show the denoising algorithms and
the y-axis shows the values for metrics.
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Table 2: Comparison table for Segmentation using 4 different dataset

Algorithms/ Metrics Accuracy | Precision | Recall | F-measure

Dataset | YOLO [45] 98.20 98.01 98.10 | 97.47

1 CNN [46] 98.76 98.27 98.63 | 98.11
RCNN [47] 99.13 99.11 99.10 | 98.36
Enhanced Mask R-CNN |99.53 99.51 99.52 | 99.50
(proposed)

Dataset | YOLO [45] 98.03 98.00 98.01 |97.90

2 CNN [46] 98.41 98.13 98.60 | 98.11
RCNN [47] 98.95 98.59 98.91 | 98.30
Enhanced Mask R-CNN | 99.13 98.86 99.02 | 98.82
(proposed)

Dataset | YOLO [45] 98.21 97.85 98.09 | 97.53

3 CNN [46] 98.82 98.31 98.42 | 98.09
RCNN [47] 99.15 98.96 99.02 | 98.47
Enhanced Mask R-CNN |99.41 99.07 99.20 | 99.00
(proposed)

Dataset | YOLO [45] 98.10 98.00 98.01 |97.32

4 CNN [46] 98.94 98.63 98.62 | 98.10
RCNN [47] 99.21 99.04 99.19 | 98.82
Enhanced Mask R-CNN | 99.50 99.31 99.46 | 99.19
(proposed)

In table 2 compares the evaluation of the data will target four object detection algorithms,
namely YOLO, CNN, RCNN, and the proposed Enhanced Mask R-CNN, on four datasets in
terms of Accuracy, Precision, Recall, and F-measure. YOLO shows a consistent but poorer
performance in every metric with an accuracy of around 98.03% to 98.21% and an F-measure
lying between 97.32% and 97.90%, meaning it is relatively less capable of detecting objects
reliably. Compared to YOLO, CNN offers marginal improvements in precision and recall with
an accuracy range of 98.41% and 98.94%. RCNN still further improves the performance with
an accuracy of up to 99.21% with precision, recall, and F-measure quite

balanced. In all datasets, Enhanced Mask R-CNN gives the best score with an accuracy ranging
between
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99.13% and 99.53%, thus showing it as the best-performing algorithm. It lends a good balance
throughout the metrics, achieving an F-measure of 99.50% in Dataset 1 and almost equally
high values in the remaining datasets. This shows that Enhanced Mask R-CNN works much
better than YOLO, CNN, and RCNN, and this makes it the best possible option for object
detection.

Metrics of Dataset 1,2,3,4 calculate and compare Accuracy, Precision, Recall, and F-measure
using different algorithms. The Enhanced Mask R-CNN (proposed) achieves the highest values
across all metrics, demonstrating its superior performance. F-measure, indicating slightly lower
overall effectiveness.

Table 3: Pests and Leaf Affected Comparison Table

Damage Affected Leaf | Common ]
Pest Name .. Severity

Characteristics Percentage Symptoms

Feeds on leaf tissue, Ragged edges,

creating large complete

irregular holes and | Highest (40- | defoliation in
Armyworm skeletonized leaves | 50%) severe cases Severe

Sticky
honeydew,

Sucks plant sap, mold  growth,

causing  yellowing | Moderate (25- | stunted  plant
Aphids and curling of leaves | 30%) growth Moderate

Chews on leaf Jagged edges,

margins and midribs, reduced  leaf

leaving irregular | Moderate  (20- | area, sporadic
Grasshopper notches 25%) damage Moderate

Feeds on both upper Small, round

and lower leaf holes,

surfaces, causing | Lowest (10- | weakening of
Beetle shot-hole damage 15%) plant structure | Mild

Table 3 shows the maize leaves affected by Armyworms, Aphids, Grasshopper and Beetle
pests. The armyworm is the most serious pest, causing a sheet-like defoliation with an affected
leaf area percentage ranging from 40-50%. Moderate damages are caused by aphids and
grasshoppers; curling symptoms are there, with honeydew secretion and jagged edges. Least
damage is however inflicted by beetles which chew small, round holes on both leaf surfaces,
with the area affected 10-15%. Nevertheless, their damage is relatively light
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Affected Percenta ge compared to the other pests; whereas, a
prolonged infestation renders the structure

weak and at risk of being succumbed to other
stress factors. The results show the
Armyworms are highly affect the maize
leaves.

* Fall Armyworm ~ Aphids

® Grasshopper  ~ Beetle

V CONCLUSIONS

This paper proposed a hybrid deep learning approach combining the AMNN for denoising with
the Enhanced Mask R-CNN for segmentation for pest-induced damage detection and
quantification on maize leaves segmentation. Experimental results proved that our model can
locate high-precision areas with great efficacy, suppressing interference from noise hugely.
Among the identified pests, which included Armyworm, Aphids, Grasshoppers, and Beetles,
the highest percentage of leaf damage was caused by Armyworm. Here taken 4 datasets for
finding the results of maize leaf affected percentage. Computed leaf-affected percentage helps
in the early detection of pest infestation hence in a timely intervening action for precision
agriculture and management of pest control. Though the proposed model gives a high accuracy
in segmentation, the Enhanced mask R-CNN achieves 99.53 % accuracy value compared to
other existing methods.

Here further suggest, for future enhancements, the integration of a self-learning adaptive
system that continuously enhances pest detection based on real-time data collection from IoT-
enabled smart farms. This could be further improved by the integration of hyperspectral
imaging and thermal imaging techniques, increasing the accuracy of pest detection due to
spectral differences in leaf damage. Another improvement would be using attention-based
transformer networks for better feature extraction and segmentation. It could be further
expanded with more pest species and multi-class classification models to improve
generalization across different crop conditions.

Finally, deploying the trained model in a mobile-based or drone-assisted real-time detection
system can further help farmers in automating pest surveillance for cost-effective and
sustainable pest management strategies. With its continuous updating through more
sophisticated deep learning architectures, further improvement is achieved in accuracy
regarding pest detection, ensuring further crop yield while minimizing losses owing to pest
infestations.
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