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Abstract. Detecting agricultural pests plays a crucial role in enhancing crop productivity
and reducing yield losses. Pest identification through traditional methods, such as manual
observations, is labor-intensive and requires domain knowledge, making it unsuitable for
large-scale monitoring. In this study, we employ a deep learning-based approach and
utilize the ResNet50 architecture to classify agricultural pests from a publicly available
Kaggle dataset. After training and testing the model, we achieved high training accuracy
(approximately 99%) and reasonable validation accuracy (approximately 89%). To
increase the interpretability of the model, we utilize explainable artificial intelligence
(XAI) techniques, specifically Grad-CAM, to highlight the areas on the input images that
influence the model's classification decision, thereby providing a clearer explanation of
the model's performance. The model performance, represented through a confusion
matrix, indicated strong performance for most pest classes, while some categories
indicated inter-class confusion, which may be due to visual similarities. The findings
suggest that deep learning, in combination with explainable Al, holds great promise for
automating pest detection, supporting farmers in the early stages of intervention.

Keywords: Agricultural pests, Deep learning, ResNet50, Transfer learning, Explainable
Artificial Intelligence (XAl), Grad-CAM, Pest classification, Smart farming, Computer
vision, Precision agriculture.

1 Introduction

Agricultural pests present a significant risk to food security around the world and have direct
impacts of yields and economically affect places globally, resulting in major losses to both [1].
Timely and precise pest identification is essential for applying pest management strategies to
the adverse impacts of pests in agriculture [2]. In addition, many of the recognized methods of
pest identification are based on visual identification that requires an expert, to create an
accurate system to identify pests in a massive agricultural context. Moreover, there is a
consideration that, biological population densities can become part of the complex population
structure needing fast and accurate identification of pests to not compound the infestation of
other insects [1]. Technology that can use novel methods of deep learning in an agricultural
context is available to provide automated or improved pest identification, however the
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restrictive considerations referenced prior defines a limitation. Within the agricultural pest
identification context is the application of Convolutional Neural Networks ResNet50, this has
successfully demonstrated image identification and is applicable to agricultural pests [3] [4].
Nevertheless, that many of the deep learning models tend to be a black-box and can be
effective, it is difficult to use them in critical areas, such as agriculture, where understanding
the importance of decision-making is key to trust and deployment. This requires the addition
of Explainable Artificial Intelligence methods (e.g., Grad-CAM visualization) to make the
process more transparent so that users know how these models are making classifications,
which will help strengthen confidence and support real-world applications for agricultural
systems [5] [1]. This is important for farming stakeholders to verify the model predictions, to
adjust pest management practices, and to support the larger implementation of Al-based
methods in agriculture [6]. Grad-CAM provides a visual explanation of where the model is
focusing its attention, allowing individuals to confirm whether the model is focusing on
relevant pest features, and again build trust to support decision making under real-world
conditions in agricultural systems [7] [8]. Accordingly, this research is concerned with how
the classification power of ResNet50 and the visual interpretability of Grad-CAM can be
applied to create an explainable deep learning model for correct and transparent identification
of pests in agriculture. The relationship not only improves pest control in agriculture systems
through correct identification, but it also provides interpretability to very specific features
related to accurate model prediction, allowing for increased understanding of pest
characteristics traits. The relationship allows agriculturalists to identify a pest but also
understand why a pest was identified. This ability of visual explanation is advantageous to
agriculturalists, given the requirement for them to trust their model predictions and change
pest management practices, as well as improve weed community acceptance of Al solution
support [8][1]. In addition, the efficient identification of plant pathogens and pests via Al, will
enhance the general standard of agricultural products, and help limit some excessive use of
chemical spray products, which could enhance the overall sustainability of agriculture [9]. The
necessity for robust and interpretable pest identification/scenarios is now required because of
the projected pest direct crop productivity decrease of 20-40% yearly on a global average [10].
This necessity highlights the opportunities of deep models implementing explainable Al to
change adaptabilities of pest management by operating faster identification and improving
identifying pests in the first scenario [11]. This will have the effect of ultimately disrupting an
opportunity for current pest management that has not just a capacity of extensive automation
pest classification, but also of further significant conclusions for effectively developing
sustainably pest management around Integrated Pest Management (IPM) principles [12]. The
non-specific use of pesticides has generally been found to have overall adverse implications
for all non-target species and even ecosystem, thus warranting the use of Al-based funnels,
and approaches, and hypothesis based targeted IPM strategies to limit negatives, and
ultimately improve life for any pest in the environment [13]. Similarly, the worrying increase
in food production, reported by the UN Food and Agriculture Organization after a time frame
of several decades, also indicates that we need to increase food production by about 70% by
2050 to meet global demand [14]. The paper thus highlights the immediate need for
Interactive Pest Management approaches and consequential needs in existing food production
to broaden and better attempt food supply. This study seeks to enhance the effectiveness of
advanced deep learning techniques in pest detection and classification for agricultural contexts
by exploring interpretability issues when using pest classification and detection models in



agricultural contexts [15]. In addition to exploring interpretability in pest classification
models, this paper also seeks to identify the specific processes of pesticide over-use, and the
effects of consumption and over-use of pesticides, and in addition connects with the global
sustainability movement by promoting increased targeted management options using these
new digital digital solutions [16] [17]. Further, this research paper will also seek to generally
compile and summarise information from the academic literature that has recorded
applications of deep learning for pest detection and classification [18] [19]. With this in mind,
the review of the wider spectrum of literature will support the advancement of stronger, more
legitimate, and more transparent Al tools that are required to foster the modern evolution of
precision agriculture in agriculture [20]. This included reviewing the current assessment of
explainable Al approaches in agriculture pest monitoring, and subsequently determining
where improvements to Al transparency could significantly support agrarians decision-making
processes [21] [1].

1.1 Limitations of Traditional Pest Identification Methods

The reliance on expert knowledge in pest identification presents obstacles to scaling up
because trained entomologists typically have a limited geographical and economic reach.
Additionally, traditional pest identification tools such as pheromone traps and sticky cards,
while useful pieces of data, typically require, and result in, manual checks and delays in
actionable results [22]. Scale can especially amplify challenges related to classic pest
identification methods because, while rapid and accurate pest identification is critical for pest
management, inspecting lots greater than an acre in size can be arduous if not impossible [23].
The challenges associated with classic pest identification methods can allow an infestation to
go unchecked, resulting in elevated costs and ecological costs [24]. Finally, the human
subjective component of visual identification can lead to inconsistent diagnosis, particularly
for minor changes to pest morphology or an inflation in pest numbers [10]. Thus, the need for
reliable, automated, and objective identification systems that can overcome limitations of
human perception or limited resources is paramount [25] [17]. Due to the limitations of some
of the standard techniques for identifying pests, there is a need to examine alternative
technologies, like artificial intelligence, for enhanced, more accurate, efficient and scalable
agricultural pest management methods in the future [26]. In other words, while some machine
learning methods automate the recognition of pests to some extent, mainstream machine
learning approaches tend to rely on lexicons of engineered features, and do not generalize pest
recognition across species or different samples [27] [28] [29]. Furthermore, human operator
pest monitoring can be resource-consuming and inefficient, which can lead to limited spatial-
temporal resolution to track pest populations [30]. The human monitoring programs have
generally allowed for ease of access and monitoring at discrete sampling occasions leading to
limited spatial-temporal resolution [31]. Insect pest monitoring with these methods are
inefficient, slow and costly, and often lead to eventual pest bone architecture and pest
management problems or yield loss; which creates the need for monitoring systems that are
efficient to use, and lead to prompt pest detection and/or action [32]. For example, insect
monitoring protocols that are traditionally based on insect traps, become labor intensive and
rely on specimen identification by an expert being slow and costly to conduct further resulting
in slow specimen counts in the conservation and traits articles [33]. Regardless of how trap
automation improves, as many commercial systems still require some level of manual
verification [34]. It indicate that these approaches, while providing some level of automation,



often fail to generalize and have difficulty with heterogeneous data, demanding further
improvements in model layout and training methods [35].

1.2 Role of Deep Learning and Explainable Al in Agriculture

Deep learning is a branch of artificial intelligence that has exhibited remarkable proficiency in
identifying images and pattern recognition, which makes it well-suited for automated insect
identification and classification in agricultural applications. It has the propensity to learn
complex features directly from raw imagery, without the need for feature engineering, and is
resilient to increasingly complex and variable visual input. Deep learning, in addition to
saving time, provides patterns that traditional methods might not facilitate. In addition to
identifying pests based on their features in agricultural contexts, recognize the opportunity to
explore the patterns provided from both deep learning and Explainable Al (XAl) approaches
(i.e., Grad-CAM visualization) to offer visual understandability for agricultural production
stakeholders about the rationale behind decisions derived from deep learning models, the
identification of pests, and agricultural action decisions that leverage autonomous vehicles and
pests identification models in pest management [36] [1]. The visual learning and prediction
capacity of DL models is another significant advantage over traditional methods that rely on
human observational, and interpersonal learning constraining the value of the environmental
context [37]. Deep learning algorithms (especially Convolutional Neural Networks) enable the
challenges posed by the complex agricultural landscape, or subtle differences of pest species,
to be identified extremely accurately and efficiently [36]. The strengths of predictive abilities
associated with deep learning combined with the strengths of interpretive capabilities
associated with Explainable Al may introduce an entirely new design paradigm for decision
support system in precision-agriculture [3]. Not only will this lead to higher rates of accuracy
in identifying agricultural pests, it will also lead to some interpretability and trust in the
models that guide decision making that is an increasingly important consideration for
stakeholders concerned with the safety use of technology applications, agriculture and food, to
generate trust and accountability with the technology regarding safety and compliance [38].
Collectively, these related issues of Explainable Al will simultaneously provide the basis for a
pest management paradigm that sustainable and ethical; rather than relying on broad-spectrum
pesticides, pest management would be largely based on early intervention with precision
technologies [16] [39].

1.3 Contributions of this Work

This paper will discuss solutions to these issues by developing an explainable deep learning
method to classify agricultural pests, utilizing the strong image feature extraction capabilities
of ResNet50 and the explanatory features of Grad-CAM visualizations. In other words, this
paper develops a model that can accurately identify agricultural pests while also highlighting
those areas in an image that were used to identify the pest. This will create trust and also help
provide intervention steps [6] [2]. The significant contributions involved related to the
development of a very effective classification model that is based on ResNet50, which, when
compared to the previously described traditional methods, its performance is superior.
Additionally, Grad-CAM s integrated to allow a transparent approach to explain a specific
classification decision at the pixel level for operators. Along with our explainable model
highlighted by Grad-CAM, a curated dataset of high-density pixel images was also developed
to train and fine-tune the agricultural pest detection model. This dataset will ensure the models



work robustly in agricultural agriculture in real-world settings [22]. Due to the previously
described explanation of model development, . The combined facets of using an explainable
model utilizing deep learning methods begin to address the challenge of applicability and
provide precision agriculture deployment in real time [2]. The model structure also focuses on
the placement of these models on an edge device to monitor pest detection and removal in real
time in agricultural fields [40]. The study likewise plans to connect machine learning methods
to pest biology to improve pest identification and inferences [40]. In this regard, it improves
transparency and trust among farmers and agricultural specialists [2]. This improves the better
allocation of resources, reduces risk to the environment through careful application of
chemicals, and helps handle the labor shortages faced in agriculture [23]. The ability to
evaluate crop conditions in real-time with such a system, specifically when coupled with
autonomous drones and rovers, significantly enhances the ability to monitor crop health and
productivity [8]. This framework also advances sustainable agriculture by allowing timely and
precise action against insect infestation, reducing crop loss, and minimizing pesticide
application. This work emphasizes the need to incorporate real-time explainable Al, such as
Grad-CAM, directly onto edge devices enabling localized in-field monitoring while
minimizing latency and bandwidth costs facilitating fast assessment of crops for signs of
disease or pest infestation [8]. The proposed framework links artificial intelligence to human
comprehension in a way that increases confidence in the result while generating an
interpretable heatmap [8].

2 Related Work

Prior studies have thoroughly investigated the utility of machine learning and deep learning
methods for pest detection in agriculture, often concentrating on maximizing accuracy and
speed [53]. Several studies have applied convolutional neural networks for pest identification
based on images of pests, and have indicated that convolutional neural networks can learn
complex characteristics from the image data itself [8] [21]. This type of study also relies on
supervised learning, meaning that training occurs under controlled conditions using labeled
datasets of pest images taught to classify observations as several different pest species or
indicate that some infestation has occurred [4]. A significant issue in many of these past
studies has been the obscurity of the model’s decision-making process, which presents a
“black box” problem that prevents users from trusting or adopting the model. In recent studies,
researchers have attempted to remedy this issue by using Explainable Al techniques such as
Grad-CAM, allowing for visual explanations of model predictions, which improves
interpretability and reliability [8] [22]. For example, in the study telling the classification of
grape leaf disease, real-time Grad-CAM visualization was generated on edge devices to
improve utility and interpretability of their models in agricultural settings [8]. The methods
described allow the most important areas in image inputs contributing to a model's
classification decision to be visualized, providing useful information for an agricultural expert
[8]. This process improves understanding of how a model makes decisions and allows for
more efficient actions by identifying more specific areas of interest [8]. Researchers have also
tested more sophisticated neural architectures, i.e. 3D-CNNs, on hyperspectral data, obtaining
excellent accuracies in classifying disease, though this comes at the cost of increased
computational load thus limiting deployment to real time inference on edge devices [8]. If the
computational load is not addressed, we are still left with the dilemma of developing efficient
and complex deep learning techniques that are still understandable, especially when we



narrow the discussion to farming where resources are likely limited. While growing more
refined methods exist, many solutions still suffer from inferring time delays or inaccuracies,
contributing to the need for high accuracy and efficiency required for a large scale deployment
in agriculture [8].

2.1 Previous Studies on Pest Detection Using ML/DL

The first initiatives of this type involved extracting feature vectors related to pest images and
then classifying them using machine learning methods [41]. Traditional machine learning
models relied on handcrafted features, requiring expert domain knowledge, and would often
fail to take into account the variability inherent in agricultural images [42]. However, deep
learning, specifically Convolutional Neural Networks, alleviated these issues by enabling the
automated extraction of image features and hierarchical learning of representations from the
raw images [56]. As a result of this change in approach, newly developed models have
presented improved accuracy and robustness, enabling a model to identify and learn patterns
that signal pest presence or parcel severity without the necessity for engineering features [15].
The difficulties of leveraging imperfect datasets that include unknown classes and annotation
mistakes are ongoing complexities for real-world agricultural contextually aware
developments, and we still need dependable approaches at hand [6]. Models of deep learning
have recently targeted developments in the detection of pests that are small, localized patches
with varying behavior, species, and regions, for instance [6]. This critical advancement aims to
stymie the commonly mild advantages of image processing approaches that are not versatile
and often inadequate to deal with complex menagerie of scenarios in crop pest detection
settings [6].

2.2 Use of CNNs and Transfer Learning in Agriculture

By automatically extracting features, CNNs have the ability to advance created image
processing frameworks that relied on manually curated or designed feature sets that may lose
robustness when exposure to changing and varied environments and pest indicators [5].
Additionally, using transfer learning and pre-trained CNN model, have found a particular fit in
the field of agriculture when enormous labeled datasets are often not available [6]. It
minimizes the necessity to create extensive and labeled domain-specific datasets, and applies
through the knowledge gained from large general image datasets to the specific agricultural
task [7]. With the ability to fine-tune models such as ResNet or Inception, which are trained
on millions of images, the ability to reach high accuracy in domain-specific classification
tasks is possible, even in situations of limited datasets [6], while also minimizing time, effort,
and cost of data collection and annotation [3] [9]. Transfer learning has also been employed
and achieved notable success on pest detection tasks yielding high classification accuracies of
different insect species and even plant diseases [5]. For example, research has indicated that
with transfer-type learning, models such as ResNet152V2 can achieve high levels of
reliability, sometimes over 97%, for the classification of a variety of insect pests,
demonstrating the suitability of this approach for on-the-farm agricultural work [10]. Also, the
deep learning models (in particular, transfer learning models) have been helpful for small
(perhaps insects) detection problems using agricultural images [10].

2.3 Explainable Al Applications in Pest Monitoring



As deep learning models are used more and more in critical agricultural decision-making, the
need for Explainable Al techniques is also increasing to ensure trust and adoption of these
more complex systems for farmers and agronomists [1]. Explainable Al methods further
enhance the transparency of the decisions made by complex neural networks by expounding
upon the reasons for a specific prediction such as pest classification or detection, thereby
increasing user confidence, and furthering understanding of model bias or error [1]. A
prominent XAl method, Grad-CAM, visualizes the components of an input image that had the
greatest influence on a CNN’s prediction, and provides important information about what the
model was "looking at™ or "focusing on," when making a specific classification.lbidG-CA is
particularly relevant for agricultural applications because knowing which visual features (i.e.,
body segmentation, color patterns, etc.) an input image had directed the model to validate
reliability or trust in the classification functional approach and acceptability [1]. XAl can
therefore help to define relationships between complex Al predictions to create more useful
and actionable agricultural information as well as foster trust with users which breeds
confidence in their use of deep learning technologies in smart farming practices [1] [2].
Traditional deep learning models generally do not provide transparency to users and thus
create problems of understanding mechanisms. As such, specific XAl methods have been
developed to provide explanations for these complex decisions [3] [4]. Better interpretability
is important for situations such as pest identification where the rationale for a classification
decision is important for the user to make subsequent decisions about the next actions and the
reliability of the automation system [5]. As a features illustration, Grad-CAM is an XAl
method that is useful in creating visual explanations. In particular, Grad-CAM generates
heatmaps that highlight the most salient regions of an image used to create a model's
prediction, which is informative feedback [6].

3 Materials and Methods
3.1 Dataset Description

The data for this research was sourced from the publicly available Kaggle Agricultural Pest
Dataset, which contains images of twelve common pest species that affect crops. The
categories included ants, bees, beetles, caterpillars, earthworms, earwigs, grasshoppers, moths,
slugs, snails, wasps, and weevils. Each category had different numbers of images indicating
some class imbalance. The data for the purposes of modeling and analyzing were split into
three sets: a training set (70%), a validation set (20%), and a test set (10%).

3.2 Data Preprocessing

Multiple preprocessing techniques were performed to standardize and increase the dataset
before training. All images in the dataset were resized to 224 x 224 x 3 pixels to match the
input dimensionality of the ResNet50 architecture. The image pixel values were normalized to
the [0, 1] range and then standardized using channel-wise ImageNet means and standard
deviations to maintain the pre-trained network weights. Data augmentation was performed to
improve generalizability and reduce overfitting by applying horizontal flipping, random
rotation, zooming, and adjusting brightness.

3.3 Model Architecture



The classification model was developed using the ResNet50 architecture, a deep convolutional
neural network designed with fifty layers and residual connections to combat the vanishing
gradient problem inherent in very deep networks. A transfer learning approach was employed;
the base ResNet-50 model, pretrained on the ImageNet dataset, served as a feature extractor.
The final fully connected layers were replaced with a new classifier constructed from a global
average pooling (GAP) layer, connected to a fully connected dense layer with dropout
regularization, and a softmax output layer with twelve neurons, corresponding to the twelve
pest categories.

3.4 Training Configuration

The models were trained in a GPU environment. The optimizer used was Adam with an initial
learning rate of 0.001 with a learning rate decay schedule for convergence stabilization. The
models underwent training with a batch size of 32 and were trained for five epochs, utilizing
early stopping criteria based on validation loss to prevent overfitting. A categorical cross-
entropy loss function was the loss function of choice for optimizing the models, given the
dislike for the problem type of multi-class classification.

3.5 Evaluation Metrics

To evaluate the model's performance, several measures were used. Both training and
validation accuracy and loss were noted periodically throughout each epoch to visualize
convergence trends. A confusion matrix was developed to present class-wise visualization of
prediction performance. Finally, to measure the model's discriminative ability per pest class,
standard classification metrics were evaluated with a particular emphasis on precision, recall,
and F1-score.

3.6 Explainability with GRAD CAM

To address the "black-box" challenge of deep learning models and enhance interpretability, a
method called Gradient-weighted Class Activation Mapping (Grad-CAM) was incorporated
into the pipeline. Grad-CAM determines the gradients of the predicted class with respect to the
activations of the last convolutional layers and generates heatmaps identifying the most
important areas used by the model to make its predictions specifically, Grad-CAM
visualizations determined that insect wings, antennae, and body morphology all had biological
meaning and were used by the model to make its predictions, enhancing the confidence in
reliability for predictions and showing end-users what the model used for predictions in
agricultural contexts.

4. Result and Analysis
4.1 Training and Validation Performance

The training loss curve exhibits a gradual decline at the beginning, followed by a steep
increase around the third epoch, and then stabilizes. From the accuracy curves, we observe
that our model achieves nearly 99% accuracy, indicating that it is well-trained on the training
samples and exhibits strong learning capabilities. However, validation accuracy plateaus at
around 88-90%, indicating a slight overfit. The gap indicates that additional regularisation, or
more training data, would be helpful for generalising. The accuracy and loss curve using
ResNet50 has been shown in figure 1.
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Fig. 1. Accuracy and Loss Curve using ResNet50

4.2 Confusion Matrix Analysis

The confusion matrix indicates that most pest classes are classified with high accuracy. For
example, ants (97 correct), bees (96), snails (115), wasps (103), and weevils (99) are all
excellent recognitions. However, there are some errors in the beetle, caterpillar, and slug
classes, and the model tends to confuse them with visually similar pest classes. These
confusions between classes may be due to the similarity in morphology among classes and the
relatively few training samples per class. The confusion matrix of classified classes has been
shown in figure 2.
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4.3 Explainability with GRAD CAM

The Grad-CAM heatmaps demonstrate that the ResNet50 model accurately focuses on the
important body parts of pests, such as the wings, antennae, or segmented bodies, during
classification. It enhances the understanding that the model's predictions are based on relevant
anatomical features rather than an arbitrary background, therefore improving explainability.
As Al-based applications in agriculture continue to evolve, it becomes increasingly important
to prioritize and support model explainability.Explainability using GRAD CAM has been
shown in figure 3.
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Fig. 3. Visual Predictions using GRAD CAM.

4.4 Overall Performance

We conclude that ResNet50 with Grad-CAM is an efficient DNN for pest classification with
close to perfect accuracy on multiple classes, whilst being interpretable. While there is some
performance difference between training and validation, the practical applicability of the
system for real-world implementation in smart farming and pest management systems has
been validated.

5. Discussion

Results show that the ResNet50 model, when used in transfer learning, is effective in
classifying agricultural pests. Training accuracy was just under 99%, and the validation
accuracy remained steady at approximately 88-90% of the training performance, which is a
notable gap that one might interpret as mild overfitting. The gap could be caused by the size of
the data and the inter-class similarities of some pests. For instance, misclassifications between
beetles, caterpillars, and slugs in the confusion matrix highlight the similarity in appearance
among these species.

However, the model excelled in some classes, such as snails, wasps, ants, and weevils, with
close to perfect classification. This means that ResNet50 performs particularly well when
differences in the morphological features are clearer. Moreover, integrating Grad-CAM was



beneficial for interpretability, evidencing that predictions made by the network occurred at
biologically reasonable regions (e.g., wings, antennae, segmented body) in images, and not
entirely random noise in the background.

In relation to earlier studies that primarily addressed pest classification through conventional
image processing techniques or weakly supervised learning models, the proposed approach
yields proportionately better performance and robustness. However, there are still hurdles to
address: data imbalance, generalisation to field conditions, and how lighting, occlusion, and
variability in pest populations may affect performance for recognition.

6. Conclusion and Future Work

This research presents a framework for classifying agricultural pests that employs a deep
learning approach utilizing the ResNet50 architecture and explainability techniques, including
Grad-CAM. The Grad-CAM approach not only provided a transparent methodology but also
further supported the biological relevance of the features observed in the network, thereby
increasing the trustworthiness of a practical agricultural approach.

The findings of this work suggest that deep convolutional networks, particularly those with a
residual architecture, hold significant potential for automated pest identification. Automated
systems can reduce reliance on manual inspection for identification, enabling timely detection
and intervention, thereby increasing crop productivity and reducing crop loss.

Although the framework outlined in this paper delivered helpful performance, several ways
for improvement will be possible. First, increasing the dataset to represent more pest species
and pest images taken across a wider range of diverse real-world environmental
conditions/contexts (e.g., variation in lighting, presence of occlusions, and presence of
complex or natural crop backgrounds) will improve the overall model's generalizability.
Second, augmenting the diversity of pest images in the dataset and improving class imbalance
problems through synthetic image generation (e.g., using GANS) or cost-sensitive learning
strategies will further increase accuracy, especially for pest classes with a limited number of
images. Third, by employing lightweight neural architectures (e.g., MobileNet or EfficientNet-
lite) for model optimization, resource-constrained devices (e.g., mobile devices) can be
directly engaged in the field for real-time, in-situ pest monitoring. In addition, the model or
system could be integrated with Internet of Things (10T) sensors, mobile devices, and/or small
uncrewed aerial vehicles (UAVs) to increase the scale of automated monitoring for pest
identification capabilities across large acreages. Fourth, we recommend further applying
complementary explainability techniques, such as LIME or SHAP, in addition to Grad-CAM,
to develop a deeper understanding of how the model interprets/classifies pest images, thereby
informing users about how they can trust it. The proposed avenues above could collectively
enhance the framework's current functionality into a scalable, practical solution suitable for
smart agriculture and precision pest management applications.
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