agronomy

Article

Interpretable Deep Learning for Varroa Mite Detection: Integrating
Deblurring, Morphology-Preserving Preprocessing, and
Explainability Analysis

Hong-Gu Lee 107, Jeong-Yong Shin 12, Woon-Tak Han !, Su-Bae Kim 2, Min-Jee Kim 3, Giyoung Kim 3

and Changyeun Mo 4*

W) Check for updates

Academic Editors: Jayme Garcia

Arnal Barbedo and Marco Fontanelli

Received: 3 March 2026

Revised: 24 June 2026

Accepted: 29 June 2026

Published: 5 July 2026

Copyright: © 2026 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license.

Interdisciplinary Program in Smart Agriculture, College of Agriculture and Life Sciences, Kangwon National
University, Chuncheon-si 24341, Republic of Korea; hgl@kangwon.ac kr (H.-G.L.);

kvhffh@kangwon.ac.kr (J.-Y.S.); wthan_01@kangwon.ac.kr (W.-T.H.)

Department of Agricultural Biology, National Institute of Agricultural Sciences,

Wanju 55365, Republic of Korea; subaekim@korea.kr

Department of Agricultural Engineering, National Institute of Agricultural Sciences,

Jeonju 54875, Republic of Korea; mjkim618@korea.kr (M.-].K.); giyoungkim@hotmail.com (G.K.)
Department of Biosystems Engineering, College of Agriculture and Life Sciences, Kangwon National
University, Chuncheon 24341, Republic of Korea

*  Correspondence: cymohl00@kangwon.ac.kr; Tel.: +82-33-250-6494

Abstract

Varroa destructor is the most devastating ectoparasite of Apis mellifera, and early detec-
tion is critical for colony survival. This study systematically investigated how image
preprocessing, model architecture, and feature map resolution jointly affect classifica-
tion accuracy and Grad-CAM++ explainability in deep-learning-based Varroa detection.
From comb-surface images of 20 A. mellifera colonies, 3400 region-of-interest images
were processed through 12 preprocessing pipelines combining deblurring, histogram nor-
malization, morphology-preserving resizing, and non-morphological resizing. Nineteen
CNN architectures, including VarroaNet — a custom lightweight model with configurable
channel attention — were screened across all pipelines, and the top six further evalu-
ated at four feature-map resolutions (7 x 7 to 56 x 56); the two stages together com-
prised 1,548 classification training runs across 516 configurations. Resizing consistently
improved classification accuracy, whereas histogram normalization degraded it. VarroaNet
(r = 8) achieved the highest mean accuracy across configurations (97.28%) with the low-
est cross-configuration variability (CV = 1.47%). The 28 x 28 resolution was jointly op-
timal for classification and localization at minimal computational overhead, whereas
56 x 56 degraded performance. Notably, classification accuracy and localization qual-
ity did not always coincide—the highest-accuracy configuration (ShuffleNet-V2-x1.0 at
14 x 14, 97.34%) achieved an IoU@30 of only 0.160, underscoring the need for explicit local-
ization evaluation. Morphology-preserving resizing achieved higher localization efficiency
with zero morphological distortion. The recommended configuration—VarroaNet (r = 8) at
28 x 28 with deblurred MR preprocessing—achieved the highest localization performance
(Pointing Game = 0.927), indicating correct attention to the mite region in 92.7% of infested
test images.

Keywords: Varroa destructor; Apis mellifera; convolutional neural network; Grad-CAM,;
precision apiculture
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1. Introduction

The beekeeping industry is a vital sector, crucial not only for producing honey, pollen,
and beeswax but also for pollinating agricultural crops [1]. However, it faces signifi-
cant threats, among which the parasitic mite Varroa destructor is particularly damaging,
disrupting the normal development of adult bees, pupae, and larvae, and contributing
substantially to colony collapse and declining bee populations [2-6]. Current diagnos-
tic methods for Varroa mite infestation include visual inspection, the sugar roll method,
and bottom board examinations. These methods are subject to the inherent limitation of
requiring direct counting of Varroa mites after their acquisition from the beehive. Fur-
thermore, because the entire procedure is executed manually, it is susceptible to human-
induced variability. Specifically, visual identification is challenging, owing to the small size
(1.6 x 1.1 mm) of the mite and its reddish-brown protective coloration, which blends in with
the bees [7,8]. Furthermore, the difficulty of real-time monitoring often leads to a reliance
on scheduled acaricide applications for control, which can promote acaricide resistance in
Varroa populations and lead to chemical residues in hive products [9]. Although synthetic
acaricides are effective against mites, their adverse effects on honey bees have made organic
treatments the preferred alternative. This trade-off highlights the importance of early,
targeted detection strategies that minimize the need for broad chemical interventions [10].
Therefore, developing rapid, early diagnostic technologies is crucial for controlling Varroa
mites at the initial stage of infestation, thereby minimizing acaricide use.

Recently, research in the beekeeping industry has increasingly focused on the dig-
italization of hive data and the introduction of automation technologies. For instance,
studies have explored the use of internet-of-things-based systems for real-time collection
and analysis of apicultural data [11]. Among these advancements, the development of
technologies for bee health monitoring and disease diagnosis using computer vision and ar-
tificial intelligence (AI) has gained significant attention. In particular, deep-learning-based
identification of Varroa destructor has gained prominence, with proposed techniques primar-
ily utilizing convolutional neural network (CNN) and You Only Look Once (YOLO) models.
While some studies have used CNN architectures to classify general beekeeping objects,
such as eggs, larvae, and pupae [12,13], others have focused specifically on Varroa mite
identification. For example, one study applying a CNN-based model reported an accuracy
of 89.5% on original images, which improved to 99.99% after a 100-fold data augmenta-
tion [14]. In the domain of object detection, an F1-score of 97.01% has been achieved by
combining a YOLO model with a background removal network [15]; another YOLO-based
model demonstrated a 95% F1-score for simultaneously identifying bees, pollen, and Varroa
mites within hives [16]. Furthermore, a study utilizing a CNN with a feature pyramid
network (FPN) reported a mean average precision (mAP) of 90.73% for recognizing mites
on bottom board inspection sheets [17]. More recent work has applied Al-enhanced image
preprocessing to small-object mite detection [18]. In parallel, lightweight architectures and
explainable Al for plant and pest detection have been comprehensively reviewed [19,20].
However, previous studies have several key limitations. Although CNN-based models
have demonstrated high accuracy, they often lack validation to ensure that the predictions
made by the model are based on the actual morphological features of the mites rather than
on confounding background cues. Furthermore, many models are trained on image data
collected against simple, uniform backgrounds, which may limit their applicability and
robustness in complex, real-world beekeeping environments.

To enhance the real-world applicability of these AI models, the specific image regions
that guide their predictions need to be evaluated. This has led to research into algorithms
that analyze the regions where a model concentrates its computational weight, such as
on the object, its boundaries, or the background. In particular, techniques such as class
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activation mapping (CAM) and gradient-weighted class activation mapping (Grad-CAM)
serve as powerful tools for visualizing the key regions that a neural network focuses on to
detect an object during inference [21,22]. Such methods improve a model’s explainability,
enabling verification that decisions are based on relevant patterns. For instance, a study
on grape leaf disease used Grad-CAM to confirm that a CNN model was indeed focusing
on lesion areas to make its diagnosis [23]. Therefore, weight visualization algorithms
enable validation that an Al model focuses on the actual object of interest rather than
spurious background information, which is a crucial step in enhancing its practical utility
and reliability [19]. However, while such qualitative observations offer initial insights,
they often lack the empirical rigor required for objective benchmarking. The present study
addresses this limitation by shifting the focus toward a systematic quantitative analysis,
thereby providing a reproducible framework for evaluating model explainability and
classification fidelity.

The necessity for rigorous validation is underscored by the practical challenges of
Varroa mite management, which extend far beyond simple recognition accuracy. The short
life cycle of Varroa mites means that suboptimal control strategies can quickly lead to
acaricide misuse and the development of resistance [24,25]. Critically, misidentifications
by an Al model can have severe consequences. False positives may lead to unnecessary
chemical treatments that harm a colony’s health, while false negatives can result in delayed
responses that risk the loss of the entire colony. This context emphasizes the necessity
of developing highly reliable AI models for accurate Varroa mite identification and of
rigorously validating their practical applicability, for which both advanced Al architectures
and interpretability techniques like Grad-CAM are essential.

Images from beekeeping environments are inherently challenging, as they involve
fast-moving living organisms whose sudden movements can degrade image quality, even
under fixed measurement setups. In agriculture, deblurring algorithms have been success-
fully used to correct for such motion-induced degradation. Deep-learning-based deblurring
techniques, in particular, have demonstrated superior restoration performance over tra-
ditional methods in precision agriculture, with studies successfully applying algorithms
such as the scale recurrent network, Deep-Deblur, and DeblurGAN-v2 to improve fruit
detection in grape imagery [26,27]. In the beekeeping domain, the motion blur from the
rapid movements of bees, combined with the small size of the target mites, renders accurate
identification particularly difficult even in otherwise clear images. However, research
applying deblurring technologies to address this specific issue remains limited. This study
aimed to improve the quality of bee and mite imagery through the application of deblur-
ring. Therefore, this study aimed to develop and validate CNN-based models capable
of distinguishing between normal bees and those infested with Varroa mites, using bee
comb images acquired in real beekeeping environments. Twelve preprocessing pipelines
were constructed under a 2 x 2 x 3 factorial design combining deblurring, histogram
normalization, and resizing (none, non-morphological resize, or morphology-preserving
resize), enabling the marginal and interaction effects of each factor to be isolated. Nineteen
architectures of varying parameter scale and structural design—including CNNs (ResNet,
MobileNetV2/V3, EfficientNetB0, ShuffleNetV2, RegNetY-400MF), a Transformer-based
model (Swin Transformer), and a custom lightweight network with configurable channel
attention, VarroaNet (r = 4, 8, 16)—were first screened across all twelve pipelines, and the
top-performing entries were then re-evaluated across four feature map resolutions (7 x 7 to
56 x 56) to examine how spatial granularity interacts with architecture and preprocessing
choice. Grad-CAM++ was further applied to assess whether classification-optimal configu-
rations also attended to the actual mite region. Across all stages, a total of 1548 training
runs were systematically compared to identify the optimal combination of preprocessing,
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architecture, resolution, and attention strength for reliable and interpretable Varroa mite
identification. An overview of the proposed framework is shown in Figure 1.
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Figure 1. Overall schematic of the study framework, encompassing image acquisition, preprocessing
pipeline construction, deep learning model development, classification, and explainability evaluation.

2. Materials and Methods
2.1. Image Acquisition and Dataset Construction

Images of normal bees and bees infested with Varroa mites were collected to construct
a dataset for deep learning model development. Image data were collected at apiaries in
Chuncheon, Gangwon-do, and at the National Institute of Agricultural Sciences in Wanju-
gun, Jeollabuk-do, Republic of Korea, encompassing a total of 20 hives. The bee species
used in this study was the Western honey bee (Apis mellifera).

Images were acquired using a Blackfly S GigE camera (BlackflySGigE, FLIR, Wilsonville,
OR, USA) at a spatial resolution of 2048 x 1536 pixels and a working distance of approxi-
mately 300 mm. Image acquisition was performed in a shaded outdoor environment to
maintain relatively consistent lighting conditions and to avoid specular reflections on the
comb surface.

In a typical apiary environment, the population of Varroa mites is significantly smaller
than that of bees. To construct a balanced dataset essential for training a robust classification
model, frames containing mite-infested bees were selectively sampled from the total footage
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acquired. To enhance model generalization and prevent temporal correlations, images from
consecutive frames were discarded. The dataset was also curated by excluding severely
blurred or out-of-focus images that did not permit reliable visual inspection. Although
bee posture and angle were disregarded, only images in which both the bees and attached
mites were clearly visible on the comb surface were retained in the final dataset to ensure

relevance to real-world conditions (Figure 2). From these curated images, regions of interest
(ROIs) were later extracted as described in Section 2.2, resulting in a total of 3400 bee ROI
images (1700 normal and 1700 Varroa-infested).

Figure 2. Honey bee (Apis mellifera) parasitized by Varroa destructor on comb surfaces. Red circles
indicate mite attachment locations on the thorax and abdomen.

2.2. ROI Generation and Preprocessing Design

For deep-learning-based model training, ROIs corresponding to normal bees and
Varroa-infested bees were designated and extracted using the OpenCYV library in Python
(version 3.11). From the curated images, a total of 3400 ROI images were obtained, compris-
ing 1700 normal and 1700 Varroa-infested bee images. Although all images were acquired
at an identical shooting distance, ROI image sizes varied due to differences in bee posture
and angle (Figure 3). Additionally, images captured in actual beekeeping environments
showed diverse image quality caused by sunlight changes, weather, and individual hive
characteristics. Image preprocessing was therefore applied to mitigate these effects and
render the images suitable for deep learning computation.

Figure 3. Representative ROI images extracted from comb-surface frames. Variations in ROI dimen-

sions reflect differences in bee posture during image acquisition.

2.2.1. Image Resizing, Normalization, and Deblurring Methods

All extracted ROI images were resized to a uniform dimension of 224 x 224 pixels
to meet the input requirements of the deep learning models. Two resizing methods were
defined in this study: morphology-preserving resizing and non-morphology-preserving
resizing. Morphology-preserving resizing involved scaling each image while maintaining
its original aspect ratio until one dimension reached 224 pixels, after which padding was
applied to the other dimension to fill the remaining space. Histogram normalization was
implemented as per-channel min—-max linear stretching, in which each RGB channel was
independently rescaled for each image to fully occupy the [0, 255] dynamic range, thereby
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standardizing exposure across images while preserving the within-channel intensity order-
ing. In contrast, non-morphology-preserving resizing directly stretched or compressed the
image to fit the 224 x 224 frame, without preserving the original proportions. Numerical
instabilities during preprocessing, such as arithmetic overflow from enhancement algo-
rithms, division-by-zero errors in histogram-based adjustments, and information loss from
interpolation artifacts during resizing operations, were mitigated by consistently clipping
pixel intensities to the range of 0-255 following each computational step.

Several deblurring algorithms were considered for motion blur correction, includ-
ing the Wiener filter, deep-learning-based methods (MPRNet, DMPHN), and generative
adversarial network (GAN)-based approaches (DeblurGAN, DualGAN). Among tradi-
tional methods, the Wiener filter optimizes the signal-to-noise ratio and provides effective
linear correction for simple image structures [28]. However, this approach was found to
be inadequate for beekeeping imagery containing diverse features and relatively small
objects such as Varroa mites. Deep-learning-based approaches employ distinct architectural
strategies. MPRNet utilizes a progressive encoder-decoder architecture that efficiently
leverages stage-wise features [29]. DMPHN processes images through patch-based division
for localized blur removal [30]; however, this approach is unsuitable for small-sized images
due to computational limitations. In contrast, GAN-based methods (DeblurGAN, Dual-
GAN) generate reconstructed sharp images rather than performing direct correction [31,32].
This generative approach may introduce artifacts that deviate from original measured data,
potentially compromising field applicability for precise imaging requirements. Therefore,
MPRNet was selected for its capability to process complete image data without dimensional
constraints while maintaining fidelity to original measurements.

2.2.2. Dataset Configuration

To systematically evaluate the individual and combined effects of preprocess-
ing techniques, twelve distinct datasets were constructed by combining two resiz-
ing methods—morphology-preserving resizing (MR) and non-morphological resizing
(NR)—with histogram normalization and deblurring processes. This design enabled the
assessment of the contribution of each preprocessing method and their combined effects
(Table 1). For the binary classification task, images were labeled as “1” for normal bees and
“0” for Varroa-infested bees. The 3400 images were used for model development under
the cross-validation and data-partitioning protocol detailed in Section 2.6, with stratified
sampling applied throughout to preserve class balance between the two classes.

Table 1. Image processing methods applied to each dataset.

Dataset Image Processing Methods
Dataset 1 Original
Dataset 2 Normalization
Dataset 3 Non-morphological resize (224 x 224)
Dataset 4 Morphology-preserving resize (224 x 224)
Dataset 5 Normalization, non-morphological resize (224 x 224)
Dataset 6 Normalization, morphology-preserving resize (224 x 224)
Dataset 7 Deblurring

Dataset 8 Deblurring, normalization

Dataset 9 Deblurring, non-morphological resize (224 x 224)
Dataset 10 Deblurring, morphology-preserving resize (224 x 224)
Dataset 11 Deblurring, normalization, non-morphological resize (224 x 224)
Dataset 12 Deblurring, normalization, morphology-preserving resize (224 x 224)
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2.3. Image Quality Assessment Methods

The effects of deblurring and histogram normalization on image quality were eval-
uated using two commonly employed full-reference metrics: peak signal-to-noise ratio
(PSNR) and multi-scale structural similarity index measure (MS-SSIM) [33,34]. Additionally,
changes in intensity distribution by image processing were visualized through histograms
to qualitatively assess the effects of normalization.

The PSNR quantifies the error between processed and original images on a logarithmic
scale, calculated according to Equation (1). MAX represents the maximum possible pixel
value (255 for 8 bit images), and MSE denotes the mean squared error between original and
deblurred images. The variables m and n correspond to the vertical and horizontal pixel
dimensions, respectively, where I(i, j) and K(i, j) represent pixel values in the original and
deblurred images, respectively. PSNR values are expressed in decibels (dB), with higher
values indicating superior restoration fidelity to the original image.

PSNR = 10-logo (MAXZ/MSE) )

MSE = (1/(m x m) Y1y Y0 (1) = K(i, )

The MS-SSIM is a multi-scale extension of the structural similarity index that was
developed to overcome the limitations of single-scale SSIM analysis [34]. Reflecting char-
acteristics of the human visual system, which perceives images at various resolutions,
the MS-SSIM evaluates structural similarity at five different scales. Images are iteratively
downsampled at each scale to enable hierarchical analysis from fine details to overall
structure. Calculated as shown in Equation (2), it combines luminance (I), contrast (c),
and structure (s) components at each scale through weighted products. M represents the
number of scales (=5), l,u(x, y) is the luminance comparison function at the highest scale,
and ¢j(x, y) and s;(x, y) are, respectively, contrast and structure comparison functions at
scale j. The per-scale exponents were assigned according to the weighting scheme proposed
in a previous study, using the five-scale weight vector [0.0448, 0.2856, 0.3001, 0.2363, 0.1333]
for scales j = 1-5, respectively [34]. These specific weights were experimentally optimized
to mimic the varying sensitivity of the human visual system (HVS) to different spatial
frequency bands, assigning the highest emphasis to intermediate scales, which aligns with
the commonly accepted best practice for general image quality assessment.

M ) )
MS-SSIM(x, y) = [Im(x,y)]*M Hj:1 [cj(x,y)]ﬁ/ [sj(x,y)]% )
2pepy + Co
I(x,y) = —dxby 721
2000y + G
exy) = o2 +0,2+C
Oxy + G
s(x,y) = —L——
(x,y) 720y 7 Cs

Differences in the PSNR and MS-SSIM between normal and mite-infested bee images
were assessed using Welch’s t-test, which accommodates potentially unequal variances
between the two independent groups.

Image quality grade criteria were defined based on prior research benchmarks. Pre-
vious studies have reported PSNRs ranging from 26.10 to 32.74 dB and MS-SSIM values
between 0.7076 and 0.9066 for the general BSD100 dataset. For the more complex Urban100
dataset, maximum values of 35.09 dB and 0.9505 were recorded [35-37]. Based on these
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image quality research results, the image quality evaluation criteria were established, as
shown in Table 2.

Table 2. Image quality assessment criteria based on PSNR and MS-SSIM metrics.

PSNR SSIM

Normal <26 <0.70
Good 26-30 0.70-0.85
Very Good 30-35 0.85-0.95

Excellent >35 >0.95

2.4. Candidate Architectures and the VarroaNet Design

The VarroaNet architecture was introduced as a ShuffleNet-V2-derived variant, specif-
ically configured to evaluate the synergy between channel attention intensity and spa-
tial resolution within a constrained parameter budget (Figure 4). The model augments
the ShuffleNet-V2 backbone with squeeze-and-excitation (SE) modules and a dedicated
classification head, and the SE reduction ratio (r € {4, 8, 16}) is treated as the sole vary-
ing factor. This design isolates the effect of channel-recalibration intensity on classifi-
cation accuracy and Grad-CAM++ localization fidelity, while keeping all other archi-
tectural components—depth, width, channel-shuffle topology, and pretrained-weight
initialization—identical across the three variants. The implementation is publicly available
at https://github.com/2nugu/Varroanet-high-res-2D-CNN- (accessed on 15 June 2026).

Stage 2 Convs Output
Input Conv1 | FC

28x28 4) 1 X7 { 77 Normal/
gzl iz 16ch 1024ch 1024>2 Infested

re{4,s, 16}

(b) Global
F FC g f [
CxHXW A(\:IE1P:10| C_CIr RelLU Sigmoid 1> ®—) CxHXW
SR

Figure 4. Schematic of the VarroaNet architecture. (a) Global network topology integrating sequential

(a)

processing stages with custom channel attention (CA) modules; the SE reduction ratio r is configurable
as 4, 8, or 16. (b) Internal structure of the CA module, illustrating the squeeze-and-excitation pathway
from Global Average Pooling through bottleneck fully connected layers to channel-wise feature
recalibration. In this schematic, distinct colors represent functional blocks and layers: light blue
denotes multi-dimensional input and output tensor states (F and F-prime), dark blue represents
standard convolutional and pooling processing stages (Convl, MaxPool, Stage 2-4, and Conv5),
orange highlights the custom channel attention modules, grey indicates the global average pooling
layer, green marks the final fully connected layer and output decision blocks, purple indicates
bottleneck fully connected layers with dimensionality reduction and expansion (C to C/r and C/r to
C), and yellow marks activation functions including ReLU and Sigmoid. Solid black arrows indicate
the sequential forward propagation of feature maps, while the dashed gray arrow in (b) represents the
identity shortcut delivering the original input feature map F for element-wise scaling via channel-wise
multiplication with the computed attention weights.

The main characteristics of each architecture are summarized as follows. AlexNet and
VGGL11 were selected as fundamental deep learning structures that extract features and
learn using matrix multiplication [38,39]. VGG11_bn improves training stability by adding
batch normalization to the VGGI1 structure. SqueezeNet was selected for its fire mod-
ule architecture with parameter optimization using 1 x 1 convolutions [40]. GoogLeNet
was employed for its inception modules that combine Hebbian principles and multi-scale
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processing to optimize computational cost and training efficiency [41]. The ResNet ar-
chitecture was utilized for its residual blocks with skip connections to solve the gradient
vanishing problem, with ResNet18 and ResNet50 selected based on parameter scale [42].
DenseNet121 was chosen for its ability to maximize feature reuse through dense block
architecture, improving computational efficiency [43]. MobileNet and ShuffleNet were
selected for their computational efficiency—the former employing depthwise separable
convolution [44] and the latter channel shuffle operations [45]. EfficientNet was employed
for its compound scaling methods to optimize the balance between model size and perfor-
mance [46]. MNASNet optimizes models through a reinforcement learning-based neural
architecture search [47]. RegNet improves the balance between computational efficiency
and accuracy by regularizing structural elements using design space approaches [48]. Fi-
nally, Swin Transformer-S improves computational efficiency and performance through
multi-head self-attention, shifted window-based Swin transformer blocks, and hierarchical
feature maps, setting it apart from conventional Vision Transformer structures [49]. Table 3
summarizes the number of parameters for each architecture and the corresponding feature
map resolution for XAl analysis.

Table 3. Architectural specifications of the 19 candidate convolutional neural networks evaluated.

Models Parameters (M) Base Feature Map Resolutions Attention
ResNet-50 23.5 7x7 None
ResNet-18 11.2 7x7 None

DenseNet-121 7.0 7x7 None
EfficientNet-B0 4.0 7x7 Built-in SE (r = 4)
MobileNetV2 2.2 7x7 None
MobileNetV3-Small 1.5 7 x7 Built-in SE (r = 4)
ShuffleNet-V2-x1.0 1.3 7 X7 None
ShuffleNet-V2-x0.5 0.3 7x7 None
GoogLeNet 5.6 7 x7 None
RegNet-Y-400MF 39 7 x7 None
MNASNet-1.0 3.1 7x7 None
SqueezeNet-1.0 0.7 13 x 13 None
AlexNet 57.0 6 X6 None
VGG-11 128.8 7x7 None
VGG-11-BN 128.8 7 x7 None
Swin-S 48.8 7 x7 Window Attention
VarroaNet (r = 4) 1.4 7x7 Custom SE
VarroaNet (r = 8) 1.3 7x7 Custom SE
VarroaNet (r = 16) 1.3 7 x7 Custom SE

The base feature map resolution inherent in many lightweight architectures was
identified as a potential constraint that could impede the distinction of fine-grained mor-
phological features of Varroa mites, especially considering that these targets typically occupy
only a minimal portion of the total image area. To address this anticipated limitation in
spatial granularity, a uniform stride modification strategy was applied to the selected
architectures. This approach, informed by established principles for preserving spatial
resolution without the introduction of additional parameters [50] and the management of
multi-scale representations [51], allowed the feature map dimensions to be systematically
expanded across four distinct levels: 7 x 7, 14 x 14, 28 x 28, and 56 x 56. By employing
this balanced factorial design, the specific effects of spatial resolution were successfully
isolated from other architectural confounding factors, such as network depth and channel
capacity. This design was intended to facilitate a direct quantification of how resolution
affects both diagnostic classification accuracy and Grad-CAM++ localization precision,
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thereby establishing a rigorous analytical framework to evaluate the trade-offs between
model performance and interpretability.

2.5. Model Training Configuration and Implementation Environment

To ensure robust evaluation and avoid performance estimates that depend on a partic-
ular data partition, classification performance was assessed using 3-fold stratified cross-
validation (random_state = 42) on the complete dataset of 3400 images. In each iteration,
two folds were used for training and the remaining fold for evaluation, and the reported
results correspond to the mean and standard deviation across the three folds. In con-
trast, for the Grad-CAM++ interpretability analysis, a model was trained on a single fixed
70%/20%/10% split, and the activation maps were generated on the held-out 10% test set
(Section 2.6).

The model was optimized using CrossEntropyLoss and the AdamW(lr = 0.01,
weight_decay = 0.01) optimizer, decoupling weight decay from the gradient updates
to enhance generalization performance [52]. A ReduceLROnPlateau scheduler (factor = 0.5,
patience = 3) was applied to adapt the learning rate during training. Models were trained
for up to 500 epochs with early stopping to mitigate overfitting. Training was terminated
when the monitored loss failed to improve by more than 0.0005 (min_delta) for 12 con-
secutive epochs (patience = 12); the monitored loss was computed on the held-out fold
during cross-validation and on the validation set in the fixed-split experiments. The batch
size was set to 32 for the 7 x 7, 14 x 14, and 28 x 28 input resolutions and to 8 for the
56 x 56 resolution.

The dataset constructed in this study contains only images measured on bee combs,
resulting in limited background information and potential overfitting risks due to insuf-
ficient data diversity. Transfer learning was applied to overcome these data limitations
and improve model generalization performance. Models were initialized using pretrained
weights from the ImageNet-1k dataset. Transfer learning utilizes these weights for training
on new datasets, offering the advantage of achieving high performance based on object
information learned from other image data [53,54]. The model development environment
was constructed using Python and PyTorch, with hardware and software specifications
shown in Table 4.

Table 4. Hardware and software environments for deep learning model development.

Parameters Specification
CPU AMD Ryzen 3960X 3.80 GHz
GPU Nvidia RTX 3090 (CUDA 12.6)
RAM 256 GB
Programming language Python 3.11
Deep learning library Pytorch-gpu (CUDA 12.6)

2.6. Experimental Design and Evaluation Framework

A total of 19 CNN architectures were evaluated across 12 preprocessing datasets
using 3-fold stratified cross-validation (K = 3, random_state = 42), totaling 684 indepen-
dent runs. The primary objectives were architecture ranking, statistical sensitivity anal-
ysis of preprocessing factors, and an ablation study on the VarroaNet SE reduction ratio
(r =4, 8, 16). Statistical significance was assessed using the Wilcoxon signed-rank test
and Cohen’s d effect size, while Kendall’s coefficient of concordance (W) evaluated model
ranking consistency across pipelines. Models with a grand mean accuracy below 80% were
classified as convergence failures and excluded from the preprocessing sensitivity analysis.

Following the initial screening, the six selected architectures were further evaluated
across four feature map resolutions (7 x 7,14 x 14, 28 x 28, and 56 x 56) and the 12 pre-
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processing datasets, yielding 288 architecture-resolution—preprocessing configurations.
Classification performance was assessed using 3-fold stratified cross-validation, resulting
in 864 training runs (288 configurations x 3 folds). This procedure enabled all images to
contribute to both training and evaluation while reducing dependence on any particular
dataset partition. Equivalence among the VarroaNet variants (r = 4, 8, and 16) was assessed
using the two one-sided test (TOST) procedure with equivalence margins of = 0.5 pp
and £1.0 pp.

Grad-CAM++ analysis was performed using a separate fixed-split protocol. Local-
ization metrics require that saliency maps be generated on images excluded from model
training and evaluated against a consistent set of manually annotated ground-truth bound-
ing boxes. Because cross-validation changes the held-out images across folds, it does
not provide a single fixed evaluation set for reproducible localization assessment. There-
fore, each of the 288 configurations was additionally trained using a fixed 70%/20%/10%
train/validation/test partition, and Grad-CAM++ maps and localization metrics were
computed exclusively on the held-out 10% test set (340 images; Section 2.7.2). The 20%
validation subset was used for early stopping during training. The same test set was
retained across all configurations to ensure that differences in localization performance
reflected model behavior rather than variation in evaluation images.

2.7. Evaluation Metrics

2.7.1. Classification Performance

Classification performance was evaluated principally by accuracy, with Fl-score re-
ported alongside as a complementary measure. Accuracy is defined as the ratio of correctly
classified samples to the total number of samples (Equation (3)). The F1-score is calculated
as the harmonic mean of precision (Equation (4)) and recall (Equation (5)), providing a
balanced assessment of both metrics (Equation (6)).

(TruePositive + TrueNegative)

A = 3

ccuracy (TrueNegative + FalsePositive + FalseNegative + TruePositive) ®)
TruePositive

Precision 4

recision (TruePositive + FalsePositive) @

Recall — TruePositive (5)

(TruePositive + FalseNegative)

F1 score — 2 x Precision x Recall ©)
" Precision + Recall

2.7.2. Grad-CAM++ Localization Quality

To verify that the trained models identified Varroa mites based on actual mite morphol-
ogy rather than spurious background correlations, Grad-CAM++ was applied to generate
class-specific heatmaps from the final convolutional layers [55]. Among the available XAI
techniques—including LIME, SHAP, and Score-CAM—Grad-CAM++ was selected for its
computational efficiency with high-resolution image data and its effectiveness in localizing
small, variably positioned targets through higher-order gradient information [56-58].

For qualitative evaluation, mite-infested samples representing diverse parasitism con-
ditions (thoracic, abdominal, and wing-obscured) were selected to assess whether activation
maps accurately highlighted mite locations with concentrated attention. For quantitative
evaluation, ground-truth bounding boxes were manually annotated for the 170 mite-
infested images comprising the held-out test set using normalized relative coordinates.
Because MR and NR produce different bounding box coverages on the 224 x 224 canvas,
coordinates were mathematically transformed per dataset variant—accounting for padding
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offsets and stretch scale factors—to ensure pixel-accurate metric computation free of geo-
metric bias. Heatmaps were bilinearly upsampled to 224 x 224 and normalized to [0, 1]
before evaluation.

The spatial fidelity of Grad-CAM++ heatmaps was characterized through four com-
plementary metrics (Table 5). IoU@T measured spatial overlap between the thresholded
activation region and the ground-truth bounding box at T = 0.50 and T = 0.30, with a relaxed
threshold adopted because mites occupied only 2-5% of the image area [59]. The Pointing
Game assessed whether the peak activation fell within the bounding box. Distance error
quantified the normalized Euclidean distance between the heatmap peak and the bounding
box centroid. Energy Inside measured the fraction of total heatmap energy within the
bounding box, penalizing models with dispersed attention.

Table 5. Definitions of localization metrics.

Metric Definition
Intersection-over-Union between thresholded CAM (>T)
IoU@T . .
and mite bounding box
Pointing Game 1 if CAM peak activation falls within the mite bounding
(PG) box, 0 otherwise

Distance Error Euclidean distance between CAM peak and bounding box

(norm.) centroid, normalized by image diagonal

. Fraction of total CAM energy within the mite

Energy Inside

bounding box

2.7.3. Statistical Analysis

To assess whether observed differences in classification accuracy and Grad-CAM++
localization metrics reflected genuine effects of preprocessing, architecture, and feature map
resolution rather than random variation, a series of non-parametric and parametric tests was
applied. Non-parametric methods were preferred because Shapiro-Wilk testing rejected
normality of paired difference distributions in several preprocessing comparisons, and
effect sizes were reported alongside p-values to convey practical magnitude independent
of sample size.

Pairwise contrasts of preprocessing factors (resize, normalization, deblurring) and
their interactions were evaluated using the Wilcoxon signed-rank test, with the magni-
tude of each effect quantified by Cohen’s d under conventional small/medium/large
thresholds (0.2/0.5/0.8). Multi-group comparisons across feature map resolutions and
pipeline rankings were conducted using the Kruskal-Wallis H test and the Friedman test,
respectively. The relative contribution of architecture, preprocessing, and resolution to
total performance variance was further decomposed using two- and three-way ANOVA
with n? as the variance-explained metric. Concordance of model rankings across prepro-
cessing pipelines was assessed using Kendall’s coefficient of concordance (W), and the
association between classification accuracy and localization fidelity was evaluated through
Spearman rank correlation. Equivalence between VarroaNet variants (r = 4, 8, 16) was
tested using the paired f-test in conjunction with the two one-sided tests (TOST) proce-
dure, with equivalence margins of 6 = 0.5 pp and £1.0 pp. Where multiple comparisons
were performed within the same family of hypotheses, p-values were adjusted using the
Holm-Bonferroni correction.

All analyses were conducted in Python 3.11 using scipy.stats, statsmodels, and pin-
gouin, with the significance level set at « = 0.05 (two-sided).
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3. Results
3.1. Qualitative Effects of Resizing, Deblurring, and Normalization

Deep learning computation typically requires input images to have uniform size. In
this study, image dimensions were standardized to 224 x 224 pixels, a size that aligns
with the input requirements of efficient deep learning architectures, such as MobileNet.
Figure 5 shows examples of two image resizing methods. Figure 5(1) shows resizing
without preserving bee and Varroa mite morphology, resulting in elongation or thickening
compared to the actual shapes. Figure 5(2) shows a method combining resizing and
padding to preserve bee and Varroa mite morphology. This method adjusted each image to
224 x 224 pixels while maintaining object morphological characteristics.

(d)

Figure 5. Resizing images via two different methods. (a—e): Images of honey bees infested with Varroa
mite: (1) non-morphological resizing, (2) morphology-preserving resizing.

Figure 6 shows the results of deblurring, normalization, and combinations of both
image processing techniques applied to Varroa-infested bee images. A comparison of
Figure 6(1) and Figure 6(2) indicates that MPRNet-based deblurring of resized images
removes overall blurriness and motion artifacts, thus improving texture and detailed
structures. Additionally, deblurring complemented unclear pixel information during up-
scaling of low-resolution regions of interest (Figure 6d). Figure 6(3) shows the results
of normalizing resized original images. Here, brightness and contrast were optimized,
improving color distribution of bees and Varroa mites. Visualization of yellow and black
stripe patterns appearing on bee abdomens was enhanced. Morphological distinction
between Varroa mites and host bees was facilitated by such color and pattern sharp-
ening. The combined application of deblurring and normalization resulted in qualita-
tive visual differences that may facilitate entomological classification and pathological
observation (Figure 6(4)).

3.2. Quantitative Image Quality Assessment

Table 6 summarizes the PSNR and MS-SSIM values for 3400 images of normal and
mite-infested bees after deblurring application. Average PSNR values were 34.05 (£3.55)
dB for bee images and 34.34 (+3.65) dB for mite-infested images. For the MS-SSIM, bee
images had an average of 0.9832 (£0.0116), while mite-infested images averaged 0.9866
(£0.0087). Statistical analysis confirmed significant differences between bee images and
mite-infested images for both PSNR and MS-SSIM metrics (p < 0.001). Particularly for
the MS-SSIM, mite-infested images showed MS-SSIM values that were 0.0034 higher than
those of normal bee images, indicating superior structural similarity. Both conditions
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demonstrated excellent performance according to the quality criteria established in Table 2,
with the PSNR corresponding to the Very Good grade (30-35 dB) and MS-SSIM to the
excellent grade (>0.95). Mite-infested images showed marginally higher PSNR and MS-
SSIM means and a lower MS-SSIM standard deviation than normal bee images.

Table 6. PSNR and MS-SSIM values for normal and Varroa-infested bee images following MPRNet-
based deblurring (mean = std). Differences between normal bee and mite-infested bee images were
tested using Welch’s t-test (independent two-sample, unequal variances); n = number of paired ROI
images per group.

Bee Mite-Infested Bee p-Value
PSNR (dB) 34.05 (+£3.55) 34.34 (£3.65) p <0.001
MS-SSIM 0.9832 (£0.0116) 0.9866 (£0.0087) p <0.0001
@ (2) 3) C)

Resized Normalization Deblurring +
Original Image Normalization From (3)

Figure 6. Processed images using resizing, deblurring, and normalization. (a-e) Images of
bees infested with Varroa mites, images after (1) morphology-preserving resizing, (2) deblurring,
(3) normalizing, (4) combining deblurring and normalizing.
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3.3. RGB Channel Analysis in Normal and Varroa Mite-Infested Bees

Further insight into spectral characteristics was obtained through RGB channel analy-
sis of normal and mite-infested bee images (Figure 7). In the raw images, the R channel,
which contains the principal chromatic information associated with the reddish-brown
coloration of Varroa mites, exhibited clear inter-class separation, with corresponding but
less pronounced differences observed in the G and B channels (Figure 7a). Mean channel
intensities of mite-infested images were higher than those of normal bee images in all three
channels, with differences of +1.08 (R), +1.33 (G), and +5.45 (B).

(a) Original (b) Normalization (<) Deblurring (d) Deblurring + Normalization

(1) Honeybee
Intensity

Red Green Blue Red Green Blue Red Green Blue Red Green Blue

(2) Honeybee infested with
Varroa mite
Intensity

e

EHEEEE

Red Green Blue Red Green Blue Green Blue Red Green Blue

Figure 7. RGB channel distribution analysis of normal honey bees and mite-infested honey bees across
different image processing methods: (1) honey bee, (2) honey bee infested with Varroa mites, (a) origi-
nal resized images, (b) normalized images, (c) deblurring images, and (d) combined deblurring and
normalized images.

Following histogram normalization, these discriminative spectral relationships were
substantially altered. The R-channel difference was reversed from +1.08 to —2.72, with the
mean intensity changing from 73.98 in normal images to 71.26 in mite-infested images. In
addition, the G-channel difference was reduced by 68% (1.33 to 0.42), and the B-channel
difference by 73% (5.45 to 1.49).

Normalization also increased within-image pixel variance across all channels
(R: +62%, G: +48%, B: +37%). This indicates that intensity redistribution expanded intra-
class variability while reducing inter-class separability. The combined inversion of the
R-channel contrast and compression of the G/B-channel differences likely contributed to
the reduced classification performance observed after normalization.

The destructive impact of normalization was further confirmed through the extraction
of mite-specific pixel distributions (Figure 8). Varroa mite pixel distributions were extracted
from the defined ROI regions (Figure 8a) using 335 Varroa-infested bee images selected for
their diverse infestation sites—including the abdomen, head, and thorax—and varying
degrees of wing occlusion. As shown in the localized histograms (Figure 8b), Varroa mites
natively possess lower overall intensity distributions, particularly in the R and G channels,
compared to the surrounding bee tissue. While normalization visually enhanced local
mite-to-background contrast in these regions, it simultaneously redistributed the global
histogram such that the whole-image inter-class variance was minimized. These findings
confirm that the R-channel information, vital for identifying the dark red mites, was the
most severely compromised by the global normalization process, leading to the instability
of classification features.
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Area of Varroa mite for
histogram analysis
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(2) Varroa mite

(d) Deblurring + Normalization
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Figure 8. RGB channel distribution analysis of mite across different image processing methods:

(1) mite-infested bee images (red box shows extracted area for histogram analysis); (2) histograms of
Varroa mites for (a) original images, (b) normalized images, (c) images after deblurring, and (d) images
after combined deblurring and normalizing.

3.4. Performance of CNN-Based Varroa Mite Identification Models
3.4.1. Overall Performance Across Architectures

Table 7 presents the comprehensive performance ranking of the 19 evaluated models
across all 12 dataset configurations and three folds (36 validation values per model). Non-
converging folds were treated as chance level (50%) and included in the grand mean.
Models were grouped into five performance clusters based on natural breaks in the accuracy
distribution. A comprehensive synthesis of the overall research findings is tabulated in
Supplementary Tables Sla and S2b.

Table 7. Classification performance of 19 CNN architectures across 12 preprocessing pipelines (1 = 36;
12 datasets x 3 folds per model). Per-dataset breakdowns of accuracy and F1 are provided in
Supplementary Tables Sla and S1b, respectively.

Models Accuracy (%) F1-Score (%) Cluster
VarroaNet (r = 8) 97.28 £ 0.59 97.26 £ 0.59 A
VarroaNet (r = 4) 97.15 £+ 0.69 97.13 £ 0.70 A

ShuffleNet-V2-x1.0 97.14 + 045 9711+ 0.47 A
VarroaNet (r = 16) 97.08 + 0.57 97.06 + 0.57 A
GoogLeNet 97.06 + 1.67 97.04 + 1.68 A
ShuffleNet-V2-x0.5 96.68 £+ 0.97 96.65 £+ 0.97 B
EfficientNet-B0O 96.31 +1.76 96.29 + 1.74 B
MobileNetV3-Small 95.46 + 1.61 95.41 + 1.66 C
RegNet-Y-400MF 95.29 +3.75 9524 +3.75 C
MobileNet-V2 93.78 + 4.27 93.74 + 4.30 D
DenseNet-121 91.85 + 5.00 91.79 + 5.08 D
ResNet-50 88.78 £7.92 88.81 £7.76 D
ResNet-18 88.09 £ 5.06 87.82 £ 5.31 D
VGG11-BN 60.38 £ 9.65 52.04 + 19.62 E
MNASNet-1.0 57.90 &+ 8.43 49.46 +£19.21 E
AlexNet 51.10 & 2.95 35.27 4+ 14.97 E
VGGI11 50.02 £ 0.02 38.90 £+ 21.45 E

Swin Transformer-S 50.00 £ 0.03 27.78 £13.81 E
SqueezeNet-1.0 50.00 £ 0.00 0.0+£0.0 E
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To analyze performance distribution more systematically, the 19 models were cat-
egorized into five clusters based on natural breaks in the grand mean accuracy. Clus-
ter A (>97%) contained the top-performing architectures, VarroaNet (r = 8), VarroaNet
(r = 4), ShuffleNet-V2-x1.0, VarroaNet (r = 16), and GoogLeNet, all of which consistently
achieved high accuracies and Fl-scores across most datasets. Cluster B (96-97%) and
Cluster C (95-96%) comprised highly capable, lightweight architectures (ShuffleNet-V2-
x0.5, EfficientNet-B0, MobileNetV3-5mall, RegNet-Y-400MF) that achieved excellent peak
performances under optimal preprocessing conditions. Cluster D (80-95%) contained
models exhibiting high cross-dataset variance (MobileNetV2, DenseNet-121, ResNet-50,
ResNet-18).

Several notable patterns emerged from the per-dataset analysis. ShuffleNet-V2-x1.0
demonstrated the highest robustness to preprocessing variations, maintaining the narrow-
est accuracy range of 1.41 percentage points (pp) across all 12 datasets (96.15-97.56%). Var-
roaNet (r = 8) ranked as the second most stable model with a range of 1.91 pp, while notably
achieving the highest minimum performance floor among all evaluated models (96.44%).
Conversely, performance variance increased markedly in datasets involving normalization.
For instance, GoogLeNet and EfficientNet-B0 exhibited performance gaps exceeding 5 pp
between their respective best- and worst-performing configurations. RegNet-Y-400MF
demonstrated the most extreme sensitivity to preprocessing, with a range of 11.30 pp; its
accuracy remained above 97% in all resize-containing datasets but collapsed significantly
in the normalization-only (Dataset 2) and deblurring—normalization (Dataset 8) variants.
Fold-level standard deviations further indicated that normalization destabilized not only
mean performance but also training convergence. While Cluster A models maintained
a mean fold standard deviation below 1.0, models in Clusters B and C exhibited pro-
nounced instability in specific configurations, such as MobileNetV3-Small on Dataset 10
and RegNet-Y-400MF on Dataset 2 and Dataset 11.

The six architectures in Cluster E (accuracy < 80%)—VGG11-BN, MNASNet-1.0,
AlexNet, VGG11, Swin Transformer-S, and SqueezeNet-1.0—produced near-chance accu-
racy. SqueezeNet-1.0, Swin Transformer-S, and VGG11 failed to converge in any of the
36 folds, while VGG11-BN, MNASNet-1.0, and AlexNet converged in 41.7%, 44.4%, and
8.3% of folds, respectively. Per the convergence threshold defined in Section 2.6, these
architectures were excluded from subsequent analyses.

Kendall’s coefficient of concordance indicated moderate-to-strong agreement in model
rankings across preprocessing conditions (W = 0.617, x> = 88.93, p = 7.95 x 10~14). A
two-way ANOVA (13 models x 12 pipelines) showed that architecture accounted for 46.5%
of total variance and pipeline for 21.7% (ratio = 2.1), indicating that architecture exerted the
dominant effect on classification performance.

3.4.2. Factorial Effects of Preprocessing Combinations

Classification performance across the twelve preprocessing pipelines is summarized
for the top nine models (Clusters A-C) in Table 8, organized under the 2 x 2 x 3 factorial
design (deblurring, normalization, resizing) described in Section 2.6.

The 12 preprocessing configurations were ranked by mean accuracy across the 13 work-
ing models within Clusters A through D. Pipelines containing resizing consistently achieved
the highest rankings, with Dataset 4 (MR: 97.48%) and Dataset 3 (NR: 96.74%) emerging as
the top-performing configurations for the original-source datasets. In contrast, Dataset 2
(normalization only: 90.86%) and Dataset 8 (deblurring and normalization: 90.82%) ranked
the lowest, substantially underperforming even the unprocessed baseline images, which
recorded 94.59% (Dataset 1) and 94.09% (Dataset 7). This ranking remained consistent
across both original and deblurred source conditions, confirming that resizing was the
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single most beneficial preprocessing step, while normalization alone proved to be actively
harmful to classification performance. To further isolate the contribution of each prepro-
cessing factor, single-factor effects were quantified using the Wilcoxon signed-rank test and
Cohen’s d across the 13 working models, as summarized in Table 9. For the evaluation
of resizing methods, effects relative to the no-resize baseline—calculated as the mean of
Datasets 1, 2, 7, and 8—were computed separately to clarify their individual impact. Single-
factor effects and two-way interactions were quantified using the Wilcoxon signed-rank
test and Cohen’s d across the 13 evaluated architectures.

Table 8. Per-dataset classification accuracy for top 9 models (Clusters A—C), 3-fold CV mean + std
(%). The table matrix is organized continuously to display performance variations under morphology-
preserving resizing, non-morphological stretching, and global histogram normalization constraints
as defined in the column headers.

Models Dataset 1 Dataset 2 Dataset 3 Dataset 4 Dataset 5 Dataset 6

N) (NR) (MR) (N, NR) (N, MR)
VarroaNet (r = 8) 97324+ 0.71 96.76 = 0.25 98.35 + 0.67 97.73 + 0.49 98.12 + 0.53 97.47 + 0.46
VarroaNet (r = 4) 9729 £0.89 96.62 £+ 0.15 97.77 + 0.69 97.32 + 0.85 98.20 + 0.52 97.00 + 0.47
ShuffleNet-V2-x1.0 97.21 +0.37 96.29 £+ 0.75 97.56 £+ 0.67 97.09 £+ 0.58 97.47 £+ 0.60 97.26 £ 0.40
VarroaNet (r = 16) 97.06 £ 036 96.94 £+ 0.30 97.79 + 0.44 97.53 £ 0.19 97.73 £ 0.69 97.06 £+ 0.93
GooglLeNet 9756 + 053 9544 +1.06 98.44 + 0.15 97.94 4+ 0.04 97.65 + 0.49 97.73 + 0.54
ShuffleNet-V2-x0.5 96.26 +0.54  95.03 £ 0.55 97.94 + 0.44 96.59 4+ 0.29 97.79 + 0.47 96.80 4+ 0.18
EfficientNet-BO 96.41 +£1.23 9247 +£2.33 97.94 + 0.51 94.59 4+ 4.29 97.79 + 0.89 96.97 + 0.64
MobileNetV3-Small 96.44 +£0.23 93.79 £+ 1.05 96.97 + 1.19 96.38 + 0.73 96.94 + 0.65 95.91 + 1.38
RegNet-Y-400MF 9420 +£5.09 86.76 £ 5.08 98.06 + 0.14 97.68 + 0.40 97.65 + 0.68 97.82 £ 0.18
Models Dataset 7 Dataset 8 Dataset 9 Dataset 10 Dataset 11 Dataset 12
(D) (D, N) (D, NR) (D, MR) (D, N, NR) (D, N, MR)
VarroaNet (r = 8) 96.50 =046 96.44 £+ 0.04 97.44 + 0.33 97.14 + 0.29 97.12 + 0.70 96.97 + 0.98
VarroaNet (r = 4) 97.03+0.16 95.38 +0.73 97.47 + 0.32 97.09 4+ 0.45 97.56 + 0.54 97.09 + 0.13
ShuffleNet-V2-x1.0 97.38 +0.23  96.15 £ 0.60 97.38 £+ 0.63 97.27 £ 0.63 9747 +£0.24 97.15 + 047
VarroaNet (r = 16) 96.70 £ 0.70  95.79 £ 0.60 97.38 £ 0.71 97.00 £+ 0.40 97.50 + 0.74 96.50 + 0.43
GooglLeNet 9735+ 036 9229 +3.10 98.00 + 0.40 97.59 4+ 0.49 97.71 £+ 0.63 97.00 + 0.71
ShuffleNet-V2-x0.5 9591 £0.33  95.09 + 1.02 97.47 + 0.11 97.41 + 051 97.17 + 0.33 96.64 + 0.50
EfficientNet-BO 97124+ 0.79 94.82 4+ 0.48 97.73 + 0.49 94.62 + 4.31 97.59 + 0.90 97.68 + 0.40
MobileNetV3-Small 96.94 £ 0.67  93.26 & 0.49 93.56 + 5.64 95.88 + 0.71 96.62 + 0.81 92.82 +4.24
RegNet-Y-400MF 96.21 +0.37 89.50 + 3.57 97.94 + 0.40 97.50 + 0.47 97.18 £1.13 9297 +£5.14

N (normalization); NR (non-morphological resize); MR (morphology-preserving resize); D (deblurring).

Table 9. Varroa mite classification performance across factorial preprocessing combinations. Each
cell is the mean +/— SD classification accuracy (%) across the 13 working models for the given
preprocessing combination.

Accuracy (%)
Processing - - - - -
Non-Resize Non-Morphological Resize = Morphology-Preserving Resize
Original 94.59 £+ 4.22 96.74 £ 2.35 97.48 +0.93
Normalization 90.86 + 6.87 94.86 & 4.04 95.03 & 4.82
Deblurring 94.09 £5.15 96.96 £ 1.30 97.11 £1.12
Deblurring and Normalization 90.82 £ 5.88 93.94 £ 4.35 94.71 £+ 4.03

Resizing produced the largest single-factor effect on classification accuracy (Table 10).
Both MR (d = 0.96, p < 0.001) and NR (d = 1.06, p < 0.001) exceeded the threshold
for large effect sizes, consistent with the wide variation in original ROI dimensions
(40 x 39 to 344 x 302 pixels; mean 112 x 126 pixels). The magnitude of the resize benefit
was inversely related to baseline model performance: VarroaNet (r = 8) gained 0.79 pp,
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whereas DenseNet-121 gained 10.09 pp. In contrast, global histogram normalization re-
duced mean accuracy by 2.79 £ 3.07 pp (d = —0.91, p < 0.001), with degradation observed
in 12 of the 13 evaluated architectures.

Table 10. Main effects of individual preprocessing factors on classification accuracy. Values represent
mean accuracy difference (A pp =+ std) relative to the no-resize baseline (mean of Datasets 1, 2, 7, and
8 for the resize factors, corresponding non-deblurred /non-normalized baselines for the other factors),
tested with the Wilcoxon signed-rank test (1 = 13 working models).

Processing Accuracy (%) Cohen’s d p-Value Significance
MR +3.49 £+ 3.62 0.96 0.000244 e
NR +3.04 +2.86 1.06 0.000244 A
Normalization = —2.79 £ 3.07 —-091 0.000244 A
Deblurring —0.32 +0.62 —-0.52 0.068 n.s

NR (non-morphological resize); MR (morphology-preserving resize); n.s., p > 0.05; *** p < 0.001.

The 11.46 pp decline in ResNet-50 under normalization indicated that higher-capacity
architectures were more sensitive to spectral redistribution than lightweight counter-
parts. MPRNet-based deblurring did not produce a statistically significant accuracy gain
(p = 0.068).

Although both resizing methods individually exhibited large effect sizes (MR: d = 0.96;
NR: d = 1.06), no statistically significant difference was detected between the two proto-
cols (Table 11; p = 0.376). This finding indicates that uniform spatial standardization,
irrespective of the rescaling algorithm applied, constitutes the primary determinant of
classification improvement.

Table 11. Pairwise comparison of morphology-preserving (MR) and non-morphological (NR) resize
methods. Values represent mean accuracy difference (A pp + std) of MR minus NR, tested with the
Wilcoxon signed-rank test (n = 13 working models).

Processing Accuracy (%) Cohen’sd  p-Value

Contrast of MR and NR +0.45 +1.98 0.23 0.376
NR (non-morphological resize); MR (morphology-preserving resize); n.s., p > 0.05.

Significance

n.s.

The normalization x resize interaction was significant (p = 0.040, Table 12). The
normalization penalty decreased monotonically as resizing was introduced—from —3.50 pp
(d = —0.94) without resizing to —2.44 pp (d = —0.62) under MR—and the resize benefit was
correspondingly larger when applied alongside normalization.

Table 12. Normalization X resize interaction effects on classification accuracy. Values represent mean
accuracy difference (A pp =+ std) introduced by normalization within each resize condition, tested
with the Wilcoxon signed-rank test (n = 13 working models).

Processing Accuracy (%) Cohen’s d p-Value Significance
Normalization, non-resize —3.50 £+ 3.72 —0.94 0.001 x*
Normalization, NR —2.46 +3.00 —0.82 0.000244 o
Normalization, MR —2.42 +3.90 —0.62 0.008 i
Normalization, resize interaction —1.06 (no rz — rz) _ 0.040 "

(interaction paired)

NR (non-morphological resize); MR (morphology-preserving resize); * p < 0.05; ** p < 0.01; *** p < 0.001.
The deblurring x normalization interaction was not significant (p = 0.340, Table 13).

Deblurring produced small negative effects both without (—0.22 pp) and with (—0.43 pp)
normalization, neither of which reached significance. Cross-model standard deviations
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(Table 9) were consistently higher in normalization-containing pipelines (e.g., Dataset 2:
£6.87) than in their unnormalized counterparts (Dataset 1: +4.22), indicating that normal-
ization increased between-model variability in addition to reducing mean accuracy. Among
all twelve pipelines, MR alone (Dataset 4) yielded the highest mean accuracy (97.48%).

Table 13. Deblurring x normalization interaction effects on classification accuracy. Values represent
mean accuracy difference (A pp = std) introduced by deblurring within each normalization condition,
tested with the Wilcoxon signed-rank test (1 = 13 working models).

Processing Accuracy (%) Cohen’sd p-Value Significance
Deblurring, non-normalization = —0.22 £ 1.22 - - n.s.
Deblurring, normalization —043 £1.94 - - n.s.
Deblurring (interaction paired) +0.21 - 0.340 n.s.

n.s., p > 0.05.

3.5. Multi-Resolution Analysis of Varroa Mite Detection: Classification and Explainability

To elucidate the decision-making behavior of the trained backbones across varying
spatial scales, a multi-resolution analysis was conducted using the six selected architec-
tures. Additional results related to model development are provided in Supplementary
Table S2. The selected models were evaluated across four feature map resolutions (7 x 7,
14 x 14, 28 x 28, and 56 x 56) under a balanced factorial design. The complete experi-
mental matrix comprised 864 training runs for classification and 288 single-split runs for
Grad-CAM++ generation. Table 14 summarizes the mean classification accuracies for each
architecture-resolution configuration.

Table 14. Effect of feature map resolution on Varroa mite classification accuracy, averaged across the
12 preprocessing pipelines per architecture (mean =+ std; n = 36 per cell from 12 pipelines x 3 folds).

Architecture Res. 7 x 7 Res.14 x 14 Res. 28 x 28 Res. 56 x 56

ShuffleNet-V2-x1.0 9721 £ 0.5 97.34 £ 0.5 97.14 £ 05 95.85 + 2.6
ShuffleNet-V2-x0.5 96.79 £ 0.8 96.92 £ 1.0 97.24 £ 0.8 96.18 £ 2.5
MobileNetV3-Small 95.88 £ 1.2 96.10 £ 1.1 96.41 £ 1.0 84.79 £ 13.5
EfficientNet-B0O 95.80 = 2.3 96.03 £+ 2.8 96.31 £2.3 96.52 £ 2.8
VarroaNet (r = 4) 97.21 £ 0.6 97.31 £0.5 9722 £ 0.6 96.16 £ 3.1
VarroaNet (r = 8) 9720 £ 0.5 9722+ 04 97.26 £ 0.6 95.69 £ 2.5

3.5.1. Impact of Feature Map Resolution on Classification Robustness

Relative to the 7 x 7 baseline, mean accuracy increased by +0.14 pp at 14 x 14
(win/loss = 42/29), increased by +0.25 pp at 28 x 28 (44/27), and decreased by —2.48 pp
at 56 x 56. The overall Kruskal-Wallis test was not significant (H = 1.862, p = 0.602); the
median performance remained stable at 97.15% across all resolutions, with the mean drawn
down by the collapse of MobileNetV3-Small at 56 x 56 (84.79%).

A three-way n?> decomposition of the six architecture x four resolution x 12 pipeline
matrix (288 cells) attributed 13.3% of total variance to pipeline, 11.1% to architecture, and
8.4% to resolution, with 67.1% residual variance and higher-order interactions.

The MobileNetV3-Small collapse at 56 x 56 was pipeline-selective: the normalization-
only pipeline (Dataset 2: 63.06%) and the original unprocessed inputs (Dataset 1: 81.70%)
degraded severely, whereas resize-containing pipelines (NR-only: 97.76%; deblurring with
MR: 97.41%) remained near the 7 X 7 baseline. Training accuracy at 56 x 56 averaged
only 86.09% (o = 18.58), with single-split validation and test accuracies of 84.26% and
82.01%, respectively. EfficientNet-B0 was the only architecture to gain accuracy at 56 x 56
(+0.73 pp). Sensitivity analysis with non-converging folds excluded (Table S6) yielded an
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aggregate accuracy of 87.86% (A = +3.07 pp), which does not alter the principal conclusion
that 56 x 56 destabilizes MobileNetV3-Small under spectrally homogenized inputs.

Resolution sensitivity differed across architectures. High-performing models at
7 x 7 (>97.2%; VarroaNet (r = 4, 8); ShuffleNet-V2-x1.0) showed negligible change at
28 x 28 (+0.00 to +0.06 pp). Lower-baseline models gained +0.52 to +0.54 pp at 28 x 28.
Per-architecture Kruskal-Wallis tests on resolution deltas (A vs. 7 x 7) reached significance
only at 28 x 28 (H=12.36, p = 0.030; 14 x 14: p = 0.50; 56 x 56: p = 0.19).

Inference latency varied by less than 2 ms across resolutions (Table 15). Training cost
per fold rose from 266 s at 7 x 7 to 298 s at 28 x 28 (+12%) and 1067 s at 56 x 56 (+301%);
the 56 x 56 condition consumed approximately 64 GPU-hours across its 72 configurations.

Table 15. Computational efficiency and inference latency across architectures and resolutions.

Latency (ms) Latency (ms) Latency (ms) Latency (ms)

Architecture Res.7 x7  Res.14 x 14 Res.28 x 28  Res. 56 x 56
ShuffleNet-V2-x1.0 9.73 9.41 10.15 10.46
ShuffleNet-V2-x0.5 9.25 9.15 9.59 10.98
MobileNetV3-Small 7.99 7.99 8.03 8.1

EfficientNet-BO 12.75 12.04 12.57 13.04
VarroaNet (r = 4) 10.78 9.91 10.78 11.33
VarroaNet (r = 8) 10.35 10.94 10.77 11.57

For an independent assessment using the fixed 7:2:1 single split, Supplementary
Table S3 reports per-architecture validation—test accuracy gaps; these range from 1.2 to 2.7
pp (all Wilcoxon p < 0.001), consistent with the absence of catastrophic overfitting under
the k-fold protocol used throughout this section.

Pipeline rankings were stable across all four resolutions (Friedman test, p < 0.001 at
each resolution): MR and NR pipelines occupied the top two ranks, and normalization-only
configurations the lowest. Sensitivity to normalization scaled with resolution: the mean
normalization penalty grew from —1.67 pp at7 x 7 to —8.50 pp at 56 x 56 (range: —20.7
to —4.5).

3.5.2. Spatial Attribution and Localization Fidelity Across Resolutions

To evaluate the spatial precision of model decision-making, localization metrics de-
rived from Grad-CAM++ heatmaps were analyzed across four feature map resolutions. The
aggregate localization performance across the six evaluated architectures is summarized
in Table 16.

Table 16. Aggregate localization quality metrics across feature map resolutions, averaged across
6 architectures and 12 preprocessing pipelines (1 = 72 per resolution; computed on the 170 mite-
infested test images). Distance | denotes lower is better.

Resolution IoU@50 IoU@30 Pointing Game  Energy Inside Distance | n_arch
7x7 0.211 0.173 0.361 0.154 0.101 6
14 x 14 0.241 0.201 0.354 0.200 0.092 6
28 x 28 0.286 0.268 0.438 0.289 0.080 6
56 x 56 0.151 0.205 0.274 0.276 0.140 6

Four of five localization metrics (IoU@50, IoU@30, Energy Inside, and distance error)
improved monotonically from 7 x 7 to 28 x 28, with a marked regression at 56 x 56. The
Pointing Game score showed a marginal dip at 14 x 14 (0.3536 vs. 0.3613 at 7 x 7) before
reaching its peak at 28 x 28 (0.4381). The 28 x 28 resolution yielded the best overall perfor-
mance across all five metrics: IloU@50 = 0.2857, IoU@30 = 0.2686, Pointing Game = 0.4381,
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Energy Inside = 0.2885, and distance error = 0.0804. The Kruskal-Wallis tests on per-
configuration means (n = 72; 6 architectures x 12 pipelines per resolution) confirmed
statistically significant resolution effects for all five metrics: loU@50 (H = 30.40, p < 0.001),
IoU@30 (H = 14.98, p = 0.002), Pointing Game (H = 11.17, p = 0.011), Energy Inside
(H =27.43, p < 0.001), and distance error (H = 22.24, p < 0.001). Among the five met-
rics, Pointing Game produced the smallest H statistic, reflecting a marginal performance
dip at 14 x 14 (0.354 vs. 0.361 at 7 x 7) before reaching its peak at 28 x 28 (0.438).

The performance decline at 56 x 56 is attributable to the excessive spatial dispersion
of activations. While a 7 x 7 feature map contains only 49 candidate locations and therefore
enforces competitive, concentrated responses, a 56 x 56 map contains 3136 locations, allow-
ing activations to fragment into multiple sub-regions. This reduces the peak-to-background
contrast of the saliency map and degrades threshold-based localization precision.

This trend is further supported by receptive-field interpretation. At a 28 x 28 reso-
lution, each feature cell corresponds to approximately an 8 x 8 pixel region within the
224 x 224 input image. Under the present acquisition conditions, Varroa mites (approx-
imately 1.1 x 1.6 mm) occupy roughly 10-20 pixels, meaning that 1-4 adjacent cells at
28 x 28 can effectively represent the target. By contrast, the 7 x 7 resolution (32 x 32 pixels
per cell) is overly coarse, whereas the 56 x 56 resolution (4 x 4 pixels per cell) is excessively
granular and more sensitive to high-frequency noise.

Per-architecture analysis revealed three distinct localization response patterns
(Table 17). First, channel-shuffle-based architectures, including ShuffleNet-V2 and Var-
roaNet (r = 8), consistently achieved peak localization performance at the 28 x 28 resolution.
Paired t-tests between VarroaNet (r = 4) and VarroaNet (r = 8) indicated no significant
classification differences across all four resolutions (all p > 0.36). TOST equivalence at
b = £1.0 pp was confirmed for the 7 x 7, 14 x 14, and 28 X 28 resolutions (all
p_TOST < 0.001), whereas equivalence could not be established at 56 x 56 (p_TOST = 0.209;
90% CI = [-0.82, +1.77]), reflecting elevated cross-pipeline variance at this resolution
(Table S5). However, a localization crossover was identified: full SE (r = 4) yielded a
substantially higher IoU at 14 x 14 (IoU@30: 0.277 vs. 0.166, A = +0.111, p < 0.001), whereas
r =8 was superior at 7 x 7,28 x 28, and 56 x 56 (28 x 28 IoU@30: 0.349 vs. 0.301; PG: 0.691
vs. 0.483; both p < 0.001). This pattern indicates that strong channel compression (r = 4)
uniquely aids spatial focus at the 14 x 14 resolution, where moderate spatial detail combines
with aggressive channel recalibration, whereas at other resolutions the weaker compression
(r = 8) maintains a more balanced spatial-channel representation.

Table 17. Architecture-specific localization performance at each feature map resolution, averaged
across the 12 preprocessing pipelines per architecture-resolution cell (1 = 36 per cell from 12 pipelines
x 3 folds; computed on the 170 mite-infested test images). Distance | denotes lower is better.

Architecture Resolution  IoU@50 IoU@30 Pointing Game  Energy Inside  Distance |
VarroaNet (r = 4) 7 x7 0.185 0.162 0.317 0.149 0.078
14 x 14 0.319 0.277 0.523 0.292 0.058
28 x 28 0.309 0.301 0.483 0.327 0.063
56 x 56 0.121 0.184 0.259 0.292 0.086
VarroaNet (r = 8) 7x7 0.213 0.170 0.371 0.156 0.075
14 x 14 0.190 0.166 0.216 0.165 0.086
28 x 28 0.387 0.349 0.691 0.385 0.045
56 x 56 0.126 0.211 0.285 0.328 0.107
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Table 17. Cont.

Architecture Resolution  IoU@50 IoU@30 Pointing Game  Energy Inside  Distance |

ShuffleNet-V2-x1.0 7x7 0.237 0.194 0.400 0.176 0.075
14 x 14 0.208 0.160 0.359 0.164 0.081

28 x 28 0.258 0.227 0.308 0.240 0.078

56 x 56 0.094 0.174 0.159 0.254 0.096

ShuffleNet-V2-x0.5 7x7 0.239 0.227 0.396 0.207 0.072
14 x 14 0.324 0.270 0.439 0.275 0.066

28 x 28 0.385 0.368 0.513 0.386 0.064

56 x 56 0.267 0.335 0.492 0.420 0.072

MobileNetV3-Small 7 X7 0.245 0.170 0.401 0.135 0.116
14 x 14 0.235 0.189 0.344 0.167 0.115

28 x 28 0.189 0.180 0.190 0.179 0.113

56 x 56 0.122 0.126 0.175 0.139 0.304

EfficientNet-BO 7 x7 0.149 0.118 0.286 0.106 0.190
14 x 14 0.171 0.144 0.243 0.140 0.142

28 x 28 0.184 0.185 0.442 0.212 0.121

56 x 56 0.186 0.215 0.294 0.248 0.162

Among all evaluated configurations, VarroaNet (r = 8) produced the highest Pointing
Game score (0.691) and the lowest distance error (0.045), indicating superior target centering
and spatial precision. Second, VarroaNet (r = 4), which incorporates full squeeze-and-
excitation recalibration, reached its optimum at 14 x 14 and declined thereafter, suggesting
that stronger channel attention might become over-selective at finer spatial grids. Third,
EfficientNet-B0 and MobileNetV3-Small displayed heterogeneous behaviors, with different
metrics peaking at different resolutions and generally lower IoU consistency, reflecting
diffuse or unstable attribution patterns. Collectively, these findings indicate that localization
fidelity depends not only on spatial resolution but also on the interaction between resolution
and architectural inductive bias.

Robustness analysis across all 48 per-architecture configurations (four resolutions
x 12 pipelines) identified VarroaNet (r = 8) as the most stable model, with the lowest
coefficient of variation (CV = 1.47%), a performance range of 7.1 percentage points, and
a mean accuracy of 96.84%. ShuffleNet-V2-x1.0 and ShuffleNet-V2-x0.5 showed the next
highest stability (CV = 1.52% each). In contrast, MobileNetV3-Small exhibited the highest
variability (CV = 8.87%). When 56 x 56 configurations were excluded, its CV decreased to
2.15%, approaching that of EfficientNet-BO (2.26%), indicating that the observed instability
was strongly associated with the highest resolution condition.

To test whether classification accuracy serves as a reliable proxy for localization fi-
delity, classification accuracy and localization fidelity were not in strict correspondence,
as visualized in Figure 9; to formally test this, Spearman rank correlations were com-
puted across the 24 (architecture x resolution) configurations between mean accuracy and
each localization metric. Three of the five metrics—distance error (p = —0.745), loU@50
(p = +0.647), and Pointing Game (p = +0.565)—showed significant positive concordance af-
ter Holm—-Bonferroni correction (all adjusted p < 0.013), whereas IoU@30 and Energy Inside
did not (Table S4). Even the strongest coefficient leaves substantial variance unexplained,
and rank-level dissociations confirm the limitation: the highest-accuracy configuration
(ShuffleNet-V2-x1.0 at 14 x 14, 97.34%) ranked 21st of 24 in IloU@30, while the configuration
with the highest Pointing Game (VarroaNet (r = 8) at 28 x 28) ranked only third in accuracy.
Accuracy is therefore a partially informative but insufficient surrogate for spatial attribution
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(a) Accuracy vs. loU@30

quality, supporting the use of explicit localization metrics for deployment-oriented model
selection.

(b) Accuracy vs. Pointing Game
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Figure 9. Joint evaluation of classification accuracy and Grad-CAM++ localization quality across six
architectures and four feature map resolutions. (a) Accuracy vs. IoU@30. (b) Accuracy vs. Pointing
Game score. Architecture identity is encoded by color; resolution by marker shape.

3.5.3. Qualitative Verification via Grad-CAM++ Visualization

Grad-CAM++ heatmaps were qualitatively inspected to verify that the quantitative
localization results were not driven by spurious correlations or structural aliasing [59]. This
approach confirms the robustness of the XAI representations across the different resolution
scales evaluated in the preceding performance analysis.

Figure 10 presents the Grad-CAM++ heatmap visualization for all six architectures
across four feature map resolutions on a representative mite-infested image from Dataset
10. Three resolution-dependent patterns are visually evident. At 7 x 7, all architectures
produce broad activation regions encompassing the entire bee body, with limited spa-
tial specificity for the mite. At 28 x 28, channel-shuffle-based architectures (VarroaNet
(r = 8), ShuffleNet-V2-x0.5) generated tightly focused heatmaps precisely localized on the
mite body, consistent with their quantitative superiority (VarroaNet (r = 8): PG = 0.691,
IoU@30 = 0.349; ShuffleNet-V2-x0.5: PG = 0.513, IloU@30 = 0.368). In contrast, EfficientNet-
B0 and MobileNetV3-Small exhibited more diffuse activation patterns extending to sur-
rounding body regions and background comb structures. At 56 x 56, activations frag-
mented into multiple sub-mite patches for most architectures, visually confirming the
quantitative localization regression observed in Table 16.

Figure 11 demonstrates the consistency of VarroaNet (r = 8) at 28 x 28 with
deblurring + MR preprocessing across eight diverse test images with varying bee pos-
tures, mite attachment sites, and background conditions. For each example shown, the
Grad-CAM++ activation peak coincided with the annotated mite bounding box, consistent
with this configuration’s Pointing Game accuracy of 92.7% across the 170 mite-infested
test images. This robust spatial precision, combined with the lowest distance error (0.045,
normalized by image diagonal) of any configuration, confirms that VarroaNet (r = 8) at
28 x 28 with deblurring + MR localizes mite-specific features rather than relying on contex-
tual cues such as wing deformation or body discoloration.
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EfficientNet-BO ShuffleNet-V2-x0.5 ShuffleNet-V2-x1.0 VarroaNet (r=4) VarroaNet (r=8)

MobileNetV3-Small

Original

28x28 56x56

Figure 10. Grad-CAM++ heatmap visualizations for all six architectures across four feature map

resolutions (7 x 7 to 56 x 56) on a representative Varroa-infested image. Green bounding boxes

indicate ground-truth mite annotations. The colors in the heatmaps represent the relative importance

of spatial regions for class discrimination, mapped on a continuous normalized scale from 0 to

1: red zones denote the highest activation intensity (close to 1), yellow and green zones indicate

intermediate values, and blue zones represent background regions with low or zero architectural

contribution (close to 0).

Original

Grad-CAM++
28x28

Figure 11. Grad-CAM++ activation maps generated by VarroaNet (r = 8) at 28 x 28 resolution
across eight diverse test images with varying bee postures, mite attachment sites, and background

conditions. Green bounding boxes denote ground-truth mite annotations. The colors in the heatmaps
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represent the relative importance of spatial regions for class discrimination, mapped on a continuous
normalized scale from 0 to 1: red zones denote the highest activation intensity (close to 1), yellow
and green zones indicate intermediate values, and blue zones represent background regions with low
or zero architectural contribution (close to 0).

Figure 12 further illustrates inter-architecture variation at 28 x 28 across multiple
test images: channel-shuffle-based architectures consistently produced focused activations
on the mite region, whereas EfficientNet-BO and MobileNetV3-Small generated spatially
dispersed heatmaps with activation extending to non-mite regions, reflecting their lower
quantitative localization scores (EfficientNet-BO PG = 0.442; MobileNetV3-Small PG = 0.190
at 28 x 28). A consolidated overview of all six architectures at 28 x 28 on representative
test images is provided in Figure S1. The SE channel attention reversal was also visually
apparent: at 14 x 14, VarroaNet (r = 4) (full SE) produced more concentrated activations
than r = 8 (PG: 0.523 vs. 0.216), whereas at 28 x 28, r = 8 produced a markedly tighter
spatial focus (PG: 0.691 vs. 0.483), corroborating the quantitative crossover reported in
Section 3.5.2.

VarroaNet (r=8)

VarroaNet (r=4)

EfficientNet-BO ShuffleNet-V2-x0.5

MobileNetV3-Small

Figure 12. Grad-CAM++ heatmaps generated by six architectures across five representative Varroa-
infested test images at 28 x 28 feature map resolution. Rows correspond to VarroaNet (r = 8),
VarroaNet (r = 4), ShuffleNet-V2-x 1.0, ShuffleNet-V2-x 0.5, EfficientNet-B0, and MobileNetV3-Small,
respectively. Green bounding boxes indicate ground-truth mite annotations. The colors in the heatmaps
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represent the relative importance of spatial regions for class discrimination, mapped on a continuous
normalized scale from 0 to 1: red zones denote the highest activation intensity (close to 1), yellow
and green zones indicate intermediate values, and blue zones represent background regions with low
or zero architectural contribution (close to 0).

3.5.4. Preprocessing Effects on Localization Quality

The preprocessing pipeline significantly affected Grad-CAM++ localization quality,
with the resize method as the dominant factor. Cohen’s d effect sizes for IoU@30 (per-
configuration means; n = 72 per condition) revealed substantial improvements relative
to Dataset 1 (the original, unresized images), with d = 2.09 for NR and d = 1.61 for MR;
the difference between the two resize strategies was modest (d = 0.34; all p < 0.001). De-
blurring had no significant main effect (d = +0.006, p = 0.81), and normalization had a
negligible negative effect (d = —0.036). These patterns parallel the classification findings
(Section 3.4): resize is the dominant beneficial factor for both classification accuracy and
localization quality.

NR produced higher raw localization scores than MR across all six architectures (mean
IoU@30: 0.291 vs. 0.252). However, a geometric measurement bias partially explains
this advantage. NR stretches images to fill the entire 224 x 224 canvas, enlarging the
ground-truth bounding box to a mean coverage of 2.61% of the image area, whereas MR
preserves the original aspect ratio with center padding, producing a smaller bounding box
coverage of 1.72% (ratio: 1.52x). This larger target region under NR inherently increases
the probability of overlap between the bounding box and the thresholded CAM activation,
inflating area-based metrics independently of actual localization precision. When IoU@30
was normalized by bounding box coverage, MR exhibited 29% higher area-normalized
efficiency (14.30 vs. 11.03). Furthermore, NR introduced a mean aspect ratio distortion of
47.5% (computed as |1 — w/h| x 100, where w and h denote the original ROI width and
height), with 73.9% of images exhibiting >20% distortion, deforming the morphological
features that biologists rely on for visual validation.

A deblurring x resize interaction was identified. Without deblurring, NR substantially
outperformed MR (IoU@30: 0.304 vs. 0.232, A = 0.072), but with deblurring, the gap
narrowed considerably (0.272 vs. 0.261, A = 0.011). This interaction suggests that deblurring
enhances edge definition, which particularly benefits the aspect-ratio-preserving resize
method where mite boundary information is spatially accurate. For the Pointing Game,
MR improved from 0.365 without deblurring to 0.451 with deblurring (A = +0.086, +24%),
whereas NR showed a slight decrease (0.495 to 0.472).

At the model x pipeline X resolution level, the top MR configurations were ShuffleNet-
V2-x0.5 at 56 x 56 with deblurring + MR (IoU@30 = 0.548), VarroaNet (r = 8) at 28 x 28
with deblurring + MR (IoU@30 = 0.510, PG = 0.927), and VarroaNet (r = 4) at 28 x 28
with MR (IoU@30 = 0.507). The VarroaNet (r = 8) configuration achieved a Pointing Game
of 0.927 (n = 170 mite-infested test images), indicating that in 92.7% of test images, the
Grad-CAM++ activation peak fell directly within the annotated mite bounding box. Under
the full preprocessing pipeline (deblurring + normalization + MR), VarroaNet (r = 8) at
56 x 56 achieved an IoU@30 = 0.505 with PG = 0.865.

The top MR-based configuration (VarroaNet (r = 8) at 28 x 28 with deblurring + MR)
achieved an IoU@30 = 0.510 and PG = 0.927, while the top NR-based configuration
(ShuffleNet-V2-x0.5 at 28 x 28) reached the highest overall loU@30 (0.368).

4. Discussion

This study systematically examined how preprocessing strategy, model architecture,
and feature map resolution influence classification accuracy and explainability in Varroa
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mite image recognition. Across all experiments, three consistent findings emerged: (1) sim-
pler preprocessing pipelines outperformed more complex combinations, (2) architecture
selection had a greater impact than preprocessing choice, and (3) an intermediate feature
map resolution (28 x 28) provided the best balance between predictive performance and
localization quality. These results have important implications for the selection of prepro-
cessing strategies and model architectures in small-scale agricultural image classification.

First, the preprocessing analysis demonstrated that additional image enhancement
does not necessarily improve performance. Resize-only pipelines consistently achieved
the highest classification accuracy, whereas adding normalization or deblurring often re-
duced performance. This finding contrasts with the common practice of stacking multiple
preprocessing steps without validating their individual contributions. The negative ef-
fect of normalization is consistent with the RGB channel analysis in Section 3.3: global
histogram redistribution inverted the R-channel inter-class difference (+1.08 — —2.72)
and compressed the G/B-channel separation by 68% and 73%, while inflating intra-class
variance. Under these conditions, normalization removed rather than enhanced the chro-
matic cues required to distinguish reddish-brown mites from bee tissue. The amplification
of the normalization penalty at higher resolutions (—1.67 pp at 7 x 7 — —8.50 pp at
56 x 56) reinforces this interpretation: finer feature maps would otherwise resolve the
inter-class chromatic gradients that global normalization removes, and the cost of this
removal scales with spatial granularity. In practical terms, preprocessing should be treated
as a hypothesis requiring empirical validation rather than as a universally beneficial routine.
This perspective is consistent with previous observations that empirical transformations or
data augmentations do not automatically guarantee complete model invariance to spatial
variations [60]. The limited benefit of deblurring in this study likely reflects the dataset
curation step (Section 2.1), which excluded severely blurred frames prior to preprocessing;
under such conditions, the residual motion blur was insufficient to bottleneck classification,
and the high-frequency textural modifications introduced by MPRNet did not align with
the features used by the CNN backbones.

Second, model architecture exerted a larger influence on performance than prepro-
cessing condition. Model rankings were relatively stable across pipelines, and variance
decomposition consistently showed that architecture explained substantially more perfor-
mance variation than preprocessing. Lightweight CNNs such as VarroaNet and ShuffleNet
performed best, whereas heavily parameterized networks such as VGG11 failed to converge
reliably. The convergence failure of Swin Transformer-S further reflects this scale depen-
dence: window attention mechanisms typically require larger training corpora to learn
stable spatial priors, and the 7 x 7 window size is poorly matched to targets occupying
only 2-5% of the image area. These results are consistent with the bias—variance trade-off
expected in small datasets: when training data are limited, compact architectures with
efficient inductive biases may generalize better than large-capacity models designed for
large-scale benchmarks. For applied agricultural tasks with modest dataset sizes, selecting
an architecture matched to data scale appears more important than adopting increasingly
elaborate preprocessing pipelines.

Third, feature map resolution emerged as a critical but often overlooked design factor.
The 28 x 28 resolution yielded the strongest joint outcome across classification accuracy;,
Grad-CAM++ localization metrics, and computational efficiency. Increasing resolution
beyond this point did not provide consistent gains and, in several cases, reduced stability
and explainability. A likely explanation is that excessively fine feature maps fragment
saliency responses across many cells, weakening coherent activation over small objects
such as mites. Conversely, overly coarse maps lose spatial precision. The present results
therefore support the existence of an object-scale-dependent “resolution sweet spot,” where
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receptive-field granularity aligns with target size. Whether this resolution sweet spot
generalizes to other small-object agricultural tasks—such as pest eggs, lesions, or seed
defects—remains an open question, given the dependence on target-to-image area ratio
and acquisition conditions.

The interaction between resolution and architecture suggests a ceiling effect in high-
performing models—internal feature recalibration appears to provide sufficient discrim-
inability at coarser scales, leaving little room for resolution-driven gains. Conversely,
lower-baseline architectures benefit more from increased spatial detail. EfficientNet-
B0’s monotonic gain at 56 x 56 is consistent with its compound scaling design, which
jointly balances width, depth, and resolution [46]. Considering both classification gain
(+0.25 pp) and computational overhead (+12% training cost), 28 x 28 emerges as the most
cost-effective resolution.

The explainability analysis also revealed that classification accuracy alone is insuf-
ficient for deployment-oriented model selection. Several configurations achieved strong
accuracy while showing weak localization fidelity, indicating that correct predictions can
arise from contextual cues rather than direct target attention. Although accuracy and
localization were positively correlated across configurations (Section 3.5.2), the magni-
tude of association (| p| < 0.745) leaves substantial variance unexplained, and rank-level
outliers—including the highest-accuracy configuration ranking 21st in loU@30—confirm
that accuracy alone cannot guarantee spatial fidelity. This distinction is important in bio-
logical inspection settings, where users often require visual confirmation that the model
attends to the actual pest. Accordingly, architecture, preprocessing, and resolution should
be optimized jointly when interpretability is an operational requirement.

The findings further refine the interpretation of channel attention mechanisms.
squeeze-and-excitation (SE) blocks did not significantly improve classification accuracy, but
their effect on localization varied with resolution. Full SE (r = 4) improved localization at
14 x 14 (IoU@30: 0.277 vs. 0.166 for r = 8), whereas moderate compression (r = 8) was
superior at 28 x 28 (IoU@30: 0.349 vs. 0.301 for r = 4). This crossover indicates that
attention strength interacts with spatial representation rather than acting as a universally
transferable enhancement, and suggests that channel attention configurations should be
co-optimized with feature map resolution rather than treated as a stand-alone design choice.
The breakdown of TOST equivalence at 56 x 56 (p = 0.209) further supports the interpreta-
tion that finer feature maps amplify rather than smooth out between-configuration variance,
particularly at the boundary of architectural stability.

Several limitations should be acknowledged. The experiments were conducted on a
single curated dataset collected under relatively controlled imaging conditions, which may
underestimate the value of deblurring or illumination correction in field environments. In
addition, ROI-based classification is simpler than end-to-end detection, where upstream
localization errors would introduce further uncertainty. External validation across different
apiaries, imaging devices, and environmental conditions is therefore necessary to establish
broader generalizability.

Despite these limitations, this study provides clear empirical evidence that common
design assumptions in agricultural deep learning require re-evaluation. More preprocessing
is not always better, larger networks are not always stronger, and higher spatial resolution
is not always more informative. Instead, robust performance arises from matching pre-
processing simplicity, architectural capacity, and representational scale to the biological
characteristics of the target task.
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5. Conclusions

This study systematically evaluated the independent and interactive effects of image
preprocessing, model architecture, feature map resolution, and channel attention design on
the classification accuracy, robustness, and explainability of Varroa destructor detection. A
factorial framework comprising 1,548 runs across 516 configurations provided a quanti-
tative basis for designing deep learning systems for precision apiculture under practical
deployment constraints.

The first conclusion is that preprocessing complexity did not translate into better
performance. Pipelines based solely on image resizing consistently outperformed combina-
tions incorporating histogram normalization or deblurring. Both morphology-preserving
resizing (MR) and non-morphological resizing (NR) produced large positive effects on
classification accuracy (d = 0.96 and 1.06, respectively), whereas histogram normalization
reduced accuracy by 2.79 &£ 3.07 pp on average, and this penalty grew with feature map
resolution (—1.67 pp at 7 x 7 to —8.50 pp at 56 x 56). For agricultural imaging work-
flows under controlled acquisition conditions, generic normalization should not be applied
without empirical validation.

The second conclusion is that architecture exerted a larger influence on classifica-
tion accuracy than preprocessing. VarroaNet (r = 8) achieved the highest mean accuracy
across the 19-architecture comparison (97.28%) with only 1.3 M parameters, and the low-
est variability across the 48 architecture X resolution X pipeline conditions subsequently
evaluated (CV = 1.47%). Heavily parameterized networks (VGG11: 128.8 M; AlexNet:
57.0 M) and Swin Transformer-S failed to converge reliably. For small-to-moderate agri-
cultural datasets, compact architectures matched to data scale are preferable to large
benchmark-oriented networks.

The third conclusion is that feature map resolution functions as a critical optimization
variable rather than a parameter to be maximized. The 28 x 28 resolution delivered
the best joint balance of classification accuracy, Grad-CAM++ localization quality, and
computational efficiency, while 56 x 56 incurred an approximately four-fold training
cost without consistent gains and triggered convergence collapse in MobileNetV3-Small.
Channel attention behavior also varied with resolution: full SE (r = 4) improved localization
at 14 x 14, whereas moderate compression (r = 8) was superior at 7 x 7, 28 x 28, and
56 x 56, indicating that attention strength cannot be optimized independently of spatial
scale. Practitioners should evaluate intermediate resolutions matched to target-object size
rather than defaulting to higher values.

The fourth conclusion is that classification accuracy alone is insufficient for deployment-
oriented model selection, and that overlap-based explainability metrics must themselves
be interpreted with care. Several high-accuracy configurations produced diffuse Grad-
CAM++ maps, indicating reliance on contextual rather than direct mite cues. The con-
figuration with the strongest joint performance was VarroaNet (r = 8) at 28 x 28 with
deblurring + MR preprocessing, which achieved 97.26% accuracy at this single configura-
tion (cross-configuration mean: 97.28%) and a Pointing Game score of 0.927—meaning that
activation peaks fell within the annotated mite region in 92.7% of mite-infested test images
(n = 170), while preserving the original aspect ratio. NR preprocessing yielded a higher
raw IoU than MR, but this difference largely reflected enlarged bounding box coverage
from aspect-ratio distortion (NR: 2.61% vs. MR: 1.72% of image area); after normalizing
for target-area inflation, MR produced 29% higher localization efficiency. For applications
requiring biological interpretability, MR-based pipelines with localization metrics reported
alongside accuracy are recommended; for automated screening, NR remains competitive,
provided that morphological distortion is acceptable.
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Several limitations should be acknowledged. All analyses were based on manually
cropped ROI images from twenty Apis mellifera colonies in two Korean apiaries under
controlled outdoor acquisition; the present preprocessing conclusions and ROI-level classi-
fication accuracy may not transfer directly to end-to-end detection or to field deployments
with heterogeneous illumination, sensor, or subspecies conditions. External validation
across such conditions is therefore necessary before translating the present recommen-
dations into deployment guidelines. Specifically, future work will pursue prospective
validation across honey bee subspecies (e.g., A. cerana), variable field illumination (direct
sunlight, overcast, and low-light conditions), and diverse imaging hardware and working
distances, under a multi-apiary, multi-device acquisition protocol.

Overall, robust agricultural deep learning systems are not obtained by maximiz-
ing preprocessing intensity, network scale, or feature map resolution. Reliable perfor-
mance arises when preprocessing simplicity, architectural capacity, representational scale,
and interpretability objectives are jointly aligned with the biological properties of the
target task.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/agronomy16131292/s1. Table Sla: classification accuracy (mean
+/— SD, %) for 19 CNN models across 12 preprocessing pipelines (3-fold stratified cross-validation;
N = 36 per cell); Table S1b: F1 score (mean +/— SD, %) for 19 CNN models across 12 preprocessing
pipelines (3-fold stratified cross-validation; N = 36 per cell); Table S2: classification accuracy (mean
+/— SD, %) for 7 base-resolution models across 12 preprocessing pipelines (3-fold cross-validation);
Table S3: Single-split validation vs. test accuracy (architecture x resolution); Table S4: Spearman
rank correlations between classification accuracy and localization metrics (N = 24); Table S5: TOST
equivalence testing for SE channel attention (VarroaNet r = 4 vs. r = 8); Table S6: Impact of non-
converging fold treatment on grand mean accuracy; Figure S1: Grad-CAM++ activation maps across
all architectures at 28 x 28 feature-map resolution.
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