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Rapid industrialization of edible insect production and the growing demand for sustainable protein sources have
increased the need for reliable quality inspection in large-scale breeding environments. However, early abnor-
mal larvae often exhibit only weak and spatially dispersed morphological differences, making them difficult to
detect using conventional vision models. To address this challenge, we propose a Multi-Nonlinear Feature Fusion
(MNFF) framework for binary edible insect quality classification and instantiate it as MV-MNFF by integrating
the framework with a MambaVision backbone, a convolutional block attention module (CBAM), and a classifica-
tion head. Unlike conventional attention-based enhancement or simple fusion strategies that primarily reweight
or aggregate features, the proposed MNFF framework explicitly models interactions among weak morphological
cues by multiplicatively integrating GELU, ELU, and ReLU responses within depthwise separable and multi-scale
dilated convolution stages, together with channel attention and skip connections. Experiments on mealworm lar-
vae (Tenebrio molitor) and flower chafer larvae (Protaetia brevitarsis) showed that the proposed model improved
balanced accuracy by 1.96% and 0.40%, respectively, over the baseline MambaVision, while achieving an area
under the receiver operating characteristic curve (AUROC) of 1.000 on both datasets. Explainability was fur-
ther examined using Grad-CAM, LIME, SHAP, and Saliency Map and quantitatively evaluated with faithfulness
metrics, including average drop (%), percentage increase in confidence, positive perturbation AUC, and nega-
tive perturbation AUC. These results indicate that the proposed MNFF framework and its MambaVision-based
implementation provide an effective and explainable solution for early abnormality screening and support more
reliable field-level decision-making in industrial-scale edible insect farming.

1. Introduction cult to reliably distinguish normal from abnormal individuals, especially
when abnormality appears only through subtle morphological changes
or weak visual cues. Delayed removal of diseased or abnormal individu-

als may rapidly accelerate contamination and lead to substantial produc-

As global population growth and increasing food demand intensify
the need for sustainable protein sources, edible insects have attracted

growing attention owing to their high nutritional value and low envi-
ronmental burden [1,2]. With the rapid expansion of the edible insect
industry, large-scale breeding facilities have become increasingly com-
mon, and the importance of systematic health monitoring and quality
management has grown accordingly to ensure productivity, food safety,
and stable operation [3-6]. However, quality inspection in industrial
breeding environments still relies heavily on visual examination or mi-
croscopic observation by trained personnel [4,7]. Such approaches are
labor- and time-intensive and are further limited by subjective vari-
ability among evaluators, making it difficult to ensure consistency and
scalability [8]. In large-scale breeding environments where thousands
of individuals must be handled simultaneously, it is particularly diffi-
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tion losses, thereby increasing the need for reliable automated quality
classification systems in industrial settings [9].

To address these challenges, recent studies have introduced com-
puter vision and deep learning-based automatic monitoring systems for
tasks such as counting, size measurement, growth prediction, sex de-
termination, and disease detection [7,10,11]. However, most existing
insect imaging studies have been designed around relatively salient vi-
sual characteristics or clearly observable abnormalities, while the prob-
lem of precisely distinguishing normal and abnormal individuals within
the same species has remained comparatively underexplored [12,13].
In particular, early signs of quality degradation, such as subtle epi-
dermal changes, slight color variation, localized damage, and mild
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morphological abnormalities, are visually weak and spatially dispersed,
making them easy to overlook [7,14]. Therefore, the central gap in edi-
ble insect quality classification lies not merely in the limited exploration
of a new application domain, but in the methodological limitation that
feature learning structures capable of reliably representing and integrat-
ing weak and heterogeneous visual cues have not yet been sufficiently
established.

These limitations are also closely related to the way existing vision
architectures form feature representations. Standard convolutional neu-
ral networks form hierarchical representations through local receptive
field-based feature extraction and repeated downsampling; while ef-
fective for summarizing global context, such architectures may allow
weak and locally distributed subtle cues to become diluted or over-
shadowed by stronger responses in deeper layers [15,16]. Attention-
based enhancement can be effective for selectively emphasizing impor-
tant regions or channels and refining feature representations, but such
reweighting alone may be insufficient to capture inter-channel corre-
lations and complex interactions among features; therefore, additional
nonlinear modeling may be required in problems such as subtle abnor-
mality detection, where combinations of weak visual cues are critical
[17,18]. In addition, although recent transformer-based or state-space-
based backbones have improved the modeling of long-range dependen-
cies and global context, global information alone may still be insufficient
when subtle visual differences are crucial, and the effective integration
of complementary features captured by different backbones remains im-
portant [19,20]. In other words, for problems characterized by subtle vi-
sual differences, simply scaling up the backbone may not be sufficient,
and a nonlinear feature fusion structure capable of effectively reflecting
interactions among weak local cues is required [21-23].

Edible insect quality assessment thus has the characteristics of a
fine-grained visual discrimination problem, in which the information
required for classification is formed not by a single salient feature but
by a combination of multiple weak visual cues [15,24]. In real indus-
trial environments, such cues may appear as slight discoloration, texture
variation, differences in surface gloss, localized damage, and morpho-
logical imbalance. Accordingly, to achieve reliable quality assessment in
practice, a feature fusion mechanism is required that goes beyond simple
linear combination or attention-based emphasis and can jointly reflect
multiple nonlinear responses and multi-scale feature interactions. Fur-
thermore, if automated quality classification results are to be used for
downstream decisions such as removal, sorting, and monitoring, they
must provide not only high predictive accuracy but also visually ex-
plainable decision evidence whose reliability can be verified.

Accordingly, the main contributions of this study are as follows:

e We reformulate edible insect quality inspection as a fine-grained
binary classification problem in which reliable discrimination de-
pends on weak and spatially dispersed morphological cues. We fur-
ther identify insufficient modeling of interactions among such cues
as a key methodological limitation of existing vision architectures.

e We propose a Multi-Nonlinear Feature Fusion framework for edi-

ble insect quality classification and instantiate it as MV-MNFF us-

ing a MambaVision backbone. The proposed design organizes post-
backbone processing into feature refinement, nonlinear interaction
modeling, and decision-oriented representation learning.

Within this framework, we introduce an MNFF module that performs

two-stage multi-nonlinearity-based feature integration. Specifically,

GELU, ELU, and ReLU responses are generated in parallel after depth-

wise separable and multi-scale dilated convolution stages and are

combined through multiplicative fusion. Channel attention and skip
connections are further used to refine informative features and sta-
bilize optimization.

e We provide a comprehensive validation of the proposed method
through comparisons with standard deep learning backbones and
a prior-work baseline, together with component-wise analysis, ab-
lation study, fusion-operation analysis, robustness evaluation under
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class-ratio shifts and noise perturbations, and quantitative faithful-
ness assessment of XAI explanations.

The rest of the paper is organized as follows: Section 2 presents
the related works; Section 3 describes the methodology, including the
dataset, preprocessing, the proposed method, and the experimental con-
figuration; Section 4 presents the experimental results; Section 5 dis-
cusses the findings and limitations of the proposed framework; and Sec-
tion 6 concludes the paper.

2. Related works
2.1. Deep learning for insect detection and classification

Research applying deep learning to insect recognition has expanded
steadily over the past decade. Hgye et al.[25] reported that deep learn-
ing and computer vision have the potential to substantially advance
entomological research by enabling the non-invasive estimation of in-
sect abundance, biomass, and phenotypic diversity through image-based
automatic monitoring. Teixeira et al.[26] also systematically reviewed
deep learning-based automatic insect detection studies and identified
class imbalance, incomplete annotation, the difficulty of small-object
recognition, and the discrimination of morphologically similar cate-
gories as major challenges. These issues may become even more severe
in edible insect production environments, where high-density breeding,
occlusion, illumination variation, and high visual similarity among in-
dividuals occur simultaneously [17,26].

To mitigate these challenges, prior studies have employed multi-
view information, diverse feature combinations, attention mechanisms,
and lightweight backbones [17]. For example, An et al.[20] proposed
a complementary feature fusion architecture that combines a CNN-
based backbone with a transformer-based backbone, while Wu et al.[27]
showed through the IP102 benchmark that inter-class similarity and
intra-class variation are key challenges in insect recognition. Ren et
al.[28] and Liu et al.[29] also sought to improve insect pest recogni-
tion performance through a feature reuse structure and a multi-branch
feature fusion structure, respectively. However, most of these studies fo-
cused on species-level classification or tasks in which visual differences
were relatively obvious [17].

Studies directly addressing edible insects remain limited [7]. Baur
et al.[30] proposed a non-invasive monitoring system for estimating
the size distribution of Tenebrio molitor larvae, and Pratondo and Bra-
mantoro[31] showed that transfer learning can be effective for classi-
fying edible insect larvae with similar appearances. Although not di-
rectly identical to the edible insect domain, similar attempts have also
been reported in sericulture. Mungase et al.[32] compared ResNet-18
and ResNet-50 for early silkworm disease prediction and reported that
ResNet-18 achieved superior classification performance. However, that
study focused on disease-centered binary classification between dis-
eased and undiseased individuals and therefore did not comprehensively
address more diverse abnormal conditions beyond disease-related signs,
such as subtle morphological abnormalities, surface damage, and qual-
ity degradation. Overall, these studies have demonstrated the feasibility
of applying deep learning in edible insect and adjacent domains, but the
problem of precisely capturing weak and heterogeneous abnormal cues
within the same species remains insufficiently explored [7,17].

2.2. Fine-grained visual classification and the challenge of recognizing
subtle visual differences

Fine-grained visual classification addresses the task of distinguish-
ing subcategories in settings where inter-class differences are small and
intra-class variation is large. Wei et al.[15] comprehensively reviewed
this field and identified discriminative part localization and effective
feature representation learning as its core challenges. In particular, the
difficulty of fine-grained classification arises from the fact that category
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boundaries are determined less by global appearance differences than by
combinations of weak local cues such as texture patterns, color changes,
and micro-structures [15]. This characteristic is directly relevant to ed-
ible insect quality inspection. In practice, early abnormality signs often
appear not as a single obvious defect but as weak and spatially dis-
tributed signals, such as slight discoloration, irregular surface texture,
localized damage, and body-shape imbalance.

Similar phenomena have been reported in fine-grained classification
problems in other agricultural domains. Yang et al.[16] showed that
conventional convolutional neural network features may fail to suffi-
ciently preserve disease-specific texture and color cues in crop disease
classification, and thus argued that structures emphasizing important
local regions are needed. Sun et al.[24] pointed out that existing fine-
grained classification methods often assume that the most discriminative
information will naturally emerge during training, whereas in practice
models may become biased toward more salient differences and fail to
adequately resolve confusion between highly similar categories. Rao et
al.[33] further showed that guiding the model to learn more reliable
attention regions can improve its ability to capture subtle inter-class
differences.

These findings suggest that edible insect quality inspection cannot be
solved simply by using a stronger backbone. The key is not to identify
a single dominant feature, but to preserve and enhance multiple weak
cues that become meaningful only when they appear together across
different representational levels and spatial ranges. Therefore, in sub-
tle abnormality detection, not only backbone capacity but also the way
features are integrated and emphasized becomes critical.

2.3. Feature fusion strategies and the need for nonlinear interaction
modeling

Feature fusion is a core component of modern deep learning mod-
els, and the representational capacity of a model depends strongly on
how fusion is performed. Common fusion strategies in insect and agri-
cultural vision studies include relatively simple linear combinations
such as concatenation, element-wise addition, and weighted summa-
tion [20,34-36]. These methods are computationally efficient and sim-
ple to implement, but they may be insufficient when the discriminative
signal is formed through the interaction of multiple weak visual cues.
Lin et al.[37] pointed out that in nondestructive food quality inspec-
tion, quality-related signals often exhibit high complexity and nonlin-
earity, requiring representation learning that can sufficiently reflect in-
teractions among multiple features. Prunella et al.[21] also emphasized
that, in subtle defect detection, strengthening representational capacity
is more important than simply increasing model scale.

Accordingly, various attempts have been made in fine-grained recog-
nition to incorporate nonlinear feature interactions. Lin et al.[23] ex-
plicitly modeled feature interactions through bilinear CNNs, and Tan et
al.[38] proposed hierarchical bilinear pooling to more effectively cap-
ture multi-level feature relationships. Zhang et al.[18] further argued
that simple linear combinations are insufficient to represent complex
feature dependencies and highlighted the need for nonlinear feature fu-
sion structures. These approaches collectively suggest that nonlinear fu-
sion can provide richer representational capacity than linear aggrega-
tion.

However, such studies have not directly addressed edible insect
quality inspection. Existing insect-domain studies have largely focused
on multi-view or complementary feature combinations [20], machine-
vision monitoring for edible insect production [7,39], lightweight classi-
fier design [34,40], or attention-based enhancement [17,41], while only
limited work has structurally designed nonlinear feature interactions
specifically for subtle abnormality detection [11]. Moreover, although
attention-based enhancement can be effective for selectively emphasiz-
ing important regions or channels, such reweighting alone may be insuf-
ficient to fully capture inter-channel correlations and complex feature
interactions [17]. Because edible insect quality assessment must simul-
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taneously consider weak color variation, subtle texture changes, and
localized morphological abnormalities [11,39], simple linear fusion or
attention-based emphasis alone may be inadequate for representing the
subtle decision boundaries required in this problem [18,23,38]. There-
fore, beyond merely preserving feature presence, this problem requires
a nonlinear fusion strategy that can strengthen interactions among fea-
tures.

2.4. Research gaps and motivation for the proposed framework

Taken together, the existing literature reveals three common lim-
itations that must be addressed for edible insect quality inspection.
First, studies that precisely distinguish normal and abnormal individ-
uals within the same species remain limited in the edible insect domain,
while most prior work has focused on species identification, counting,
population monitoring, or the detection of visually explicit abnormal
signs [25,26,30,35,42]. Although the IP102 benchmark introduced by
Wu et al.[27] provided an important methodological foundation for
insect recognition, a representation learning structure capable of ef-
fectively capturing subtle and heterogeneous abnormal cues, including
early abnormalities, has not yet been sufficiently established in the edi-
ble insect domain.

Second, early abnormality signs in edible insects tend to appear not
as a single salient defect but as combinations of multiple weak visual
cues, including slight discoloration, texture variation, changes in sur-
face gloss, localized damage, and morphological imbalance. This implies
that the discriminative signal is likely formed not by an individual fea-
ture alone but by interactions among multiple cues [15,16,24]. There-
fore, linear fusion that treats each feature contribution as independent or
purely additive, as well as attention-based emphasis that mainly recal-
ibrates feature importance, may be insufficient to adequately highlight
subtle abnormality-related patterns [17,18,37].

Third, although existing nonlinear fusion methods have shown util-
ity in fine-grained recognition, they have not directly addressed prob-
lems such as edible insect quality inspection, where visual cues across
different spatial scales and different nonlinear responses must be con-
sidered simultaneously [18,23,38,43,44]. In other words, prior studies
have partially demonstrated the importance of feature integration in
the insect domain, but they have not sufficiently proposed structures
that jointly incorporate multiple nonlinear responses, multi-scale fea-
tures, and channel-wise refinement for subtle abnormality detection
[7,20,34,35].

Overall, edible insect quality assessment is a fine-grained visual
discrimination problem whose core challenge lies in representation
learning that can effectively amplify and preserve weak visual cues that
become meaningful only when they appear together [15,24,33]. There-
fore, linear fusion or attention-based emphasis alone is not sufficient,
and a strengthened feature fusion structure capable of jointly reflect-
ing multiple nonlinear responses and multi-scale feature interactions is
required [21-23].

3. Methodology
3.1. Dataset and data preprocessing

Dataset Configuration: The dataset consists of images of two repre-
sentative edible insect species, mealworm larvae (Tenebrio molitor) and
flower chafer larvae (Protaetia brevitarsis). Each image contains multiple
individuals, and for each species the dataset includes 1000 abnormal im-
ages and 1000 normal images, for a total of 2000 images. The task is
defined as a binary classification problem, where abnormal is labeled as
1 and normal as 0. The data can be obtained through the link provided
in Section 6.

Data Preprocessing: To preserve the inherent visual characteristics
of real farm environments and evaluate robustness under practical con-
ditions, only minimal preprocessing was applied. All images were loaded
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using OpenCV, and images read in BGR format were converted to RGB
during loading. Then, all images were resized to 256 X 256 to ensure
input size consistency, and pixel values were normalized to the range
of [0, 1] by dividing by 255. Finally, the channel order was converted
from HWC to CHW to match the PyTorch input format, and the result-
ing tensors were used for model training and evaluation. No additional
preprocessing, such as data augmentation, color correction, denoising,
or histogram equalization, was applied. This setting was designed to
evaluate whether the proposed MNFF framework can directly extract
discriminative features from raw images captured in real breeding envi-
ronments. For fair comparison, the same preprocessing procedure was
identically applied to all baseline and comparative models Fig. 1.

3.2. Proposed method

Overall Framework: The proposed framework provides an end-to-
end pipeline for edible insect quality classification, encompassing data
preprocessing, model training, and deployment in Fig 1. Input images
of mealworm and flower chafer larvae are resized and normalized, then
binary-labeled as Normal or Abnormal. A MambaVision-based classifier
is enhanced with the proposed multi-nonlinear feature fusion (MNFF)
framework, which integrates CBAM, multi-scale and depthwise separa-
ble convolutions with multiple nonlinear activations, channel attention,
and skip connections to capture fine-grained morphological variations.
Model robustness and reproducibility were assessed using 3-fold cross-
validation and bootstrap-based confidence interval estimation. For prac-
tical applicability, explainable AI analysis and a web-based application
are incorporated, enabling real-time classification with visual explana-
tions to support transparent and reliable decision-making in large-scale
insect farming environments.

Architecture and Functional Role of the MNFF Framework with
MambaVision: Fig. 2 presents the overall architecture of the proposed
MV-MNFF model, which integrates the multi-nonlinear feature fusion
(MNFF) framework with a MambaVision backbone. The MNFF frame-
work is designed as a feature enhancement module to amplify sub-
tle morphological cues that are insufficiently captured by conventional
backbone representations. Fig. 2a illustrates the internal structure of the
MNFF module.

Given an input feature map, depthwise separable convolution is first
applied to efficiently extract spatial features while maintaining compu-
tational efficiency. Subsequently, a multi-nonlinearity branch processes
the feature map in parallel using three activation functions. GELU pro-
vides smooth and continuous responses to small input variations, en-
abling sensitivity to microscopic morphological changes. ELU stabilizes

feature distributions and facilitates deep feature learning by maintain-
ing non-zero gradients in negative regions, while ReLU enforces sparsity
by suppressing negative activations and emphasizing salient responses.
The resulting nonlinear feature maps are fused via element-wise multi-
plication to jointly represent diverse nonlinear patterns that are difficult
to capture with a single activation function. This multiplication-based
fusion is intended to emphasize discriminative regions that are consis-
tently supported across different nonlinear responses while suppressing
inconsistent activations that are specific to individual branches.

To further enhance spatial representation, multi-scale dilated convo-
lutions with dilation rates d € 1,2,4 are applied independently to each
nonlinear feature branch, yielding effective receptive fields of 3 x 3,
5x5, and 9 x 9, respectively. This design is intended to help the net-
work capture insects with varying sizes and morphological structures.
The multi-scale features are subsequently fused through element-wise
multiplication, reinforcing hierarchical representations by jointly mod-
eling nonlinear characteristics across multiple spatial scales.

Channel-wise feature refinement is then performed using Global Av-
erage Pooling followed by fully connected layers to model inter-channel
dependencies. ReLU activation is applied between the fully connected
layers to introduce nonlinearity into the channel weighting process, and
also at the output stage to suppress negative channel responses and high-
light informative feature channels. Finally, the enhanced features are
combined with the original input through a skip connection, preserving
both fine-grained local details and global contextual information essen-
tial for accurate insect quality classification.

Fig. 2b illustrates the classification head, which consists of three fully
connected blocks, each composed of a linear layer, BatchNorm1d, acti-
vation function, and dropout. LeakyReLU is employed in the first block
to maintain gradient flow for weak features, while ReLU is used in the
subsequent blocks. A dropout rate of 0.5 is applied in each block to
mitigate overfitting. This progressive abstraction transforms the MNFF-
enhanced features into a final binary classification decision.

As shown in Fig. 2¢, the MNFF framework is embedded after the fi-
nal feature extraction stage of the MambaVision backbone. Hierarchical
features extracted by MambaVision are first refined using a CBAM block
to emphasize salient spatial and channel-wise information. The MNFF
module is then applied to capture additional microscopic morphological
variations and texture patterns that may be overlooked by the backbone.
The resulting features are converted into fixed-length vectors via Global
Average Pooling and flattening, and subsequently fed into the classifi-
cation head to predict Normal or Abnormal insect conditions.

Overall, the MNFF framework serves as a modular feature enhance-
ment mechanism that combines multi-nonlinearity, multi-scale spatial
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modeling, channel attention, and residual learning. When integrated
with the MambaVision backbone, it is intended to improve the represen-
tation of subtle visual patterns relevant to industrial-scale edible insect
quality management.

Algorithm Overview of the MNFF Module: Algorithm 1 shows the
entire operational procedure of the MNFF module proposed in this study
in pseudocode format. This module consists of four main steps: first,
depthwise separable convolution (DSC) with multi-nonlinearity (MN);
second, multi-scale dilated convolution (MS) with multi-nonlinearity
(MN); third, channel attention (CA); and finally, skip connection (SC).
This step-by-step design is intended to extract features at different scales,
focus on critical channels, and promote stable gradient flow for preserv-
ing microscopic morphological features in insect images. Specifically,
by simultaneously utilizing the GELU, ELU, and ReLU activation func-
tions at each step, the module is intended to capture diverse nonlinear
properties and combine them through element-wise multiplication.

Phase 1 is a depthwise separable convolution with multi-
nonlinearity. To extract spatial features while maintaining compu-
tational efficiency, the input feature map X € RF>W*Cu first passes
through a depthwise separable convolution with three parallel activa-
tion functions. It is defined as follows:

X; = 0;(Conv,,, (DepthwiseConv;,;(X))), i€ {1,2,3} (€9)]

where ¢, = GELU, o, = ELU, and o5 = ReLU, the three feature maps are
then fused by element-by-element multiplication as follows:

X fusea = X1 0 X, © X5 (©))

In Eq. (2), © represents element-wise multiplication. In Eq. (1), depth-
wise separable convolution can efficiently extract spatial features while
reducing the number of parameters and computational cost compared
with standard convolution. Meanwhile, unlike additive fusion, the mul-
tiplicative fusion in Eq. (2) mitigates the tendency for the fused response
to be dominated by a large activation from a single branch and exhibits

Algorithm 1 Multi-nonlinear feature fusion module.

Require: Input feature map X € R#*WCiu

Require: Output channels C,

out

Ensure: Enhanced feature map Y € R#>*W>Cou

1:

11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:
25:
26:

Phase 1:
Nonlinearity

X,.» < PointwiseConv2D(X,,, C

: X, < GELU(X,,,)
: X, « ELUKX

pw)

: X; < RelU(X,,,)
P Xiusea < X1 00X, 0X5
: Phase 2: Multi-Scale Dilated Convolutions with Multi-

Nonlinearity

: for o € {GELU,ELU, ReLU} do

out>

Depthwise Separable Convolution with Multi-

. X, < DepthwiseConv2D(X, k = 3, padding ="same’)
k=1

D « 6(Conv2D(X 504 Coe k = 3.d = 1))

Df < 6(Conv2D(X .4, C

s ke =3,d =2))

D} < 6(Conv2D(X 504> Cous k =3,d = 4))

F° < Concatenate([D7,D},D]])
end for

quln‘
Phase 3: Channel Attention

 FCELU g FELU g FReLU [ REXWX3Co}

g < GlobalAveragePooling2D(F,,,;,;) {g € R3Cou }

s, < ReLU(Dense(g, C,,,))
s, < ReLU(Dense(s;,3C,,,))

A < Reshape(s,, (1,3C,,;, 1, 1)) {Channel attention weights}

Fow < Founi
Phase 4: Skip Connection

%X A {Channel-wise scaling}

Fiyseq < ELU(Conv2D(F(, Cyy, k = 3, padding = ’same’))

Xkip < Conv2D(X, C,, k = 1)
Y < Frueq +X
return Y

skip
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a soft AND-type gating property that relatively emphasizes locations
where multiple nonlinearity branches simultaneously produce high re-
sponses. This property is advantageous for suppressing noise-like activa-
tions and inducing more stable feature representations when the target
patterns are weak, as in micro-morphological cues.

In addition, gradient propagation through multiplicative fusion can
be derived according to the product rule. Let the shared pre-activation
feature map be denoted by u, and define x; = GELU(u), x, = ELU(u), and
x3 = ReLU(u). The fused representation is then given by x;.q =x; ©
Xy © x3:

IXrused = x, ® x3 ® GELU' (1) + x; ® x3 ® ELU’ (1) + x; © x, ® ReLU’ (u)
ou 2 3 1 3 1 2 .
3)

Eq. (3) shows that the gradient of each branch is scaled by the output
values of the other branches, suggesting that multiplicative fusion can
function as a soft-gating mechanism that reflects the agreement among
branch responses. At the same time, when the output of one or more
branches becomes close to zero at certain locations, the product struc-
ture may cause gradient attenuation, which can potentially lead to op-
timization instability. To alleviate this issue, the proposed module pro-
vides an identity path through the skip connection in Eq. (9), helping
preserve the overall gradient flow even when gradients along the mul-
tiplicative path become weak and thereby improving training stability.

Phase 2 is the multi-scale dilated convolution with multi-
nonlinearity. Three parallel dilated convolutions with expansion coeffi-
cients of 1, 2, and 4 were applied for each activation function to capture
features at different scales:

F? = Concat[Conv]_, (X /seq);
Conv3=2(Xfmd),Conv3=4(Xfmd)] 4)

In Eq. (4), 0 € {GELU,ELU,ReLU}, we then fuse the three multi-scale
feature maps into element-by-element

F — FGELU 10} FELU 1o} FReLU 5)

multi

The connected outputs of Egs. (4) and (5) are intended to incorporate
information from multiple receptive fields to form richer spatial context.

Phase 3 is Channel Attention. To highlight the important channels,
a channel attention mechanism based on Squeeze-and-Excitation (SE) is
applied. First, a GAP is performed for F,,;,;. Then, the global information
of each channel is compressed as follows:

g=GAP(F,,;,), &€& R3Cou (6)

We then model the inter-channel dependence through two fully con-
nected layers:

s; = ReLUW, - g), s, =ReLUW, -s)) )

Where W, € RCu>*3Cu and W, € R3Cu*Cau which is restored after di-
mensionality reduction. We highlight the important channel by multi-
plying the finally learned attention weight A by F

multi*
F, = F i X Reshape(s,, (1,3C,,, 1, 1)) 8)

Phase 4 is the Skip Connection. Finally, a skip connection is applied
to improve learning stability and gradient flow. It fuses the attention-
applied feature map and adds the original input to generate the final
output as follows:

Y = ELU(Conv;,;3(F,,)) + Convy,(X) ()]

The skip connection in Eq. (9) combines the low-level spatial infor-
mation of the original input with the high-level semantic representa-
tion that has undergone multi-layered transformation. This design is
intended to support feature representation for classification tasks that
require precise structural preservation, such as the microscopic morpho-
logical features of insects. In addition, the skip connection provides an
identity path that helps alleviate gradient attenuation that may arise
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from multiplicative fusion, thereby supporting optimization stability
and overall gradient flow.

Loss Function The proposed model is optimized to minimize Cross-
Entropy loss in the learning process. Cross-Entropy loss quantifies the
difference between predictive probability and actual labels and is de-
fined as follows:

N C
1 o
Loss = —~ ; ;1 Vielog(pyo), (10)
In Eq. (10) N is the number of samples, C is the number of classes,
Yi. is the one-hot real label, and p; . is the predictive probability.

3.3. Experimental configuration and training protocol

Data Splitting and Cross-Validation Strategy: To objectively eval-
uate the generalization performance of the model, we first applied ran-
dom shuffling to prevent the sample order from being biased toward a
specific class, and then adopted a stratified 3-fold cross-validation strat-
egy. The entire dataset was first divided into three folds of equal size,
and stratified sampling was applied so that the class ratio remained bal-
anced within each fold. In each iteration, one fold, corresponding to
33.33% of the data, was designated as an independent test set that was
completely excluded from the training process, while the remaining two
folds, corresponding to 66.67%, were combined to form the develop-
ment set. This development set was then split by random sampling into
75% for the training set and 25% for the validation set while preserv-
ing the class ratio. As a result, each experiment was conducted with
an overall ratio of 50% training, 16.67% validation, and 33.33% test
data. This ratio was not manually predetermined but resulted from the
stratified 3-fold cross-validation design. The relatively large test portion
was intentionally retained so that each iteration could be evaluated on a
fully held-out fold with a sufficient amount of unseen data. The effective
training portion became 50% because the remaining development set
was further divided to preserve an independent validation set for model
selection and early stopping, rather than maximizing the training size
at the expense of evaluation independence. The test fold was rotated
across the three iterations, and the final performance was obtained by
averaging the test results from all iterations.

Classification Models: The hyperparameter settings of the classifi-
cation models used in this study are summarized in Table 1. We em-
ployed MambaVision [19], NextViT [46], ResNet [47], DenseNet [48],
and EfficientNetV2 [45] as classification models. For MambaVision and
EfficientNetV2, additional configurations were constructed by integrat-
ing the MNFF framework into each original backbone, namely MV-
MNFF (Our Proposal 1) and EN-MNFF (Our Proposal 2), and their per-
formance was evaluated. In addition, ResNet-18 [47], which showed the
best performance among the comparative models in the prior study of
Mungase et al.[32], was adopted as the prior-work baseline.

Training Strategy: All models were trained using the Adam opti-
mizer and Cross-Entropy loss with a batch size of 32 and a learning rate
of 1 x 1073. The learning rate was kept constant throughout training to
examine stable convergence behavior, and training was conducted for
up to 50 epochs. In addition, early stopping with a patience of 10 was
applied such that training was terminated when validation accuracy did
not improve for 10 consecutive epochs, and the weights corresponding
to the best validation performance were restored. Meanwhile, the prior-
work baseline ResNet-18 was trained by following the model configura-
tion of the original study, using ImageNet pretrained weights, freezing
the convolutional layers, and fine-tuning only the final fully connected
layer.

Hardware and Implementation Details: All experiments were con-
ducted using the PyTorch framework on an NVIDIA RTX A6000 GPU.
Except for the prior-work baseline ResNet-18, all models were trained
from scratch without ImageNet pretrained weights in order to evaluate
their intrinsic feature learning capability, and the default PyTorch ini-
tialization scheme was applied to all network components including the
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Table 1
Hyperparameter settings for the experimental models.

MambaVision-Tiny [19] EfficientNetV2-S [45]

Dimension 80 Backbone dropout 0.2
Input dimension 32 Stochastic depth 0.2
Depths [1,3,8,4] Hidden dimension 512
Number of heads [2,4,8,16] Classifier dropout 0.1
Window size [8,8,14,71

MLP ratio 4

Drop path rate 0.2

Hidden dimension 512
Classifier dropout 0.1

NextViT-Small [46] ResNet-50 [47]

Stem channels [64,32,64] Feature dimension 2048
Depths [3,4,10,3] FC layers [512,512,256]
Path dropout 0.1 FC stack dropout 0.5

Hidden dimension 512
Classifier dropout 0.1

DenseNet-121 [48]

Feature dimension 1024
FC layers [512,512,256]
FC stack dropout 0.5

MV-MNFF (Our Prop. 1)
(Backbone: MambaVision-Tiny)

EN-MNFF (Our Prop. 2)
(Backbone: EfficientNetV2-S)

Dimension 80 Backbone dropout 0.2
Input dimension 32 Stochastic depth 0.2
Depths [1,3,8,4] Hidden dimension 512
Number of heads [2,4,8,16] Classifier dropout 0.1
Window size [8,8,14,71

MLP ratio 4

Drop path rate 0.2

Hidden dimension 512
FC stack dropout 0.5

proposed MNFF module. In addition, the random seed was fixed at 1004
to ensure reproducibility.

Classification Performance Metrics: Balanced accuracy (BA) was
adopted as the primary evaluation metric to ensure fair performance as-
sessment under class-imbalanced conditions, as it equally reflects sensi-
tivity and specificity. To quantify statistical reliability, 95% confidence
intervals for all metrics were estimated using 1000 bootstrap resam-
plings. In addition to BA, model performance was comprehensively eval-
uated using Loss, Precision, Recall, F1 score, AUROC, and AUPR. These
metrics were derived from the confusion matrix components, includ-
ing true positives (TP), true negatives (TN), false positives (FP), and
false negatives (FN). AUROC was used to assess threshold-independent
discriminative ability based on the trade-off between true positive and
false positive rates, while AUPR provided a more informative measure
of positive-class prediction performance, particularly under severe class
imbalance.

Faithfulness Metrics for Visual Explanations: To quantitatively
evaluate the faithfulness of visual explanations generated by XAI meth-
ods, we adopted two types of perturbation-based metrics. First, aver-
age drop% and %increase in confidence proposed by Chattopadhyay
et al.[49] were used to measure confidence changes under single-step
masking. However, because such single-step masking metrics can vary
depending on mask generation, threshold selection, and mask area, we
additionally reported the positive and negative perturbation AUC pro-
posed by Chefer et al.[50]. Perturbation AUC evaluates the confidence
change curve by progressively inserting or removing input regions ac-
cording to explanation importance, thereby providing a complementary
perspective that reduces sensitivity to a single masking configuration
and more robustly assesses explanation faithfulness.

By jointly considering these complementary metrics, the evaluation
captures classification accuracy, robustness to class imbalance, reliabil-
ity across decision thresholds, and the faithfulness of visual explana-
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tions. Formal definitions of all evaluation metrics, including both clas-
sification performance metrics and faithfulness metrics, are provided in
Section 1 of the Supplementary Material.

4. Experimental results
4.1. Overadll classification performance

Classification Performance Evaluation: Table 2 summarizes the
averaged results of 3-fold cross-validation for multiple deep learning
models on the mealworm and flower chafer datasets, comparing the pro-
posed MNFF-integrated models (MV-MNFF and EN-MNFF) with their
corresponding baseline backbones. Detailed per-fold performance re-
sults are provided in the Supplementary Table 2. For mealworms,
all baseline models achieved high performance with BA values above
0.970, where EfficientNetV2 showed the highest BA of 0.987. However,
ResNet-50 and DenseNet-121 exhibited relatively higher loss values, in-
dicating reduced predictive stability. After integrating the MNFF frame-
work, MambaVision demonstrated a clear performance gain, with BA
increasing from 0.970 to 0.989 and average loss decreasing by more
than 50%, whereas EfficientNetV2 showed a marginal BA decrease while
maintaining competitive performance.

For flower chafers, baseline models again showed strong perfor-
mance, with ResNet-50 achieving the highest BA of 0.996. Similar
to the mealworm results, relatively higher loss values were observed
for ResNet-50 and DenseNet-121. With MNFF integration, MambaVi-
sion improved BA from 0.992 to 0.996 and reduced loss by approxi-
mately 34%, while EfficientNetV2 maintained its baseline BA. Across
both datasets, the MV-MNFF model consistently achieved an AUROC of
1.000, indicating excellent discriminative capability. Overall, these re-
sults demonstrate that the MNFF framework effectively enhances clas-
sification accuracy and predictive stability when combined with Mam-
baVision, supporting the suitability of MV-MNFF for robust edible insect
quality assessment in industrial agricultural settings.

4.2. MNFF module analysis

Component-Wise Analysis: Table 3 reports a component-wise eval-
uation of the MNFF module, assessing the individual contributions of
DSC with MN, MS with MN, channel attention (CA), and skip connec-
tion (SC) within MV-MNFF and EN-MNFF using 3-fold cross-validation.
Only the averaged performance across folds is reported in Table 3, while
detailed per-fold results are provided in Supplementary Table 3. For
the mealworm dataset, MV-MNFF showed consistent trends across folds,
where CA achieved the best overall performance, yielding the highest
BA (average 0.996) and the lowest loss, while all other components also
maintained strong performance with BA values above 0.918. In contrast,
EN-MNFF benefited most from DSC with MN, which achieved the high-
est average BA of 0.995, although SC showed fold-dependent superiority
in one split.

For the flower chafer dataset, MV-MNFF primarily benefited from
DSC with MN, achieving the best average BA, with minor fold-level vari-
ations where SC marginally outperformed in one fold. EN-MNFF exhib-
ited more diverse optimal configurations, where MS with MN and SC
achieved the highest average BA of 0.998, highlighting the importance
of multi-scale feature extraction and residual information preservation.
Across all configurations and species, AUROC values consistently ex-
ceeded 0.976, indicating reliable discriminative performance. Overall,
the results demonstrate that while the optimal MNFF component de-
pends on both the backbone architecture and insect species, multi-scale
and multi-nonlinearity-based components consistently contribute strong
and robust performance, validating the effectiveness of the MNFF design
for edible insect quality classification.

Ablation Study: Table 4 summarizes the ablation analysis of CBAM
and MNFF modules. For MV-MNFF, using only one of CBAM or MNFF
led to a modest performance drop, whereas the full configuration
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Table 2

Performance metrics of classification models across all experimental settings (3-fold average performance).
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Model

Balanced Accuracy? (95% CI) Lossl (95% CI)

Recallt (95% CI)

Precisiont (95% CI)

F1 Score? (95% CI)

AUROC? (95% CI)

Mealworm

MambaVision [19]
EfficientNetV2 [45]
NextViT [46]
ResNet [47]
DenseNet [48]

MV-MNFF (Our Proposal 1)
EN-MNFF (Our Proposal 2)

0.970(0.957-0.982)
0.987(0.978-0.995)
0.977(0.965-0.987)
0.982(0.971-0.991)
0.986(0.977-0.995)
0.989(0.982-0.997)
0.981(0.969-0.991)

0.066(0.062-0.069)
0.048(0.042-0.053)
0.060(0.056-0.063)
0.331(0.329-0.333)
0.325(0.324-0.327)
0.032(0.030-0.035)
0.058(0.053-0.063)

0.970(0.957-0.982)
0.987(0.978-0.995)
0.977(0.966-0.987)
0.982(0.971-0.991)
0.986(0.977-0.995)
0.989(0.981-0.996)
0.981(0.970-0.990)

0.971(0.959-0.982)
0.987(0.978-0.995)
0.977(0.965-0.987)
0.982(0.971-0.991)
0.986(0.977-0.995)
0.990(0.982-0.997)
0.981(0.970-0.991)

0.970(0.957-0.982)
0.987(0.977-0.994)
0.977(0.965-0.987)
0.982(0.971-0.991)
0.986(0.977-0.995)
0.989(0.981-0.996)
0.981(0.969-0.990)

0.998(0.996-0.999)
0.998(0.996-1.000)
0.999(0.997-1.000)
0.997(0.994-1.000)
0.999(0.998-1.000)
1.000(0.999-1.000)
0.999(0.998-1.000)

Flower Chafer

MambaVision [19]
EfficientNetV2 [45]
NextViT [46]
ResNet [47]
DenseNet [48]

MV-MNFF (Our Proposal 1)
EN-MNFF (Our Proposal 2)

0.992(0.985-0.997)
0.994(0.988-0.999)
0.989(0.981-0.997)
0.996(0.990-1.000)
0.993(0.986-0.998)
0.996(0.992-0.999)
0.994(0.989-0.999)

0.032(0.027-0.037)
0.018(0.015-0.020)
0.027(0.024-0.030)
0.318(0.317-0.319)
0.321(0.320-0.322)
0.021(0.019-0.023)
0.023(0.021-0.025)

0.992(0.986-0.997)
0.995(0.988-0.999)
0.990(0.981-0.997)
0.995(0.990-1.000)
0.993(0.986-0.998)
0.996(0.992-0.999)
0.994(0.989-0.999)

0.992(0.986-0.997)
0.995(0.989-0.999)
0.990(0.982-0.997)
0.996(0.990-1.000)
0.993(0.986-0.997)
0.996(0.992-0.999)
0.995(0.989-0.999)

0.992(0.985-0.997)
0.994(0.988-0.999)
0.990(0.982-0.997)
0.996(0.990-1.000)
0.992(0.986-0.998)
0.996(0.992-0.999)
0.994(0.989-0.998)

1.000(0.999-1.000)
1.000(1.000-1.000)
1.000(0.999-1.000)
1.000(1.000-1.000)
1.000(0.999-1.000)
1.000(1.000-1.000)
1.000(0.999-1.000)

Table 3
Component-wise comparison analysis of MNFF module components (3-fold average performance).

Model

Only Component BA? (95% CI)

Loss| (95% CI)

Recallt (95% CI)

Precisiont (95% CI)

F1 Score? (95% CI)

AUROC? (95% CI)

Mealworm

MV-MNFF (Our Proposal 1)

EN-MNFF (Our Proposal 2)

DSC with MN
MS with MN
CA

SC

0.989(0.982-0.996)
0.960(0.945-0.973)
0.996(0.991-0.999)
0.988(0.980-0.995)

0.045(0.042-0.047)
0.110(0.105-0.115)
0.021(0.019-0.022)
0.036(0.033-0.040)

0.989(0.981-0.997)
0.960(0.945-0.973)
0.995(0.990-0.999)
0.988(0.981-0.995)

0.990(0.981-0.996)
0.961(0.945-0.973)
0.996(0.990-0.999)
0.989(0.980-0.995)

0.990(0.982-0.996)
0.960(0.945-0.974)
0.995(0.990-0.999)
0.989(0.981-0.995)

0.999(0.997-1.000)
0.992(0.988-0.995)
1.000(0.999-1.000)
0.999(0.999-1.000)

DSC with MN
MS with MN
CA

SC

0.995(0.989-0.999)
0.989(0.980-0.995)
0.986(0.977-0.994)
0.990(0.982-0.995)

0.025(0.023-0.027)
0.031(0.028-0.034)
0.050(0.046-0.055)
0.040(0.038-0.043)

0.995(0.989-0.999)
0.988(0.980-0.995)
0.986(0.977-0.994)
0.990(0.982-0.995)

0.995(0.989-0.999)
0.989(0.980-0.995)
0.986(0.977-0.994)
0.989(0.982-0.995)

0.995(0.989-0.999)
0.988(0.980-0.995)
0.986(0.977-0.994)
0.989(0.982-0.995)

1.000(0.999-1.000)
0.999(0.999-1.000)
0.999(0.997-0.999)
1.000(1.000-1.000)

Flower Chafer

MV-MNFF (Our Proposal 1)

EN-MNFF (Our Proposal 2)

DSC with MN
MS with MN
CA

SC

0.998(0.994-1.000)
0.994(0.987-0.998)
0.991(0.984-0.998)
0.992(0.985-0.997)

0.009(0.008-0.010)
0.021(0.019-0.023)
0.040(0.036-0.043)
0.030(0.027-0.033)

0.998(0.994-1.000)
0.993(0.988-0.998)
0.991(0.984-0.998)
0.991(0.986-0.997)

0.998(0.995-1.000)
0.993(0.987-0.998)
0.992(0.985-0.998)
0.992(0.986-0.997)

0.998(0.995-1.000)
0.993(0.988-0.998)
0.991(0.984-0.997)
0.991(0.986-0.997)

1.000(1.000-1.000)
0.999(0.998-1.000)
1.000(1.000-1.000)
1.000(1.000-1.000)

DSC with MN
MS with MN
CA

SC

0.995(0.990-0.998)
0.998(0.994-1.000)
0.997(0.993-1.000)
0.998(0.995-0.999)

0.029(0.027-0.031)
0.010(0.008-0.012)
0.013(0.013-0.015)
0.010(0.009-0.012)

0.994(0.989-0.998)
0.998(0.994-1.000)
0.997(0.993-1.000)
0.998(0.995-0.999)

0.995(0.989-0.999)
0.998(0.994-1.000)
0.997(0.993-1.000)
0.997(0.995-0.999)

0.995(0.990-0.998)
0.997(0.994-1.000)
0.997(0.993-1.000)
0.998(0.995-1.000)

1.000(1.000-1.000)
1.000(1.000-1.000)
1.000(1.000-1.000)
1.000(1.000-1.000)

Table 4

Ablation study on the effectiveness of CBAM and MNFF modules (3-Fold average performance).

Model

Variant

BA1 (95% CI)

Loss] (95% CI)

Recallt (95% CI)

Precisiont (95% CI) F1 Scoret (95% CI) AUROC?t (95% CI)

Mealworm

MV-MNFF (Our Proposal 1)

EN-MNFF (Our Proposal 2)

Full
w/o CBAM
w/0 MNFF

0.989(0.981-0.997) 0.032(0.030-0.035) 0.989(0.981-0.996) 0.990(0.981-0.997) 0.989(0.981-0.996) 1.000(0.999-1.000)
0.985(0.975-0.993) 0.045(0.041-0.049) 0.985(0.975-0.994) 0.985(0.975-0.994) 0.985(0.975-0.994) 0.999(0.996-1.000)
0.981(0.970-0.990) 0.048(0.045-0.051) 0.981(0.971-0.990) 0.981(0.971-0.990) 0.981(0.971-0.990) 0.999(0.998-1.000)
w/0 CBAM & MNFF 0.988(0.979-0.996) 0.036(0.033-0.039) 0.988(0.978-0.995) 0.988(0.979-0.996) 0.987(0.979-0.995) 0.999(0.998-1.000)

Full
w/o CBAM
w/0 MNFF

0.981(0.970-0.990) 0.058(0.053-0.063) 0.981(0.969-0.991) 0.981(0.970-0.990) 0.980(0.970-0.990) 0.999(0.998-1.000)
0.993(0.986-0.998) 0.025(0.023-0.028) 0.993(0.986-0.998) 0.993(0.986-0.998) 0.993(0.986-0.998) 1.000(0.999-1.000)
0.989(0.980-0.996) 0.030(0.027-0.034) 0.989(0.980-0.996) 0.989(0.981-0.996) 0.989(0.980-0.996) 1.000(0.999-1.000)
w/0 CBAM & MNFF 0.984(0.974-0.993) 0.058(0.053-0.064) 0.984(0.974-0.992) 0.984(0.975-0.993) 0.984(0.974-0.993) 0.998(0.997-1.000)

Flower Chafer

MV-MNFF (Our Proposal 1)

EN-MNFF (Our Proposal 2)

Full
w/o0 CBAM
w/0 MNFF

0.996(0.991-0.999) 0.021(0.019-0.023) 0.996(0.991-0.999) 0.996(0.992-0.999) 0.996(0.991-0.999) 1.000(1.000-1.000)
0.990(0.982-0.997) 0.035(0.032-0.038) 0.990(0.982-0.997) 0.990(0.982-0.997) 0.990(0.982-0.996) 1.000(1.000-1.000)
0.993(0.987-0.998) 0.033(0.031-0.036) 0.992(0.987-0.998) 0.993(0.987-0.998) 0.992(0.987-0.997) 1.000(1.000-1.000)
w/0 CBAM & MNFF 0.995(0.989-1.000) 0.015(0.013-0.017) 0.995(0.989-1.000) 0.995(0.989-0.999) 0.995(0.989-0.999) 1.000(1.000-1.000)

Full
w/0 CBAM
w/0 MNFF

0.995(0.989-0.999) 0.023(0.021-0.025) 0.994(0.988-0.999) 0.994(0.989-0.999) 0.994(0.989-0.998) 1.000(0.999-1.000)
0.997(0.993-0.999) 0.009(0.008-0.010) 0.997(0.992-0.999) 0.996(0.992-0.999) 0.997(0.993-0.999) 1.000(1.000-1.000)
0.998(0.993-1.000) 0.011(0.010-0.012) 0.998(0.993-1.000) 0.998(0.993-1.000) 0.997(0.993-1.000) 1.000(1.000-1.000)
w/0 CBAM & MNFF 0.996(0.992-1.000) 0.011(0.010-0.013) 0.997(0.992-1.000) 0.996(0.992-1.000) 0.997(0.991-1.000) 1.000(1.000-1.000)
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Table 5

Performance comparison across fusion settings (3-fold average performance).
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Fusion Setting BA?t (95% CI)

Loss| (95% CI)

Recallt (95% CI)

Precisiont (95% CI)

F1 Scoret (95% CI)

AUROC? (95% CI)

Mealworm

Both x 0.990(0.982-0.997) 0.029(0.027-0.031)
Upper + 0.984(0.975-0.993) 0.040(0.038-0.044)
Lower + 0.986(0.976-0.994) 0.040(0.037-0.043)
Both + 0.983(0.972-0.991) 0.052(0.048-0.056)

0.990(0.983-0.997)
0.985(0.975-0.993)
0.985(0.976-0.994)
0.983(0.972-0.992)

0.990(0.982-0.997)
0.985(0.975-0.993)
0.986(0.977-0.994)
0.984(0.973-0.992)

0.990(0.981-0.997)
0.984(0.975-0.992)
0.985(0.976-0.993)
0.983(0.972-0.991)

1.000(0.999-1.000)
0.999(0.998-1.000)
0.999(0.998-1.000)
1.000(0.999-1.000)

Flower Chafer

0.992(0.985-0.998)
0.993(0.987-0.998)
0.996(0.992-0.999)
0.993(0.986-0.998)

0.992(0.985-0.998)
0.993(0.987-0.998)
0.996(0.992-0.999)
0.993(0.986-0.998)

0.992(0.985-0.998)
0.993(0.986-0.998)
0.996(0.992-0.999)
0.992(0.985-0.998)

1.000(0.999-1.000)
1.000(0.999-1.000)
1.000(1.000-1.000)
1.000(0.999-1.000)

Both x 0.993(0.986-0.998) 0.024(0.021-0.027)
Upper + 0.993(0.986-0.998) 0.025(0.023-0.028)
Lower + 0.996(0.992-0.999) 0.016(0.015-0.018)
Both + 0.992(0.986-0.998) 0.025(0.023-0.028)
Average

Both x 0.992(0.984-0.998) 0.027(0.024-0.029)
Upper + 0.988(0.980-0.996) 0.033(0.030-0.036)
Lower + 0.991(0.984-0.996) 0.028(0.026-0.030)
Both + 0.988(0.979-0.994) 0.038(0.036-0.042)

0.991(0.984-0.998)
0.989(0.981-0.996)
0.990(0.984-0.996)
0.988(0.979-0.995)

0.991(0.984-0.998)
0.989(0.981-0.996)
0.991(0.984-0.996)
0.988(0.980-0.995)

0.991(0.983-0.998)
0.988(0.980-0.995)
0.990(0.984-0.996)
0.988(0.978-0.994)

1.000(0.999-1.000)
1.000(0.998-1.000)
1.000(0.999-1.000)
1.000(0.999-1.000)

Table 6

Comparison with a prior-work baseline versus the proposed MV-MNFF framework (3-fold average performance).

Model Balanced Accuracy? (95% CI) Loss] (95% CI) Recallt (95% CI) Precisiont (95% CI) F1 Score? (95% CI) AUROC? (95% CI)
Mealworm
ResNet-18 0.984(0.974-0.992) 0.068(0.066-0.070) 0.984(0.974-0.992) 0.984(0.975-0.993) 0.984(0.974-0.992) 0.999(0.997-1.000)

MV-MNFF (Our Proposal 1) 0.989(0.982-0.997)

0.032(0.030-0.035) 0.989(0.981-0.996) 0.990(0.982-0.997) 0.989(0.981-0.996) 1.000(0.999-1.000)

Flower Chafer

ResNet-18 0.995(0.990-0.999)
MV-MNFF (Our Proposal 1) 0.996(0.992-0.999)

0.033(0.032-0.035) 0.995(0.989-0.999) 0.995(0.989-0.999) 0.995(0.989-0.999)
0.021(0.019-0.023) 0.996(0.992-0.999) 0.996(0.992-0.999) 0.996(0.992-0.999) 1.000(1.000-1.000)

1.000(0.999-1.000)

with both modules consistently achieved higher performance than the
single-module variants and the variant without both modules. This sug-
gests that jointly combining feature emphasis and feature fusion can
strengthen the learned representations for subtle cues. In contrast, EN-
MNFF exhibited backbone- and species-dependent behavior: for meal-
worm datasets, the configuration with the MNFF module removed
achieved the best performance, whereas for flower chafer, the config-
uration with the CBAM module removed showed the highest perfor-
mance. Overall, the results confirm that CBAM and MNFF jointly stabi-
lize performance in MV-MNFF, whereas their optimal configuration in
EN-MNFF varies with model structure and insect species.

Fusion Operation Analysis: To further validate the effectiveness of
element-wise multiplication, we compared addition-based variants for
the two fusion stages in the module among the three multiplication op-
erations, excluding the channel attention multiplication, which corre-
sponds to channel-wise reweighting rather than feature fusion. Specif-
ically, for DSC with MN in Eq. (2) and MS with MN in Eq. (5), we
constructed Upper + and Lower + by replacing each stage with ad-
dition, respectively, and Both + by replacing both stages with addition,
and compared them with the original Both x setting. Table 5 shows the
average classification performance under different fusion settings. For
mealworm, the original Both x configuration achieved the best overall
performance across the evaluation metrics. In contrast, the addition-
based variants generally degraded performance, with the largest drop
observed for Both + . For flower chafer, Lower + achieved the best per-
formance on some major metrics, while the original Both x configura-
tion still showed the second-best overall performance. In contrast, Upper
+ and Both + did not show clear improvements over the original Both
x. Overall, Both X achieved the best overall average performance. These
results suggest that element-wise multiplication-based fusion functions
as a more effective feature integration mechanism.

Comparison with Prior-Work Baseline: As shown in Table 6,
the proposed MV-MNFF model outperformed the prior-work baseline
model, ResNet-18, on both mealworm and flower chafer. In particu-

lar, MV-MNFF achieved lower loss and showed consistent improvements
across most classification metrics. These results suggest that the MNFF
framework more effectively reflects subtle morphological differences.

4.3. Robustness analysis

Stability Analysis: Table 7 presents the stability evaluation of the
proposed model under varying Normal-to-Abnormal class ratios for both
mealworm and flower chafer datasets. Only the averaged performance
across folds is reported in Table 7, while detailed per-fold results are
provided in Supplementary Table 4. For mealworm, the model main-
tained consistently high performance across all class distributions, with
average balanced accuracy (BA) ranging from 0.980 to 0.986. AUROC
remained above 0.999 under all conditions, and AUPR remained above
0.995. As class imbalance increased, precision and F1 score showed
slight decreases, with this tendency becoming more noticeable at the
90:10 ratio. Nevertheless, the overall discriminative performance re-
mained stable. The consistently high AUROC and AUPR indicate that
separability between the two classes was preserved across different
class-ratio settings. A similar trend was observed for flower chafer. Av-
erage BA ranged from 0.994 to 0.996, while AUROC and AUPR con-
sistently remained at high levels. Precision and F1 score also showed
slight declines as class imbalance increased, with the reduction becom-
ing relatively larger at the 90:10 ratio. These results demonstrate that
the proposed model is robust to class distribution shifts and can reliably
operate in real farm environments where population ratios may vary
over time.

Sensitivity Analysis: Table 8 summarizes the sensitivity analysis un-
der varying noise levels for the mealworm and flower chafer datasets.
Only the averaged performance across folds is reported in Table 8, while
detailed per-fold results are provided in Supplementary Table 5. For
mealworm, balanced accuracy (BA) remained at or above 0.966 from
noise levels 0.01 to 0.05, indicating stable performance under low-
noise conditions. However, from noise level 0.10 onward, performance
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Table 7
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Stability analysis of model performance under varying class ratios (3-fold average).

Species Ratio BA?T Lossl Recallt Precision? F1 Scoret AUROC?T AUPR?
10:90 0.981 0.049 0.980 0.998 0.989 0.999 1.000
30:70 0.984 0.052 0.980 0.995 0.987 0.999 0.999

Mealworm 50:50 0.980 0.058 0.980 0.981 0.980 0.999 0.999
70:30 0.980 0.057 0.979 0.960 0.969 0.999 0.999
90:10 0.986 0.059 0.991 0.864 0.922 0.999 0.995
10:90 0.994 0.017 0.997 0.999 0.998 1.000 1.000
30:70 0.995 0.020 0.997 0.997 0.997 1.000 1.000

Flower Chafer 50:50 0.994 0.023 0.997 0.992 0.995 1.000 1.000
70:30 0.995 0.027 0.998 0.982 0.990 1.000 0.999
90:10 0.996 0.028 1.000 0.934 0.965 1.000 1.000

Table 8
Sensitivity analysis of model performance under different noise levels (3-fold average).

Species Noise BAt Loss| Recallt Precision? F1 Scoret AUROCT AUPR?T
0.00 0.989 0.032 0.990 0.989 0.989 1.000 1.000
0.01 0.989 0.035 0.990 0.989 0.989 1.000 1.000

Mealworm 0.05 0.966 0.092 0.939 0.993 0.965 0.998 0.998
0.10 0.782 0.855 0.565 0.999 0.616 0.988 0.986
0.20 0.591 6.872 0.182 0.667 0.242 0.873 0.849
0.00 0.996 0.021 0.998 0.994 0.996 1.000 1.000
0.01 0.994 0.025 0.998 0.989 0.994 1.000 1.000

Flower Chafer 0.05 0.809 1.376 1.000 0.788 0.865 0.998 0.997
0.10 0.650 7.192 1.000 0.635 0.761 0.753 0.725
0.20 0.558 16.923 1.000 0.535 0.696 0.666 0.666

Table 9

Quantitative faithfulness evaluation results of XAI methods (3-fold average performance).

Curve-based

Single-step

Species Method
Pos. Pert. AUC| Neg. Pert. AUC?T Avg. Drop%)| % Incr. in Confidence?

LIME 47.57 76.00 6.43 39.65

Mealworm SHAP 40.17 75.44 49.94 26.00
Grad-CAM 70.19 65.78 49.97 25.50
Saliency Map 40.26 75.78 43.68 26.75
LIME 46.25 77.41 9.81 15.15

Flower Chafer SHAP 40.00 66.08 50.24 23.40
Grad-CAM 69.96 66.45 49.7 23.85
Saliency Map 40.01 69.69 50.42 23.55

dropped markedly, with BA decreasing to 0.782, recall to 0.565, and
F1 score to 0.616. According to the per-fold results in Table S5, this
degradation was strongly influenced by a sharp decline in fold 2. AU-
ROC and AUPR also tended to decrease as noise increased, although the
decline was relatively limited, remaining at 0.873 and 0.849, respec-
tively, even under the highest-noise condition. For flower chafer, the
overall pattern of performance degradation was similar to that of meal-
worm, although the decline across metrics showed some differences. At
noise level 0.01, BA remained high at 0.994, but performance deterio-
rated rapidly as the noise level increased from 0.05 to 0.20. According to
Table S5, the declines observed at noise levels 0.05 and 0.10 were also
substantially influenced by inter-fold variability. Unlike mealworm, AU-
ROC and AUPR for flower chafer decreased substantially as well, indi-
cating a more pronounced loss of discriminative ability. In addition, the
near-constant recall of 1.000 at noise levels of 0.05 and above appears
to reflect overprediction of the positive class rather than true robust-
ness, which is consistent with the concurrent declines in precision and
BA. Overall, the proposed model maintained stable performance under
low levels of input noise, but performance degradation became evident
under high-noise conditions, with the pattern differing by species. These
results indicate both the robustness and the limitations of the model and
suggest that changes in input quality should be considered in real-world
deployment.
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4.4. Explainability analysis

Qualitative Visual Explanations: Fig. 3 presents the explainabil-
ity analysis of the proposed MV-MNFF model using Grad-CAM, Saliency
Map, LIME, and SHAP. To enhance robustness, the visual explanation re-
sults were averaged across the three folds. For normal samples of both
mealworm and flower chafer, all XAI methods consistently highlighted
the insect body regions, suggesting that the model primarily relied on
object-centered morphological features rather than background cues.
Grad-CAM and LIME emphasized the insect regions as the main con-
tributing areas, while SHAP and Saliency Map additionally revealed lo-
calized pixel-level relevance around the insect body. In contrast, for ab-
normal samples, Grad-CAM and LIME exhibited more spatially dispersed
activations, suggesting that the evidence at the object level was weak-
ened or appeared less consistently. By comparison, SHAP and Saliency
Map maintained relatively clearer localization over the insect regions.
These differences imply that abnormal conditions may be characterized
by subtle or spatially distributed cues, and that such cues are captured
differently depending on the XAI method.

Quantitative Faithfulness Evaluation: To quantitatively support
the visualization-based observations, Table 9 presents a comparative
evaluation of the faithfulness of visual explanations generated by dif-
ferent XAI methods using positive and negative perturbation AUC,
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W)

Fig. 3. Explainable Al visualizations of the MV-MNFF. (a) Normal Mealworm, (b) Abnormal Mealworm, (c) Normal Flower Chafer, (d) Abnormal Flower Chafer, (i)

Original Image, (ii) Grad-CAM, (iii) LIME (iv) SHAP, (v) Saliency Map.

average drop%, and %increase in confidence. Overall, the patterns of the
best-performing methods were similar for mealworm and flower chafer,
indicating that the quantitative evaluation results were relatively con-
sistent across species. In the curve-based evaluation, SHAP achieved the
lowest positive perturbation AUC for both species, indicating that pre-
dictions were most sensitive to the removal of important regions, while
LIME achieved the highest negative perturbation AUC, suggesting that
predictions remained relatively stable when less important regions were
removed. In this regard, Grad-CAM showed noticeably higher positive
perturbation AUC and relatively lower negative perturbation AUC for
both species, displaying an outlier tendency with more limited faith-
fulness than the other methods from a curve-based perspective. In the
single-step evaluation, SHAP, Grad-CAM, and Saliency Map showed sim-
ilar levels of average drop% across both species, whereas LIME produced
a markedly lower average drop% in both cases, indicating that its high-
lighted regions alone caused the smallest decrease in prediction con-
fidence. For %increase in confidence, LIME showed the highest value
for mealworm, whereas for flower chafer LIME was relatively lower
and Grad-CAM showed the highest value, suggesting that confidence
gains varied across methods depending on species. Taken together, these
quantitative findings indicate an overall consistent pattern of faith-
fulness, while also revealing metric-dependent differences among XAI
methods, with Grad-CAM showing an exceptional tendency in the curve-
based evaluation and LIME standing out in the single-step evaluation.
Overall, the quantitative faithfulness evaluation in Table 9 supports that
the visual patterns observed in Fig. 3 are not merely qualitative im-
pressions but are aligned with changes in model output. In particular,
the recurrence of similar best-performing methods across both species
strengthens the reproducibility and reliability of the visualization-based
explanations. Therefore, the XAl visualization results provide persuasive
evidence for the decision basis of MV-MNFF and support its explain-
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ability and practical trustworthiness in industrial edible insect quality
assessment.

4.5. Web application prototype

Prototype Demonstration: A web-based application prototype was
developed to demonstrate the practical feasibility of the proposed
model; details and visual examples are provided in Supplementary
Fig. 3.

5. Discussion

We proposed a novel Multi-Nonlinear Feature Fusion (MNFF) frame-
work for binary quality classification of edible insects and implemented
it as MV-MNFF by integrating the framework with a MambaVision back-
bone. In this section, we discuss how the proposed MNFF framework
differs from existing multi-branch architectures, whether the observed
performance gains justify the added architectural complexity, and what
limitations and future research directions remain, from both method-
ological and practical perspectives.

Methodological significance of the MNFF framework: The
methodological significance of the MNFF framework lies not simply
in adopting a multi-branch structure, but in how post-backbone fea-
ture processing is organized within MV-MNFF. After MambaVision ex-
tracts hierarchical features, the proposed framework first refines salient
representations through CBAM, then strengthens interactions among
weak morphological cues through the MNFF module, and finally maps
the enhanced representation to a binary decision through a dedicated
classification head. In this sense, the proposed framework differs
from conventional multi-branch architectures not merely by increasing
branch diversity, but by assigning distinct functional roles to successive
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components. Within this framework, the core methodological novelty is
concentrated in the MNFF module. Unlike conventional approaches that
merge parallel branch outputs through simple addition or concatena-
tion, the MNFF module introduces multi-nonlinearity at two successive
stages. The first stage applies multi-nonlinearity after depthwise separa-
ble convolution, and the second applies it after multi-scale dilated con-
volution. At both stages, GELU, ELU, and ReLU responses are generated
in parallel and fused through multiplicative fusion, enabling the model
to emphasize responses that are jointly supported across nonlinear acti-
vations and receptive fields. In addition, channel attention recalibrates
informative channels, while skip connections preserve low-level spatial
information and alleviate optimization instability that may arise from
multiplicative fusion. Therefore, the contribution of the MNFF frame-
work lies not in branch proliferation itself, but in an interaction-aware
design that progressively combines feature refinement, nonlinear inter-
action modeling, and decision-oriented representation learning. This in-
terpretation is also consistent with the ablation and fusion analyses,
where configurations preserving multi-nonlinearity and multiplicative
fusion generally showed stronger and more stable overall performance
than simpler alternatives. At the same time, because the magnitude of
improvement was not uniform across all settings, the added architec-
tural complexity is most meaningfully interpreted in conditions where
weak and spatially dispersed morphological evidence must be explicitly
reinforced.

Performance gains and practical implications: The proposed
framework showed consistent performance improvements for both in-
sect species, with a larger gain for mealworm and a smaller but stable
gain for flower chafer. In addition, MV-MNFF achieved superior over-
all performance not only relative to the baseline MambaVision but also
compared with the prior-work baseline ResNet-18, particularly through
lower loss and improved balanced accuracy for both species. Specifi-
cally, relative to MambaVision, balanced accuracy improved from 0.970
to 0.989 for mealworm and from 0.992 to 0.996 for flower chafer, while
the comparison with ResNet-18 further confirmed that the proposed
framework remained competitive against a strong prior benchmark. Ro-
bustness analyses also showed that MV-MNFF maintained relatively sta-
ble performance under class-ratio shifts, with BA values ranging from
0.980 to 0.986 for mealworm and from 0.994 to 0.996 for flower chafer
across class ratios from 10:90 to 90:10. In contrast, sensitivity to noise
differed by species. For mealworm, performance remained relatively sta-
ble at noise levels of 0.01 and 0.05, but declined substantially from 0.10
onward. For flower chafer, degradation became evident at noise level
0.05 and became more pronounced at 0.10 and 0.20. These results sug-
gest that the proposed framework can operate reliably under moderate
perturbations, but still shows vulnerability under severe visual corrup-
tion, particularly for flower chafer.

The practical value of the proposed framework is further supported
by the explainability analysis. Qualitative visualizations showed that
model predictions were primarily driven by insect body regions rather
than background noise, and this observation was further supported by
quantitative faithfulness evaluation. LIME showed the most consistently
favorable results for both species in terms of negative perturbation AUC
and average drop%, whereas SHAP achieved the best performance in
positive perturbation AUC, indicating that different XAI methods pro-
vide complementary strengths. Overall, these findings suggest that MV-
MNEFF offers not only improved predictive performance, but also the
practical trustworthiness required for transparent screening and field-
level decision support in industrial-scale edible insect farming.

Limitations: Several limitations should be acknowledged. First, this
study was limited to two edible insect species under a binary normal-
abnormal classification setting, and thus did not directly establish gener-
alizability to a wider range of species or more fine-grained abnormality
categories. Second, although MV-MNFF consistently outperformed the
baseline MambaVision and the prior-work baseline ResNet-18, the abla-
tion results suggest that the effectiveness of the proposed modules varies
depending on backbone architecture and species characteristics. In par-
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ticular, the comparable performance of some reduced configurations in-
dicates that the added architectural complexity of the framework does
not necessarily translate into equally large performance gains under all
conditions. Third, the robustness analyses were conducted using syn-
thetic noise perturbations and controlled class-ratio shifts, which may
not fully capture the complexity of real farm environments. Fourth, al-
though explainability was quantitatively evaluated using multiple faith-
fulness metrics, these measures remain indirect indicators and therefore
cannot fully guarantee that the generated explanations correspond to
the true causal basis of model decisions. Finally, while the web-based
prototype demonstrated practical feasibility, its real-time operational ef-
ficiency and long-term stability in actual farm environments were not
systematically validated.

Future directions: Future work should extend the proposed frame-
work to a wider range of edible insect species and more fine-grained
abnormality categories beyond the current binary setting. External vali-
dation under diverse farm environments, imaging conditions, and breed-
ing densities will also be necessary to assess real-world generalizability.
For practical deployment, computational efficiency, lightweight model
design, and real-time inference should be further investigated. In addi-
tion, integrating uncertainty-aware prediction and temporal or object-
level analysis may further improve the reliability of early abnormality
screening and decision support in industrial-scale insect farming.

6. Conclusion

We presented two complementary approaches for edible insect qual-
ity classification: a flexible Multi-Nonlinear Feature Fusion (MNFF)
framework and its instantiation as a binary classifier, MV-MNFF, based
on the MambaVision backbone. The MNFF framework integrates CBAM,
a task-specific classification head, and a novel MNFF module that com-
bines depthwise separable convolution with multi-nonlinearity, multi-
scale dilated convolution with multi-nonlinearity, channel attention,
and skip connection, enabling effective representation of fine-grained
morphological characteristics in edible insects.

Experimental evaluations showed that MV-MNFF consistently
achieved superior classification performance for both insect species. Sta-
bility and sensitivity analyses further indicated that the proposed model
remained relatively stable under class-ratio shifts and low-to-moderate
noise conditions, while substantial degradation emerged under high-
noise settings, particularly for flower chafer. From an explainability
perspective, multiple XAI methods and quantitative faithfulness-based
evaluation verified that the model’s predictions were primarily driven
by insect body regions rather than background artifacts. In addition, a
web application prototype demonstrated the potential practical utility
of the proposed approach in farm environments.

Overall, the proposed MNFF-based framework provides a robust, ex-
plainable, and practically deployable solution for data-driven edible in-
sect quality management in agricultural settings.
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